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A combination of two complementary approaches that are widely used to predict protein structure—homology
and energy-based methods—is proposed. The algorithm is discussed in detail and is demonstrated to be a
useful tool for optimization. The properties of the combination are exemplified on a simple mode] system:
structural optimization of 2D heteropolymers on a square lattice. The algorithm is-considerably more efficient
than simulated annealing in the system studied. The relevance of the results of the protein folding problem

is discussed.

Introduction

Most of the methods that predict protein structures from
sequences belong to one of two broad categories: global
optimization of an energy function or homology-based modeling.
Both approaches are of considerable applicability and are
complementary. Here we propose a combination of the two
that is likely to benefit from the useful properties of both. The
properties of the combination are exemplified on a simple model
system: structural optimization of 2D heteropolymers on a
square lattice (2DHP-s).

The global optimization approach to protein structure predic-
tion is based on the assumption that the native structure of
proteins is at the global minimum of the free energy. This
assumption has been validated for several proteins.! The
prediction scheme consists of an energy function that maps
protein conformations to energy values and an optimization
algorithm to find the global minimum of that function. The
calculated minimum-energy conformation is considered an
approximation to the native fold.

The energy function can be derived from experimental and
computational data on small molecules?™ or from statistical
analysis of known protein structures.> In both cases the energy
surface is likely to be very rough, including a broad distribution
of barrier heights and well depths. This poses a significant
challenge on the optimization algorithm. The computational
effort of exhaustive search requires time that grows exponen-
tially with the number of amino acids. More efficient methods
such as Monte Carlo (MC) annealing’ and molecular dynamics
annealing (MD)? tend to find and to get “stuck” at local minima.

A possible strategy to bypass this multiple minima problem,
which is an important topic in the field of global optimization,
is to modify the energy function. The energy function is
modified in a way that will smooth the energy surface while
still keeping the original location of the global minimum, or at
least a reasonably good approximation to it. Smoothing
approaches include methods like the diffusion equation method,’
the Liouville equation approach,'? imaginary time Schrodinger
equation,' 12 and the locally enhanced sampling (LES) method.’?

Most optimization algorithms lack an internal test for the
global energy minimum. At the end of the optimization process
one cannot be certain that a deeper energy well does not exist.
The simulation should be repeated a number of times, searching
for alternative and possibly better minima. Convergence is
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assumed when the same minimum is repeatedly found regardless
of the initial conditions. The LES algorithm!3 is an-exception,
since it provides an internal consistency check. The check in
LES is a necessary but insufficient condition.

Another approach to predict protein conformations is structure
building by homology. In spite of many documented successes
it is still not applicable in many cases. The prediction scheme
is based on the observation that proteins with similar sequences
(homologous proteins) have the same approximate native fold.
The relation between sequence and structural similarities can
be quantified statistically based on known structures and
sequences.'® The working hypothesis is that the similarity of
two or more sequences suggests considerable resemblance in
structures. This assumption is-employed in two ways. The most
common application is to use an -experimentally determined
structure of a protein as a template in the modeling of other
members of its family.”> However, the applicability of this
approach is greatly limited by the availability of known
homologous structures.

Even when there is no structural data on a family of
homologous proteins, insight may be -gained by comparing
homologous sequences. Conservation patterns may provide
hints on the burial state of the amino acid residues,'®!? on
secondary structure elements,'*~2! and even on contacts between
residues that are distant in sequence.2* A very similar
approach is used in the prediction of secondary structure and
contacts in RNA.2> Recently, it was suggested®® that homology
considerations may be useful in mean field conformational
searches in which different side chains (corresponding to
homologous proteins) are attached to the same protein backbone.

The current work is an attempt to bridge the above two
approaches—homology and energy optimization—in a different
and more general way. We suggest that the basic observation
of the homology approach, the structural similarity of homolo-
gous proteins, can be used to smooth the energy function. In
the modified energy function we enhance the difference between
the global energy minimum and other local minima. At the
same time the heights of the barriers are reduced as compared
to the well depths.

