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Self-organizing map (SOM) has been used in protein folding prediction when the HP
model is employed. The existing work uses a square-like shape lattice with l = m × n
points to represent the optimal compact structure of a sequence of l amino acids. In this
paper, a general l -size sequence of amino acids is self-organized in a two dimensional
lattice with l (> l ) points. The obtained minimum conﬁguration then has a ﬂexible
shape, in contrast to the compact structure limited in the lattice. To fulﬁl this extension,
a new self-organizing map (SOM) technique is proposed to deal with the diﬃculty of
the unsymmetric input and output spaces. New competition rules in the training phase
are introduced and a local search method is applied to overcome the multi-mapping
phenomena. Several HP benchmark examples with up to 36 amino acids are tested to
verify the eﬀectiveness of the proposed approach in this paper.
Keywords: Protein folding; artiﬁcial neural networks; self-organizing map; designability;
HP lattice.

1. Introduction
A protein is a sequence of amino acid residues in its rudimentary level (or, say the
primary structure), which collapses into its tertiary structure (or, native state)
by some folding kinetics. Since determining the tertiary structure in a threedimensional space experimentally is diﬃcult and time consuming,1 and moreover,
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the folding kinetics is a complicated problem, many groups are working on computational methods for predicting the native state of a protein from its primary
structure.
In presenting a model to realize the prediction process, it is believed that the
interactions between various amino acids in the sequence are the dominant factors
that determine the global structure of a protein. As to the details of “interactions”, there are two kinds of interactions: short-range interactions (or local interactions) produced by the neighbors in the sequence, and long-range interactions (or
non-local interactions) by all the amino acids in the sequence if we neglect their
biological/chemical meaning.2 Dill and his colleagues stated convincingly in their
review paper that the non-local interactions play the dominant role in the encoding
of proteins in both the compactness and speciﬁc architecture.2
Based on such assumptions, a “simple exact model” (or simple model for short),
introduced by Lau and Dill in 1989,3 has been used to predict the main properties
in protein folding when a primary sequence is given. The simple models exploit
a fact that the twenty diﬀerent amino acids in a protein can be divided into two
classes: hydrophobic/nonpolar (H) and hydrophilic/polar (P). Thus, a primary protein sequence is represented as a sequence of H points and P points, which is called
the HP model4 or a two-letter alphabet model,5,6 where the alphabet size means
the number of diﬀerent kinds of amino acids in the model. In the HP model, (1) the
contacts between H points are favorable, i.e., H-H contacts decide the main structure of the protein while P points are in the subsidiary positions; and (2) by the
terms of “hydrophobic” and “hydrophilic”, the H amino acids like to be away from
the water but the P amino acids like to be near the water in the protein’s environment. Then, as pointed by many researchers, the ideal structure for a protein
is to maximize the number of H-H contacts such that the H points are buried in
the whole globular protein and the P points are located in the surface to be with
the water molecules, which implies the compactness of the protein structure. In
other words, the HP model delineates a combinatorial optimization problem: given
a sequence of H and P points, put it in a three-dimensional lattice with the original
ordering of the H, P points unchanged and the number of H-H contacts maximized.
The simpliﬁed protein structure problem by the HP model is an NP-complete
problem, even for a two-dimensional lattice.7 So far, many approximation methods
have been adopted in this area. In particular, a self-organizing network, one of the
artiﬁcial neural network models, as a powerful approximation method has been
appeared in several papers related with the HP model.
Self-Organizing Map (SOM)8,9 was used in two-dimensional simple exact model
to predict protein structure by Yanikoglu and Erman.1 In their work, a primary
protein chain with l = m × n amino acids was embedded in a two dimensional
m × n lattice with maximum number of H-H contacts. Their algorithm is similar
to the KNIES of Altinel et al10 . In their paper, three amino acid sequences (model
proteins) are used to numerically conﬁrm the eﬃciency of the SOM. They was
found that its running time is linear with the sequence length, and that the global
maximum H-H contacts conﬁgurations (or the minimum energy conﬁgurations) are
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found for all the test cases. However, they also pointed out that these cases are
special situations since for each case the lattice size, i.e. its length and width, is
predetermined and the sequence exactly ﬁlls whole lattice points. In other words,
since the size of the folding space is exactly as same as the number of amino acids,
their algorithm only gives a compact rectangular structure (R) and is unapplicable to the protein sequence with arbitrary length and shape, i.e. non-rectangular
structure (NR).
From the viewpoint of applications of HP model, it is not natural to limit the
native state to be a square, a rectangle or some predetermined shape. Therefore, by
extending the conventional HP model, this paper aims to propose a general model
with the number of lattice points larger than the number of amino acids, based on
the SOM technique. Since the folding space is enlarged, a given sequence with arbitrary number of amino acids folds up in a spacious lattice to its optimal structure
without restrictions, according to the minimum energy principle. In other words,
we can expect to obtain a ﬂexible (e.g. non-rectangle or non-compact) and high
designable structure with a diﬀerent shape to the conventional approaches, because
the folding structure of a given sequence is not restricted by the predetermined
lattice shape but simply determined by the energy minimization. Next, in Sec. 2,
we describe the new SOM algorithm to such a general problem of the HP model.
Although a HP conformation in a lattice represents an abstract protein structure, the lattice model generally cannot exactly predict the real folding structure
but rather derives the essential rules due to the simpliﬁed nature of the HP model.
In particular, for a 2D lattice that is eﬃcient to study thermodynamical process
of molecules, a conﬁguration may be far from the real protein structure. To evaluate the conformation of a lattice model, the designability of a structure is introduced and is deﬁned as the number of sequences that have this structure as their
non-degenerate ground state or as their unique lowest energy state.5,6,11 Highly
designable structures are likely to be thermodynamically stable, are likely to be
stable against point mutation, and have protein-like motifs.5,6,11 In addition, these
structures represent attractive targets for protein design. Therefore, to evaluate
the proposed method, besides benchmark examples, comparisons of designability
between the compact rectangular structures restricted in the lattices and the nonrectangular compact structures are also provided in the numerical simulation of
Sec. 3. Finally, we conclude the paper by giving several general remarks in Sec. 4.

