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All-atom generalized-ensemble simulations of small proteins
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Abstract

We give an overview of some generalized-ensemble techniques that have proven successful in all-atom simulations of proteins. We show
that these techniques enable efficient investigations of secondary structure formation and folding in peptides and small proteins. Results
are presented for various alanine-based artificial peptides and a small protein, the 36-residued villin headpiece subdomain (HP-36). Our
results indicate that all-atom simulations of proteins may be more restricted by the accuracy of the present energy functions than by the
efficiency of the search algorithms.
© 2003 Elsevier Inc. All rights reserved.
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1. Introduction

The successful deciphering of whole genomes has aggra-
vated an old challenge in protein science: for most of the
resolved protein sequences one does not know the corre-
sponding structures and functions. Since proteins are only
functional if they fold into their specific shape, and mis-
folded proteins can even cause a variety of diseases, it is
important to understand how the structure and function of
proteins emerge from their sequence of amino acids. Com-
puter experiments offer one way to gain such knowledge
but are extremely difficult for realistic protein models. This
is because all-atom models of proteins lead to a rough en-
ergy landscape with a huge number of local minima sep-
arated by high energy barriers. Consequently, sampling of
low-energy conformations becomes a hard computational
task, and physical quantities cannot be calculated accurately
from simple low-temperature molecular dynamics or Monte
Carlo simulations.

A number of novel simulation techniques have been
developed that promise to alleviate the above-stated
multiple-minima problem (for a review, see[1]). One suc-
cessful method is the so-calledgenera1ized-ensemb1e ap-
proach[2] that was first applied to protein simulations in
[3]. In the following we will present a short review of this
approach and demonstrate its usefulness for protein simu-
lations. We will focus in our examples on one particularly

∗ Corresponding author.
E-mail address: hansmann@mtu.edu (U.H.E. Hansmann).

important aspect of the protein-folding problem, namely the
role of secondary structure formation in the folding process.

2. Generalized-ensemble techniques

The complex form of the intramolecular forces and of the
interaction with the solvent, containing both repulsive and
attractive terms, leads for all-atom models of proteins to a
very rough energy landscape with a huge number of local
minima. Hence, a typical thermal energy of the orderkBT
is much less than the energy barriers that the protein has
to overcome in the low-temperature region. This is because
the probability to cross an energy barrier is proportional
to ∝exp(−�E/kBT) where�E is the heights of the energy
barrier. Hence, simple canonical Monte Carlo or molecular
dynamics simulations will get trapped in a local minimum.
The essence of all generalized-ensemble simulations is to
replace the canonical weights by such that do allow escape
out of local minima. In most cases the weights are chosen
in such a way that a Monte Carlo or molecular dynamics
simulation will lead to a uniform distribution of a pre-chosen
physical quantity. For instance, in multicanonical sampling
[4] the weightw(E) is chosen such that the distribution of
energiesP(E) is given by

P(E) ∝ n(E)w(E) = const., (1)

wheren(E) is the spectral density. A free random walk in
the energy space is performed that allows the simulation to
escape from any local minimum. From this simulation, one
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can calculate the thermodynamic average of any physical
quantityA by re-weighting:[5]

〈A〉T =
∫

dx 〈A〉(x)w−1(E)(x))e−E(x)/kBT∫
dxw−1E(x))e−E(x)/kBT

.

Here,x stands for configurations andkB is the Boltzmann
constant. The weightw(E) is not a priori known in gener-
alized ensembles, and estimators have to be determined by
an iterative procedure described in[4,6]. We remark that it
is straightforward to define ensembles that lead to flat dis-
tributions in more than one variable[7].