Homologous proteins do not share the same energy function,
and therefore they do not share all local minima. However,
they do share a common fold which is the global energy
minimum. Let the number of homologous proteins be N. The
energies at the native structures are always negative {attractive).
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The sum of the individual energies is therefore an extensive
property (proportional to N in the limit of large N). On the
other hand, at an unfolded conformation the energies of the
homologous proteins can be positive or negative due (for
example) to different van der Waals contacts. Roughly, the
sum of the last energies is expected to be proportional to the
fluctuations. Therefore, the sum of unfolded energies has a
weaker dependence on the number of homologous proteins we
use. In the limit of large N it is proportional to N'2.

We define “coupling” of the energy functions of separate
proteins by an additional “energy” term that penalizes homolo-
gous proteins when they adopt structures that differ appreciably.
By “coupling” two or more homologous energy functions that
are similar near the global energy minimum but are different
elsewhere, we expect to get a smoother energy function. In
this function local minima that are not shared by all functions
will tend to cancel. In practice, the coupling between the
homologous energy functions can be done by performing the
search for the global optimum on all of the protein series in
parallel.

In order to demonstrate the feasibility of this approach, we
consider a simple model system: a heteropolymer on a 2D
square lattice (2DHP). Similar systems were used in the past
to investigate guiding principles of protein thermodynamics and
kinetics.2’"2° Remote as they are from the complexity of real
proteins, 2DHP-s still have global minima that are not trivial
to find. As a test case for a new optimization procedure, this
system has a number of important advantages compared to real
proteins: First, the global energy minimum can be unequivocally
found by exhaustive search. Second, there is no problem in
the accuracy of the energy function, since no attempt to model
“real systems” is made. Third, sequence alignment is easy.
Finally, an extensive investigation can be pursued with only
modest CPU requirements. Thus, while our model does not
have much biophysical significance by its own right, it does
allow a rigorous test of the optimization scheme.

The resulting energy function, which is a sum of the
individual energies of the 2DHP-s and of the coupling term, is
(of course) more complicated than the uncoupled, individual
energies of the homologous 2DHP-s. Nevertheless, as we shall
show below, the sum has a smoother surface and is more
convenient for global optimization. Furthermore, the coupled
system shows stronger tendency for cooperativity and first-order
phase transition at folding as compared to the uncoupled system.
Cooperativity is an essential requirement from good folders.*
The suggested method also contains an internal test for being
at the global energy minimum, similar to the test used by the
LES method.??

Unlike local energy minima that are not the same in different
2DHP-s, the global energy minimum is shared by both the
system of the coupled homologous energy functions and each
of the individual functions. If, at the end of the optimization,
all of the functions are in the radius of convergence of the same
minimum (which can be easily tested by a short minimization),
then the self-consistency check is satisfied, and it is more likely
that the computations end at the global energy minimum.

Being a feasibility test, the current work concentrates on
comparing the suggested method with standard Monte Carlo
(MC)’ annealing. For simplicity, we choose to work on pairs
of “homologous” 2DHP-s rather than on larger sets.

Methods

Our two-dimensional heteropolymers (2DHP-s) are defined
as linear, self-avoiding chains {Figure 1). The monomers of
the chains occupy suceessive points on a two-dimensional square
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Figure 1. Three conformations of a 6-mers 2DHP. Solid lines
represent interresidue bonds, and dashed lines represent interresidue
contacts. The first two residues (boxed) are fixed to prevent rigid body
rotations and translations. ¢ and f are neighbor conformations (deg =
1) since one 90° rotation is needed to move from a.to 8. a and y are
also neighbors since one 90° rotation is needed in order to move from
¥ to o, the mirror image of a.

o

TABLE 1°¢
contact types contact-energies
(H.H) -1
(+.IPH/A+/-) 0
HA/-)(HDI(=,) 2

< Each contact is associated with a contact energy. A contact type
is denoted by a pair that is enclosed in brackets. The energies are in
arbitrary units.