2. A New SOM Method
The idea of applying the SOM algorithm in protein structure prediction originates
from the eﬃcient performance of SOM algorithm for the Travelling Salesman Problem (TSP). In fact we can decompose the procedure of ﬁnding a global energy
minimum structure of HP model into two steps. The ﬁrst is to ﬁnd a feasible solution, i.e. to embed the amino acid chain into the lattice. The second step is to reduce
the energy based on local search scheme by incorporating heuristic information.
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It should be noted that the shortest Hamilton path formulation may be more
suitable than TSP formulation due to a non-loop sequence chain of the given protein
with two ends. However as for the computation method by the SOM algorithm,
these two problems have similar computation procedure,10 which is the main reason
why we still choose a TSP model to describe such a problem.
When a protein chain completely ﬁlls all of the lattice to be a compact structure, i.e. the amino acids has the same number as that of the lattice points, the
requirement of a feasible solution is imbedding all the amino acids to the lattice
points, exactly one amino acid maps to one point. If we deﬁne the distance dij
between two amino acids (xi , yi ) and (xj , yj ) as
dij = |xi − xj | + |yi − yj |,

(1)

then the procedure ﬁnding the feasible solution in lattice can be abstracted to a
TSP problem. However, such a TSP model is not appropriate if the protein chain
is put into a bigger lattice, which usually results in a diﬀerent shape from the
compact rectangular structure. Since only some of the lattice points need to be
visited, a generalization of the Travelling Salesman Problem to this case is called
Price Collecting Travelling Salesman Problem (PCTSP).12
Favata and Walker13 modiﬁed Kohonen’s SOM to solve the TSP, and the simulation results show that their algorithm is capable of rapidly computing approximate
solutions. The SOM algorithm in this paper for HP model is based on the simple
Favata–Walker updating rule. Speciﬁcally, the network model consists of two layers.
The ﬁrst layer has three neurons, two of which, x1 and x2 , represent the coordinates of the cities (lattice points), and the third one x3 is a normalizing variable to
eliminate colinearity of the cities. Correspondingly, each city “j” as the sample of
the input is represented by a vector
Qj = (xj1 , xj2 , xj3 )T .