Even within the generalized-ensemble approach simula-
tions of proteins can still be hampered by large correlations
between the sampled conformations. Improved updates are
one way to overcome this obstacle. One example is parallel
tempering. The method is also known as replica exchange
or Multiple Markov Chain method[8], and was first intro-
duced to protein folding in[9]. In its most common form,
one considers in this technique an artificial system built up
of N non-interacting copies of the molecule, each at a dif-
ferent temperatureTi. In addition to standard Monte Carlo
or molecular dynamics moves that effect only one copy, par-
allel tempering introduces now a newglobal update: the ex-
change of conformations between two copiesi andj = i+1
with probability

w(Cold → Cnew)= min(1,exp(−βiE(Cj)− βjE(Ci)

+βiE(Ci)+ βjE(C))). (3)

The exchange of conformations will lead especially at
low temperatures to a faster convergence of the Markov
chain toward the stationary distribution than is observed
in regular canonical simulations with only local moves.
Note that parallel tempering does not require Boltzmann
weights. The method can be combined easily with other
generalized-ensemble techniques as was demonstrated first
in [9].

The emphasis in todays computational protein studies is
often on theprediction of the three-dimensional shape in
which a protein is biologically active. Most proteins are
at room temperature thermodynamically stable, i.e. the bi-
ologically active configuration is the global minimum in
free energy at T = 300 K. Since this state is unique, one
can identify the free-energy global minimum with the low-
estpotential energy conformation. Hence, structure predic-
tion of proteins can be considered as a global optimization
problem.

A general characteristic of successful optimization tech-
niques is that they avoid entrapment in local minima
and continue to explore the energy landscape for fur-
ther solutions. Noticing that this also a characteristics of
generalized-ensemble algorithms, Wille and Hansmann
proposed recently a new optimization method, energy land-
scape paving (ELP), that proved very promising in protein
studies[10].

In ELP, one performs low-temperature Monte Carlo sim-
ulations with a modified energy expression designed to steer
the search away from regions that have been already ex-
plored:

w(Ẽ) = e−Ẽ/kBT with Ẽ = E + f(H(q, t)). (4)

Here, T is a (low) temperature,̃E serves as a replace-
ment of the energyE and f(H(q, t)) is a function of the
histogramH(q, t) in a pre-chosen “order parameter”q. It
follows that within ELP the weight of a local minimum
state decreases with the time the system stays in that mini-
mum. With time, ELP deforms the energy landscape locally
till the local minimum is no longer favored, and the sys-
tem will explore higher energies. It will then either fall in
a new local minimum or walk through this high energy re-
gion till the corresponding histogram entries all have simi-
lar frequencies, and the system again has a bias toward low
energies. Obviously, forf(H(q, t)) = f(H(q)) the method
reduces to the various generalized-ensemble methods[2]
(for instance forf(H(q, t)) = lnH(E) to multicanonical
sampling).

The efficiency of the new global optimization method
was tested and compared with simulated annealing and tabu
search in simulations of small and medium-sized peptides
[10]. ELP was also applied to the problem of crystal structure
prediction from X-ray diffraction data[11].

3. Helix formation for non-polar amino acids

In the following, we want to demonstrate that generalized-
ensemble techniques are well suited for protein research.
While our understanding of the folding physics has increased
considerably over the last few years, many questions remain
unsolved. One example is the role of secondary structure
formation in the folding process, and we focus here on the
formation of�-helices.

It is long known that�-helices undergo a sharp transi-
tion toward a random coil state when the temperature is in-
creased. The characteristics of this so-called helix–coil tran-
sition have been studied extensively[12]. Helix formation
was also researched in[13] for polyalanine, polyvaline and
polyglycine chains of chain lengthN = 10. each. The com-
putational results of the latter work indicate that alanine has a
strong propensity to form helices in gas phase while glycine
shows no such tendency. Helix formation was observed for
valine, but is much weaker than for alanine. However, re-
cent experimental results of alanine and valine based pep-
tides rather indicate that valine has in gas phase a higher
helix propensity than alanine[14]. For this reason, we have
repeated the simulations of[13] and extended them to ho-
mopolymer chains with up to 20 monomers.

Our investigation of helix formation for these three ho-
mopolymers is based on a detailed, all-atom representation
of these molecules. The interactions between the atoms are
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described by a standard force field, ECEPP/2[15], as im-
plemented in the program package SMMP[16]:

EECEPP/2 = EC + ELJ + EHB + Etor, (5)

EC =
∑
(i,j)

332qiqj
ετij

, (6)

ELJ =
∑
i,j

(
Aij

r12
ij

− Bij

r6ij

)
, (7)

EHB =
∑
(i,j)

(
Cij

r12
ij

− Dij

r10
ij

)
, (8)

Etor =
∑
l

Ul(1 ± cos(nlχl)). (9)

Here,rij (in Å) is the distance between the atomsi and j,
andχl is thelth torsion angle. The peptide bond angles are
set to their common valueω = 180◦. We further assume
that ε = 2 in the protein interior.