lattice. Each monomer belongs to one of four types to be
discussed below. Depending on the conformation, a monomer
may be in contact with other nonconsecutive monomers. The
contacts are associated with energy terms, and the sum of all
these terms is the intrinsic energy of the 2DHP in that
conformation. All the 2DHP-s of the same length have the same
conformation space but differ in sequence. As a result, different
2DHP-s may have different mappings of -conformations to
energies. The following paragraphs define the monomer types,
contacts, energy terms, conformation space, and distances
between conformations.

The Model of the 2D Heteropolymers. (i) The conforma-
tion of a 2DHP of length [ is uniquely defined by the set of I —
2 angles between intermonomer bonds, which may be 90°,
—90°, or 180°. (ii) A conformation a is considered identical
to its mirror image a’. Rigid body rotation and translation are
prevented by fixing the first and second monomers to the lattice
points (0,0) and (0,1), respectively. <(iii) The distance dqg
between two conformations a and J is defined as the minimal
number of 90° rotations of intermonomer bonds needed in order
to move from o to § or to its mirror image f’. Two
conformations & and § are considered neighbors if dog = 1.
(iv) Two nonconsecutive monomers are considered to be in
contact if they are separated by less than two lattice spacings.
Thus, any terminal monomer may have at most seven contacts
while nonterminal monomers may have six. Every contact is
associated with a contact energy term.

Monomer Types and Interactions. Four monomer types
were used in this work. Their names mimic specific groups of
amino acids: “hydrophobic” (H), “polar” (P), and “charged”
(+ or —). The energy values associated with the intermonomer
contacts were also chosen to have the flavor of interactions in
proteins (Table 1). “Hydrophobic (H) monomers tend to cluster
together, “charged” (+ or —) monomers tend to disperse, and
“polar” (P) monomers possess intermediate properties. By
choosing these names and interactions, we gain some intuitive
feelings and -expectations. However, the values of the-energy
terms are rather arbitrary and should not be considered quantita-
tive -estimates of the interactions in real proteins.
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The intrinsic energy of a conformation « is the sum of all
the -contact energies.

The definitions of contacts and monomer types are somewhat
different than those used by other authors on 2D lattices (for
example, contact separation of only one lattice spacing and only
two monomer types?®). Our definitions were shown in a
preliminary work to allow for a larger number of “homologous”
sequences that have quite different energy functions, while still
sharing the same global energy minimum. This is in contrast
to monomer interactions that include only H and P. These
definitions also result in a rough energy surface. Searches for
the global energy minimum on the rough energy surface are
more difficult to pursue. While being more suitable for our
purposes, we believe that our definitions carry some features
of the protein folding problem, as do other 2D models.

Foldicity of 2DHP-s. If a 2DHP has a nondegenerate global
energy minimum (up to a mirror image), it is said to fold to
that conformation, and the structure is called the native
conformation for that 2DHP.

Two 2DHP-s with different sequences that fold to the same
conformation are considered homologous.

Folding Sequences. In the current work 14-mers 2DHP-s
were used, for which 110186 different conformations are
available. Fifty of them have the maximal number of contacts,
23. We called these structures the compact conformations.

By enumerating all possible conformations and all possible
sequences, we identified all the sequences that fold to one of
the 50 compact conformations. While some compact conforma-
tions are not the global energy minimum for any sequence,
others are the global energy minimum of up to 513 sequences
that may differ by 11 out of the 14 monomers.

Choice of Homologous Sequences. In a pair of homologous
2DHP-s, a site at which the two monomers are not identical is
considered a mutation. Earlier investigations showed the H/P
and +/— mutations do not have a strong effect on the shape of
the energy function; we thus consider them as conservative
mutations. The homology score of two sequences was defined
as the fraction of identical monomers or conservative mutations.