(2)

The second layer has n neurons in a circle to indicate the visiting order to the cities.
The detailed Favata–Walker SOM algorithm is described in Appendix B.
2.1. Incorporation of HP information
How to incorporate the HP information in the training phase is one of the
most important tasks to solve the HP model using the new SOM algorithm. In
Yanikoglu’s SOM solver, the training phase can be independently partitioned into
three parts, where the ﬁrst two try to embed every amino acid into one lattice point,
simuntaneously keeping the sequence of the amino acids unchanged. The third part
tries to make all the H points attract each other. In this phase, one can incorporate
heuristic information according to the speciﬁc conformation of the protein chain.
Actually, such information is helpful for the early convergence to the given lattice.
In our new SOM algorithm, we simplify the training phase into two parts. In
the ﬁrst part, the classical TSP update rule of the Favata–Walker algorithm is
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applied, i.e. the chosen amino acid moves closer to its teacher lattice point as well
as its neighbors in the sequence. This local force keeps the bond connection of the
protein sequence. Suppose that Qk is the current input vector (lattice point) and
that winner is the chosen amino acid to be trained according to the competition
rule (see Appendix B). The weight vector of the winner and its neighboring amino
acid i on the HP sequence are updated by following equations.
W winner (t + 1) :=

W winner (t) + α(Qk − W winner (t))
,
W winner (t) + α(Qk − W winner (t))

(3)

and
W i (t + 1) :=

W i (t) + eβ α(Qk − W i (t))
,
W i (t) + eβ α(Qk − W i (t))

(4)

where α and β are training parameters. The range of neighborhood is determined
by a parameter d, which decreases to zero when the algorithm proceeds.
In the second part, the remote force between every two amino acids is incorporated. We use three parameters λ, µ and ν to control the power of the forces
between H-H pair, H-P pair and P-P pair respectively. Suppose that W i is the
weight vector of the ith amino acid. Then, we adjust the other amino acids’ weight
vectors according to the following rule:
W i (t + 1) :=

W i (t) + η(t)(W i (t) − W winner (t))
W i (t) + η(t)(W i (t) − W winner (t))

(5)

where


λ(t), if amino acid i and the winner are both H type,
η(t) = µ(t), if amino acid i and the winner belong to diﬀerent types,

ν(t), if amino acid i and the winner are both P type.

(6)

Also, we introduce another parameter Nt to control the eﬀect of the force between
every two amino acids in the training phase. The forces between two diﬀerent
amino acids are applied at every Nt iterations, i.e. by adjusting Nt , we can decide
the frequency of the HP forces to be applied.
When a protein folds in a larger space or lattice, clearly it is possible to get a
conﬁguration with a lower energy in contrast to the compact rectangular structures
with speciﬁc lattice shapes. At the same time, the obtained results may be more
biophysically meaningful because the algorithm can ﬁnd more ﬂexible structures
with high designability. However, the application of SOM algorithm encounters
algorithmic and computational diﬃculty. Since in this case the number of lattice
points is larger than the number of amino acids, some points in the lattice will
not be visited. But during the computational iterations of SOM, the amino acids
(nodes of the SOM) are apt to cover the whole input space (lattice), an amino acid
is often located between two or more lattice points. To overcome such a problem in
this paper, we modify the training procedure by introducing the learning sample set
partition and learning sample set reduction strategies and a local search procedure
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which are applied at the end of the training phase. We will describe them in details
in next section.

2.2. Initialization
Given a protein chain of n amino acids, of which the number of hydrophobic amino
acids (H) is n1 . Hence, the number of hydrophilic amino acids (P) is n − n1 . Denote
JH = {j : j ∈ J = {1, . . . , n} and the jth amino acid is hydrophobic}.

(7)

Set a lattice L with m points (cities) where m > n. Suppose that m = p × q
where p, q are odd numbers as shown in Fig. 1. For each point i in L, denote its
coordinates as (xi , yi ), where i = 1, . . . , m, xi ∈ {0, ±1, ±2, . . . , ± p−1
2 }, and yi ∈
}.
The
given
protein
chain
will
be
embedded
in
the lattice L
{0, ±1, ±2, . . . , ± q−1
2
with its n1 H-amino acids in a smaller lattice L1 as small as possible, as shown in
Fig. 1. L1 locates in the center of L with the number of points nearly equal to n1 .
Each point in L is a city. The distance between two cities is deﬁned as Eq. (1) where
dij = dji .
Based on the coordinate matrix and normalizing formula, we have
Q1 , Q2 , . . . , Qm as sample vectors for a SOM with 3 neurons in the input layer
and n neurons in the output layer. The m learning samples show the dimension
of the m lattice points whereas the n neurons in the output layer represent the
n amino acids in the studied protein. At a ﬁnal result, amino acid j occupies the
lattice point i if the neuron j in the output layer wins when Qi comes to the network as a sample. For the 3 × n weight matrix W , initial value of its column W j
for j ∈ JH is randomly given from the Qi s in L1 . On the other hand, the other

L
L1

Fig. 1. A lattice model for protein folding.

April 6, 2005 8:25 WSPC/185-JBCB

00110

Exploring Protein’s Optimal HP Configurations by Self-Organizing Mapping

391

initial values of W j s are randomly given from Qi s in L \ L1 , where L \ L1 means
that the remaining lattice of L by excluding L1 .
2.3. Set partition strategy of learning sample set
In the classical SOM algorithm for TSP, every city must be a trainer once in every
iteration of training. But when the number of lattice points is greater than that of
the amino acids, how to choose properly some of trainers from the large learning
sample set to avoid negative eﬀect of abundant lattice points? We propose a partition method to address this problem. At the beginning of each training iteration, we
partition the lattice point set into several groups. The number of groups just equals
the number of amino acids. Then every amino acid can choose a lattice point as
its trainer. In the trainer choosing scheme, a deterministic annealing procedure14 is
introduced. At the initial training iterations, where the temperature is high, every
lattice point in the same group has the same probability to be chosen as an input
sample. But as the temperature is slowly reduced, the trainer begins focusing only
on one lattice point as its teacher, and thereby the whole SOM network converges
to a stable state gradually. The detailed algorithm is given in Appendix C.
2.4. Reduction strategy of learning sample set
This strategy is to prevent over-learning the redundant samples. At the beginning
of the iterations, due to larger number of the lattice points (cities) in L, the n amino
acids can take conﬁgurations freely in L. Whenever the n amino acids become to
locate in the center area of L gradually, the boundary cities in L as samples will
make the convergence unnecessarily unstable in the learning process. However, with
this step, we gradually reduce the size of learning sample set, i.e. the size of the
lattice, to alleviate such a problem. Appendix D gives a detailed description of the
algorithm.
2.5. Local search procedure
Multi-mapping problem is a main drawback of the original SOM algorithm15 for
the HP lattice model. Multi-mapping means that there are two or more cities are
mapped onto the same output neuron when the training phase is ﬁnished. It also
gets worse when the learning sample set is big. In the TSP framework, the reason
of this phenomenon is interpreted as that the network does not care about the local
ordering of these cities in the solution.13 But in the HP model, the conformation is
invalid if any two lattice points map to the same amino acid. To overcome the multimapping problem, in the thesis by Wu,15 a new linear search method is proposed
when applying the SOM algorithm to the TSP problem. The result shows that
this method is eﬃcient in ﬁnding a good solution locally when the network is converged. In this paper, we further modify such a method to a new environment of the
HP lattice model. The detailed algorithm is given in Appendix E.
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3. Numerical Results
We ﬁrst use several benchmark examples to test ability of the proposed method
for protein structure prediction in Sec. 3.1, and then evaluate the designability by
numerical simulation for compact rectangular and non-rectangular structures in
Sec. 3.2.
3.1. Simulation of benchmark examples
To assess the new SOM algorithm for 2-dimensional HP model, we applied the
algorithm to several test sequences, including the sequences from the paper by
Yanikoglu and Erman1 and HP benchmark16 as well as some generated sequences.
The same parameters were used in all experiments. For each sequence, the algorithm run 2000 times and there were 2000 training iterations in every run. At the
end of training phase, the local search method was applied and the number of
H-H pairs was recorded. The detail parameters are given in Appendix F. To solve
TSP by the SOM, the feasibility of a solution is not generally guaranteed by the
algorithm. In the numerical results, some runs end with bad mappings in which the
protein connections are broken or mis-connected. The larger the size of problem,
the more the number of bad results. In numerical simulation, we simply discard
those bad results. Nevertheless, in practice, the algorithm, for example in 2000
runs, usually ﬁnds some feasible (good) solutions and several of them have lowest
energy conﬁgurations.
Note that if the lattice is not big enough, i.e. m > n but without proper redundancy, it will limit the self-organizing process of the protein sequence. On the other
hand, if the lattice is too big, the multi-mapping problem will result in unsatisﬁed
solutions. In numerical experiments, we ﬁnd that it is appropriate to make the lattice 50–100% bigger than the length of the sequence although it depends on the
constitution of HP sequence, e.g. the number of H type amino acid residues.
In Figs. 2–5, the black beads denote the H’s and the white beads denote the P’s.
The bold line represents the covalent bond between adjacent amino acids and the
light line is the edge of lattice. The results of experiment demonstrate the following
four main features of the proposed algorithm:
(i) The ability to search a complete set of optimal solutions. The ﬁrst
sequence with length 20 comes from the paper of Yanikoglu and Erman,1 as shown
in Fig. 2. We embedded the HP sequence of length 20, HHHHHPHHHHHHPHHHHPHH, to the 7×7 lattice. We ﬁnd not only all the corresponding native structures
listed in their paper, but also a brand new conformation, as shown in Fig. 2, due
to the bigger lattice with free space to generate new structure.
(ii) The ability to handle arbitrary length protein. In order to test the
ability of new algorithm to deal with arbitrary length sequence, that is, the length
l is not necessarily to be the product of two integers p and q, a new HP sequence
with 17 amino acids is constructed, which results in a non-rectangle structure.
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Fig. 2. A brand new minimum energy conﬁguration of the ﬁrst sequence listed in the paper by
Yanikoglu and Erman.