The sequences used in this work were chosen in the following
way: from the set of all the sequences the pairs with minimal
homology score were used.

MC Steps. In a Monte Carlo step,’ a trial conformation is
chosen first, and AE, the difference between the energies of
the current and the trial conformations, is calculated. A weight
function, 6 = e 4EXT, and R, a random variable distributed
uniformly between 0 and 1, are compared. If R < 0, the trial
conformation is accepted, becoming the new conformation.
Otherwise, the current conformation remains unchanged.

For each of the conformations available to 2DHP-s, a list of
neighbors was calculated. Trial conformations were randomly
selected from the neighbor list of the current conformation. In
the coupled systems (defined below) another type of conforma-
tion can be used as a trial—the conformation of the other 2DHP
(“jumping”). When “jumps” were introduced, two possibilities
for the Monte Carlo step were considered: with a predefined
probability (10% in the present study) the conformation of the
second 2DHP was used as a trial conformation (“jump”). The
other possibility was to use the usual neighbors as trial
conformations.

Coupling: Penalty Function That Forces Different Ho-
mologous 2DHP-s To Look Alike. Consider two homologues
2DHP-s: A and B. We optimize the structures of A and B
simultaneously. The optimization method that we used is
simulated annealing {SA)*' in-conjunction with the Monte Carlo
method (MC). In the ith MC step, A and B adopt-conformations
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Figure 2. Two homologous 2DHP-s that share the same global
minimum with significant variance in sequence.

o; and f;, respectively. We penalize differences between a;
and f3; by adding a new “energy” term that is growing with the
distance, dqg, between the two conformations. MC is then
employed to optimize the total energy, which is the sum of the
intrinsic energies of the 2DHP-s and the coupling term. The
specific functional form for the coupling term used in the current
work is

() ifdyg =<1
@ = K ep(dog — 1) if dgg > 1

Simulations. Three types of simulations were performed.
The first type of simulation was direct optimization by simulated
annealing (SA).3' In these simulations an increase in optimiza-
tion efficiency is demonstrated once the-coupling is introduced.
In the second type of simulation we attempted to explain the
origin of the enhancement in computational efficiency. Equi-
librium properties of the system were calculated using simula-
tions with constant temperature. Finally, the shape of the energy
function was further characterized by computing the attraction
radii of local minima in the coupled and the uncoupled cases.

In each of the simulations, three cases were considered: Kcp
= 0 (no coupling), Kcpl = 1 (coupling), and K1 = 1 with 10%
of the MC trial conformations being the conformation of the
other chain (coupling and jumps). We shall describe in detail
the results for one conformation (Figure 2). The results of other
conformations (we investigated three additional structures) are
qualitatively similar and therefore not discussed.

Results

SA Simulations. At the beginning of every SA simulation
the two 2DHP-s were assigned the same conformation. The
initial conformation was selected at random from the set of
conformations with maximal (12) distance from the native
conformation. The temperature was set to 1 {arbitrary units).
During the simulation the temperature was reduced lineasly to
0.

The SA runs were followed by 100 MC steps at zero
temperature (minimization) and withoutcoupling. A simulation
was considered a success if, at the end of the minimization, the
2DHP was in its minimal energy structure.

Eight sequence pairs with minimal homology score (0.5) were
used. For each of these pairs, 100 simulations were performed
starting from different random conformations. The success rate
plotted against the simulation length (the number of MC steps)
is presented in Figure 3. The results show a clear increase in
SA efficiency when coupling is used. Further increase in
efficiency is obtained by the modified MC step that allows for
“jumps”.

The additional minimizations can be employed as a self-
consistency test for the quality of the annealing. If the two
structures were minimized to different conformations, one may
conclude that the simulation was not adequate and needs to be
repeated. Only in 0.2% or less of the coupled (without jumps)
simulations did the two 2DHP-s end the minimization in the
same wrong minimum (false positives). However, false
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Figure 3. Success rates at different simulation lengths of the three
optimization protocols. Every data point is an average of 800
simulations of 16 2DHP-s (8 sequence pairs, 100 simulations with each).
Standard deviations are less than 0.1. For clarity error bars were
omitted. When “jumps” were introduced, two possibilities for the
Monte Carlo step were considered: with a probability of 10% the
conformation of the second 2DHP was used as a trial conformation
(“jump”). The other possibility was to use the usual neighbors as trial
conformations. Thin line, cpl = 0 (no coupling); thick line, cpl = 1
(coupling); dashed line, cpl = 1 (coupling with “jumps”).

negatives—when one of the 2DHP-s reached the native con-
formation while the other did not—occurred in up to 12% of
the simulations. When jumps were introduced, false negatives
disappeared while the false positive fraction increased to 3%
in the shortest simulations. The internal check seems to be quite
reliable, especially in long (50 000 MC steps and up) simula-
tions.

‘Constant-Temperature Simulations. In order to investigate
how the coupling between homologous 2DHP-s changes the
shape of the energy surface, we pursued computations of
equilibrium properties. Long MC simulations (107 or 108 MC
steps) were carried out at constant temperatures. Each simula-
tion was also repeated 10 times, starting from different random
conformations, with a maximal distance from the conformation
of the global energy minimum. We focused on the following
equilibrium properties: (i) the probability of finding the 2DHP
in the native conformation (Figure 4), (ii) heat capacity (Figure
5a), (iii) end-to-end distance (Figure 5b), and (iv) the first
passage time—the average time that is needed to reach the native
conformation for the first time (Figure 6).

In an equilibrium system, the probability of finding the 2DHP
in the native conformation (Figure 4) is a measure of the depth
of the global energy minimum, compared to the other minima.
At the lowest temperatures that we examined, in which the
relaxation times were too long to obtain a proper sampling of
configuration space, the system is clearly not in equilibrium.
However, the probabilities computed by the repeated trajectories
are still useful as a measure of the radius of convergence of the
global energy minimum. The coupling clearly makes the global
energy minimum deeper, compared to the energies of other
conformations, and also increases its radius of attraction.

Peaks in the heat capacity (Figure 5a) are indicators of first-
order phase transitions. The coupled systems show clearer
peaks. These spikes are associated with the cooperative collapse
of the coupled 2DHP-s to the ctompact native conformation
(Figure 5b).

The first passage time is a measure of the heights of the
barriers on the pathway to the native structure. The higher the
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Figure 4. Probability of the 2DHP to be found in its native
conformation at different temperatures. Data points are averages over
10 simulations, starting from different random conformations. Most
simulations were of 10 000 000 MC steps. In an attempt to reach
equilibrium, simulations 10 times longer were performed at temperatures
below 3.5. However they are clearly not in equilibrium. Thin line,
cpl = 0 (no coupling); thick line, cpl = 1 (coupling); dashed line, cpl
= | and “jumps”. See the legend of Figure 3 for more details.

barriers the longer is the time needed to cross them at a given
temperature. The first passage times computed for. the un-
coupled and coupled optimization models are very similar
(Figure 6). This suggests that the additional coupling term did
not create new barriers and therefore did not slow the optimiza-
tion.

Radius of Attraction of Different Minima. Further insight
into the shape of the energy surface was gained by examining
the volume of attraction of the local minima. A series of 5000
energy minimizations (zero temperature MC simulations of 1000
steps) starting from random conformations sampled from a
uniform distribution were used. The number of minimized
conformations that were found in the same local minimum was
assumed proportional to the radius of convergence of this
minimum. The number of conformations that were mapped to
a specific local minimum is proportional to attractive volume
of this well.2

The minimum-energy conformations were classified accord-
ing to their distance from the native fold and their energy. The
probability of reaching each class by a minimization starting
from a random conformation is plotted in Figure 7. The figure
suggests that the coupling modified the distribution of the local
minima as a function of energy and distance from the global
minimum. In the uncoupled simulations most minimizations
converge to low-energy minima that are considerably different
from the native fold. A considerable portion of these local
minima are not shared by the two 2DHP-s. A minimum for
one 2DHP which is of high energy for the second 2DHP may
be inaccessible when the coupling is introduced. As a result,
the coupling shifts most minimizations to higher energy minima
which are also closer to the native fold. Consistent with the
other simulations this trend is more significant when *“jumps”
are allowed.