Fig. 3. The two selected minimum energy conﬁgurations of length 17, which are self-organized in
5 × 5 lattice.

Since this sequence cannot be put into a regular lattice, it is out of the limit of
the conventional algorithms, as such one in the paper of Yanikolgu and Erman.1
The sequence is HPPHHPPHHPPHHPPHH and it can be proved that the optimal
structure is unique regardless of symmetric transformation. In the numerical test,
the optimal solution is found easily, and is shown in Fig. 3.
(iii) No limitation of protein shapes. Some sequences of HP benchmark16
are tested using the new algorithm. There are 14 instances for two dimensional
HP model. In all of the test sequences up to 36 amino acids, including the ﬁrst, the
second, the third, the fourth and the ninth sequences, the algorithm was able to
ﬁnd the global minima of them. One of them is illustrated in Fig. 4, and is also a
non-rectangle structure.
(iv) Heredity. For some sequences that the chain can be compactly embedded to a
regular lattice, as the cases in the paper by Yanikoglu and Erman,1 our algorithm
can also be simpliﬁed to solve these problems. For example, the length of the fourth
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Fig. 4. The minimum energy conﬁguration of the ﬁrst sequence of HP benchmark, which is selforganized in 7 × 7 lattice.

Fig. 5. The minimum energy conﬁguration of the fourth sequence of HP benchmark. The sequence
is self-organized in 6 × 6 lattice, and the conﬁguration is a special case of our algorithm.

sequence in the HP benchmark is 36, which can be right-embedded into a 6 × 6
lattice. In the algorithm we let the learning sample set be the 6× 6 lattice, as shown
in Fig. 5, and the minimum energy conﬁguration is obtained.

3.2. Comparisons of designability
The designability of a structure is deﬁned as the number of sequences that have
this structure as their non-degenerate ground state. A high designable structure is
the unique lowest energy state of an atypically large number of sequences. It has
been observed that the sequences associated with these highly designable structures
are also thermodynamically more stable, fold much faster than typical sequences,
possesses regular secondary structures and motifs, and in some cases, have global
symmetries.6 Therefore, in addition to the energy, the designability is also used to
evaluate the conformation of the lattice model as a criterion.
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Table 1. Comparisons of designable structures for sequence
lengths 16–25.
Number of
Designable
Structures

Average
Designability

Maximum
Designability

Sequence
Length

R

NR

R

NR

R

NR

16
17
18
19
20
21
22
23
24
25

20
0
1
0
129
0
0
0
250
179

436
787
1474
2726
5181
9156
17881
31466
60836
107157

2.5
0
1
0
2.6279
0
0
0
2.172
3.3799

3.4151
4.3253
4.3066
4.9354
4.7406
5.6993
5.4515
6.3335
6.2437
7.1348

5
0
1
0
10
0
0
0
11
10

26
32
48
104
51
136
159
177
228
326

Note: R denotes rectangular structure, and NR represents nonrectangular structure.