Discussion

In the present study we explored the possibility of merging
homology-based modeling and modeling that is based on
optimization of energy functions. For that purpose we intro-
duced a new energy term. The new term penalizes the energy

of a set of structures of homologous compounds when the
structures differ appreciably from-each-other. That is, we used
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Figure 5. Cooperativity of coupled 2DHP folding is demonstrated by
(a, top) heat capacity and (b, bottom) end-to-end distance (the distance
between the first and the last monomers) as a function of temperature.
The simulation parameters are as in Figure 4, except that in (b) all the
simulations were of 10 000 000 MC steps. Thin line, cpl = 0 (no
coupling); thick line, cpl = 1 (coupling); dashed line, cpl = 1 and
“jumps”. See Figure 3 for more details.

the experimental observation that homologous compounds tend
to have similar structures, and we incorporated this information
into our energy function.

We demonstrated the feasibility of the new computational
approach on a model system that is solvable by other techniques
and is accessible tocomprehensive and exhaustive analysis. We
considered structure optimization of two-dimensional hetero-
polymers (2DHP-s) on a square lattice. In the 2DHP-s example,
the coupling cancels-local minima that are not shared by the
energy functions of the individual 2DHP-s and, as a result, biases
the energy function toward the global energy minimum.

The present approach is clearly much better than the usual
simulated annealing, as we demonstrated in the present paper.
The improvement is obtained from the use of additional
information (on the existence of homologous functions) that is
typically not employed in optimizations. This additional
information can be added to a variety of optimization algorithms
and is not necessarily restricted to the Monte Carlo and
simulated annealing protocols that we used here.

As an additional test of the importance of the coupling, we
also optimized two-coupled identical 2DHP-s. In this<case, two
identical copies of the system were run simultaneously, with
penalty on a large separation of the two identical structures.
This system is similar to the discretization of path integrals in
which the kinetic energy term provides the “penalty” on the
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Figure 6. First passage time as a function of temperature is employed
to test the influence of the coupling on the kinetics of folding. The
first passage time is the average time (number of MC steps) needed to
reach the global minimum for the first time. Simulation parameters
are as in Figure 4. Thin line, cpl = 0 (no coupling); thick line, cpl =
1 (coupling); dashed line, cpl = 1 and “jumps”. See Figure 3 for more
details.

distance. We may therefore expect that this approach will lead
to smoothing of the energy surface in a similar way to other
smoothing algorithms.>~'> However, compared to the homolo-
gous pair, the identical duo did not show considerable improve-
ment.

The 2DHP-s made a useful test case. However, the interest
in these particular systems beyond the scope of the present
application is limited. We therefore devote the rest of the
discussion to possible applications to other optimizations,
emphasizing the questions and the issues that still remain to be
solved when applying the present ideas to other global optimiza-
tion problems.

The first and the obvious application of the present technique
is for structure prediction of proteins. Does it work at present?
The answer to this question for the test-case that we pursued is
unfortunately “no”. We attempted to optimize the structure of
the Kazal family of homologous proteins,>*~35 using standard
force field (AMBER/OPLS ¢ as implemented in MOIL3)
together with potentials derived from data bases.>3” Additional
terms in the force field, of our own design, were also used.
Unfortunately, it was easy to find many minima with energy
values that were significantly lower than the native state using
the above force fields, together or individually. The protein
folding problem of the Kazal family therefore must wait for a
better potential. The coupling-can improve the global shape of
the energy surface, making it more attractive for optimization;
however, in this case the improvement was not sufficient.