Next, instead of evaluating designability of each individual structure in the
benchmark examples, we numerically show that the non-rectangular structures
(NR) generally have higher designability than the rectangular structures (R) by
the exhaustive enumeration. The designable structures (with positive designability) with lengths from 16 to 25 are enumerated17 and the statistical analysis results
are summarized in Table 1. Unlike most of the lattice models that consider only
rectangular conformations, e.g. for a sequence with length 25 is conﬁned to a
5 × 5 square, the shapes of the structures in our model have no restriction and
can achieve lower energy states. As indicated in Table 1, most of the designable
structures are non-rectangular, and only a small fraction (e.g. 179/107157  0.17%
for structures with length 25) of the designable structures are rectangular structures, where a rectangular structure means that a sequence exactly ﬁlls a square or
rectangle, e.g. the rectangular structures for the sequence with length 18 include
rectangles 2 × 9 and 3 × 6 besides the trivial one-row rectangle 1 × 18. Moreover, the non-rectangular structures have much higher designability than the
rectangular structures, thereby implying that the proposed method may ﬁnd structures, which are “protein like” and can be considered as designable targets. Notice
that the numbers of designable structures are zero for the sequences with sizes
17, 19 and 23 except 21 and 22 because those sequences cannot be exactly folded
into non-trivial rectangular structures. On the other hand, sequences with lengths
21 and 22 can theoretically be folded into rectangles, e.g. 3 × 7 and 2 × 11,
but actually have no designable rectangular structure according to the exhaustive
enumeration.
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4. Conclusion
A new SOM network is presented in this paper as an eﬃcient tool for a two
dimensional HP model. With the similar convergent property as that by Yanikoglu
and Erman,1 the running time of the new SOM method increases linearly with the
chain length. By putting the chain into a bigger lattice to self-organize, the global
minimum conﬁguration of the amino acid chain is no longer compactly limited in
a square-like or other speciﬁc-shaped lattice. In other words, the protein sequence
in the proposed model may have more free space to fold into the native structure
with a lower energy value, and the length of the protein chain is not limited in the
number of the lattice points.
The SOM model used in this paper is diﬀerent from that in the paper by
Yanikoglu and Erman.1 The three forces used by Yanikoglu and Erman are simpliﬁed to two forces. The experiments with compact lattice show that the new
algorithm achieves satisfactory solution from the viewpoint of quality and convergent stability. The other contribution of this paper is that two learning strategies
and a local search method are developed to overcome the diﬃculty brought by the
bigger lattice. The adopted learning strategies, which unavoidably aﬀect the solution of the algorithm, are the best schemes that we currently can ﬁnd by intuition
and experiments to our knowledge, although the algorithm for some cases suﬀers
from convergence problem, in particular when the lattice size is suﬃciently larger
than sequence length, and is still time-consuming for large scale folding problems.
How to improve these strategies is one of the direction for our further research.
As indicated by the recent research works, the HP model is very useful for
modelling protein properties although it is simple and abstractive with several disadvantages. For example, the recent application of HP model has been applied to
the investigation of aspects of ligand binding to proteins,18 where the HP sequences
having 16 monomers have been studied. Also in the work by Blackburne et al., the
distinct inﬂuences of function, folding, and structure on the evolution of HP model
protein are studied, by investigating chains of up to 23 monomers by exhaustive enumeration of conformation and sequence space on a two-dimensional lattice, which
costs four weeks of computation.19 All those works show that it is necessary and
important to develop an eﬀective and eﬃcient algorithm to fold the HP chain in
the lattice model.
The computational experiments show that the new SOM algorithm is eﬃcient
for small scale sequences. When the input space is big, sub-optimal solutions are
usually obtained, which may not be the minimum energy conﬁgurations. It is really
a challenging problem to apply to large scale HP models since in that case, the conformation space grows rapidly with the increase of the chain length. This explosion
can be seen from the Table II in Iwan’s paper.20 A possible method to alleviate
such diﬃculty is to consider combination with other algorithms or carefully choose
a good initial value from biological insights. On the other hand, it is also important
to improve the prediction quality of the proposed method, by adjusting the lattice
model or adopting other techniques of protein structure analysis.19,23,24 In fact, a
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lattice model with a large alphabet size is eﬀective to increase the prediction accuracy, in contrast to a two-letter HP alphabet,6 and will be further studied by the
SOM algorithm in future.
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Appendix A. Notation
W j,
Qi ,
Q(t),
L,
ξ,
x,
L \ L1 ,

the weight vector associated with the j-th output neuron
the input vector of the i-th learning sample (lattice point)
the set of selected learning samples in the iteration t
the set of lattice points
a random variable with uniform distribution in [0, 1]
the maximal integer not greater than x
the remaining lattice of L by excluding L1

Appendix B. The Favata–Walker SOM Algorithm
Suppose that there are n normalized learning samples Qi (the coordinates of the
cities, see Eq. (2). Then, the network structure is shown in Fig. 6, and the algorithm
is as follows.
Step 1. Randomly pick one Qk , and let


s := arg max QTk W j , j = 1, . . . , n

(B.1)

Fig. 6. Favata–Walker’s SOM network to solve TSP. W = (wij ) is the weight matrix between the
input and output layers. The initial values of wij are randomly chosen in the interval (0, 1).

April 6, 2005 8:25 WSPC/185-JBCB

398

00110

X. S. Zhang et al.

where W j = (w1j , . . . , w3j )T , which is initially randomly chosen and corresponds to
the jth output neuron, is the jth column of weight matrix W of the SOM network.
Step 2. Update the winner W s and its neighbors W s by:
W s :=
W s :=

W s + α(Qk − W s )
W s + α(Qk − W s )

(B.2)

W s + eβ α(Qk − W s )
W s + eβ α(Qk − W s )

(B.3)

where α and β are training parameters.
Step 3. Repeat Step 1 and Step 2 until the results of (B.1) remain unchanged.
Appendix C. Partition Strategy of Learning Sample Set
The partition strategy of the learning sample set is formally stated as follows.
Step 1. Partition the lattice L into n subsets L1 , . . . , Lj , . . . , Ln such that
L = L1 ∪ L2 ∪ · · · ∪ Ln ,
where

Lj ∩ Lk = ∅, j = k



Lj = i : min Qi − W k  = Qi − W j  ,
k

j = 1, . . . , n

Denote Lj = {ij1 , . . . , ij|Lj | } where the indices imply








Qij1 − W j  ≤ Qij2 − W j  ≤ · · · ≤ Qij − W j ,
|Lj |

j = 1, . . . , n.

(C.1)

(C.2)

Step 2. For j = 1, . . . , n, choose
Qj := Qij

1+ρ(|Ji |−1)ξ

(C.3)

as the learning samples, where ξ is a random variable with uniform distribution in
[0, 1]. ρ is a parameter decreasing from one to zero with the number of iteration,
i.e. ρ corresponds to the temperature of the annealing process.
Appendix D. Reduction Strategy of Learning Sample Set
In each iteration t, Qj (t), j = 1, . . . , n, are used to train the network. Let
Q(t) = {Q1 (t), . . . , Qn (t)}
be the sample set in the tth iteration. Usually, Q(t) ⊂ {Q1 , . . . , Qm }. For an i0
in the boundary (see an example of the boundary of a lattice in Fig. 7) of L, the
current lattice in the computational process, if it is not in Q(t) for K successive
iterations, we then delete i0 from L, i.e.
L := L \ {i0 }

(D.1)

With this step, we gradually reduce the size of learning sample set. The integer
number K will be decided in the numerical experiments.
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Fig. 7. An illustration for the boundary of a lattice.

Appendix E. Local Search Procedure
Suppose that the training phase is over and the weight vectors for output neurons
are ﬁxed, the local search method is applied to ﬁnd a feasible solution or a better
solution. The local search phase can be simply described as follows.
Step 1. According to the training result of the network, the output neurons (amino
acids) are put into three subsets: C, if only one lattice point is mapped to the amino
acid i; M , if more than one lattice point are mapped to the amino acid i; P , if no
lattice point is mapped to amino acid i.
Step 2. Join the amino acids of set C by sequencing into a temporary chain and
count the length.
Step 3. For each amino acid i ∈ M , choose one from all the lattice points that
map to amino acid i which makes the length of new formed chain shortest.
Step 4. For each amino acid i ∈ P , choose one from all unvisited lattice points,
which makes the length of new formed chain shortest.
Appendix F. Numerical Parameters
The initial value of the radius of updating neighborhood is 0.2n, where n is the
number of the lattice points, and then it reduces gradually to 1 in 2000 iterations.
The initial value of α is 0.5. It decreases linearly to 0.1 in the ﬁrst 50 iterations, then
decreases 10% in each iteration until α < 10−5 . β is initiated to 5 and decreases
linearly to zero at the end of 2000 iterations. The parameters deciding the H-H,
H-P, P-P forces are diﬃcult to obtain due to many settings of diﬀerent groups. In our
tests, Nt is always taken as 4, and in common λ = 0.5α, µ = 0.01α, ν = 0.03α. But
when the length of the sequence gets longer, these parameters should be adjusted
and set to be bigger.
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