On a more philosophical ground we expect homology to help
when the individual energies are as different as possible while
still maintaining the same global fold. If the energy functions
of homologous proteins are very similar then one-cannot expect
to gain much from the coupling. If, however, they are very
different, so that most of the local minima are not shared by all
the homologous proteins, then coupling these functions will
effectively eliminate the unshared local minima, leaving a
smaller conformation space for the optimization algorithm to
search.

‘We believe that the latter possibility iscloser to reality. Even
a single amino acid substitution alters, in many cases, the
stability of proteins and/or its folding pathway without a
profound effect on the native structure.3*° Thus, though the
native structures of proteins-seem very robust to mutations, the
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Figure 7. Attraction radii of local minima of (a) uncoupled 2DHP-s,
(b) two coupled 2DHP-s (cpl = 1), and (c) two coupled 2DHP-s that
may jump to the other (see text for more details). The local minima
are classified according to their spatial distance from the global
minimum and their energy. The position of the center of each circle
in the figure corresponds to the energy of the conformation and its
distance from the native state. The area of the circle is proportional to
the number of optimization runs that end at the above state.

-energy function is much more sensitive. The energy functions
of homologous proteins with more then 50% substitutions are
expected to be rather different. However, the global fold of
these proteins is likely to be rather similar.'® We therefore
expect that the suggested method may benefit structure predic-
tion of proteins when better potentials are available.

Another question is related to the best form of coupling
between the homologous proteins. Obviously, the suggestion
made in this paper is rather arbitrary, and better choices are
most likely to be found when moving to the more complex
protein problems. The coupling term should be able to ignore
insertions/deletions and to adopt some differences in overall fold.
In this paper, a distance of one between coupled conformations
was allowed with no penalty. Only by using a flexible
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functional form for the-energy term can one expect to use remote
sequences. Remote sequences, however, are the most promis-
ing, since their energy functions are expected to be very
different. Simple model systems like the 2DHP may serve as
useful tools for the design of efficient coupling terms. The
previously suggested, LES like, idea of binding different side
chains (corresponding to homologous proteins) to the same
backbone?® is equivalent to a very stringent coupling. In our
experience this coupling may lead to a significant increase in
barrier heights and may limit the application to proteins with
very similar sequences.

In the current work it was found to be beneficial to introduce
the coupling not only to the energy function but also to the
search mechanism. That is, allowing in the MC step trial
conformations borrowed from the other 2DHP. This is similar
in spirit to genetic algorithms, and this similarity is probably
the reason for its success. This idea, at least in its current
implementation, is less general than the coupling of energy
functions and is probably limited to lattices. It may be very
useful when applied to MC simulations using a reduced protein
representation.*®4! Tt is difficult, however, to see how it<can
be implemented for MD simulations of all atom models of
proteins due to the high probability of van der Waals clashes.

The combination of homology and energy functions is clearly
motivated by the protein folding problem. The applicability of
coupling different energy functions with similar minima, for
more -efficient optimization, is wider than for optimization of
polymers only. Another possible application is to locate the
common biologically-active conformation of several flexible
ligands that bind to the same receptor. A better chance of
detecting the right conformation is expected by forcing all the
ligands to look alike. This may succeed even if the active
conformation is not the global energy minimum. An algorithm
that forces different molecules to look alike is available in the
program DISCOVER .#?

Finally, the suggested method lends itself for parallelization,
especially when used in all (or near all) atom systems. Each
protein may be simulated on a different CPU, with a compara-
tively small amount of data (for example, the positions of the
o carbons) needed to be transferred between the CPUs. With
a flexible definition of the coupling energy term, the data transfer
need not even be performed after each iteration. Since data
transfer is-currently the bottleneck of parallel computation, the
very limited communication needed for the above parallelization
scheme is a considerable advantage. A parallel computation
on a cluster of workstations was used in the attempt to optimize
the structures of the Kazal family.
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