Our results rely on multicanonical simulations of
2,000,000 sweeps for Ala0, Gly10 and Val10 and of
4,000,000 sweeps for Ala20, Gly20 and Val20. The sim-
ulations start with a random configurations and the first
10,000 sweeps are discarded to allow for equilibration.
One of the quantities that we monitor in our simulations is
qH = 〈nH(T)〉/(N − 2), i.e. the average number of helical
residues divided by the number of residues that can be part
of an �-helix. A residue is considered as “helical” if its
backbone dihedral angles (φ, ψ)) take values in the range
(−70◦ ± 30◦, −37◦ ± 30◦) [13]. The normalization factor
N−2 is chosen instead of the number of residuesN, because
the terminal residues are flexible and usually not part of an
�-helix. We remark that we have verified the usefulness of
this definition by comparing it for some configurations with
values calculated from the (i, i + 4) backbone hydrogen
bonding that is characteristic for�-helices.

We have displayedqH in Fig. 1a–cfor polyvaline, polyala-
nine and polyglycine, respectively. Data for chains of length
N = 10 and 20 are plotted. The corresponding values for
the specific heat

C(T) = [(〈E2〉(T)− 〈E〉2(T))/N]

(KBT)2
(10)

are drawn in the inlets. InFig. 1a and b, we observe for both
polyvaline and polyalanine a helix–coil transition that sep-
arates a high-temperature phase with disordered coil con-
figurations from a low-temperature phase that is dominated
by helical configurations. This transition becomes more pro-
nounced as the chain length increases fromN = 10 to 20.
The corresponding transition temperatures are determined
from the location of the peaks in the specific heat shown in
the inlets. For polyalanine the helix–coil transition temper-
ature increases fromTc = 423(20)K for N = 10 to Tc =
510(10)K for N = 20. The corresponding temperatures for
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Fig. 1. Helicity qH of (a) polyvaline, (b) polyalanine and (c) polyglycine
as function of temperature. The corresponding values for the specific heat
C(T) are shown in the inlets.

polyvaline are lower:Tc = 405(25)K for N = 10 andTc =
435(15)K for N = 20. On the other hand, no helix forma-
tion is observed for polyglycine. The peaks in the specific
heat atTc = 360(30) K (N = 10) andTc = 330(30)K
(N = 20) rather correspond to a collapse transition associ-
ated with a sharp decrease in the radius of gyration (data
not shown). For comparison, we have drawn inFig. 2 qH
for all three homopolymers, restricting ourselves to the case
N = 20. The corresponding specific heat curves are shown
again in the inlet. As one can see from both the curves in
qH(T) and the heights of the peaks in the specific heatC(T),
the helix–coil transition is stronger for polyalanine than for
polyvaline, and missing for polyglycine. AtT = 300 K, well
below the helix–coil transition temperaturesTc, 88(2)% of
the valine residues are in a helical state, while this number
increases for polyalanine to 97(1)%. On the other hand only
33(3)% of the glycine residues have dihedral angles com-
monly found in�-helices.

Table 1lists for the three homopolymers the differences
in energy�E, free energy�G and entropyT�S between
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Fig. 2. HelicityqH of Ala20, Val20 and Gly20 as a function of temperature.
The corresponding values for the specific heatC(T) are shown in the
inlets.

helical and coil configurations at this temperature. Here we
define a coil configuration as one that has not more than two
consecutive helical residues (i.e., residues where the pair of
dihedral angles (φ,ψ) takes values in the range (−70◦±30◦,
−37◦ ± 30◦)). On the other hand, a helical configuration
is defined as one where at least 60% of the residues are
part of a single, extended helix. We are forced to relax this
condition for polyglycine where we find no more than nine
consecutive residues in a helix.

ForN = 20, we find that for polyalanine helical config-
urations have an internal energy that is≈30 kcal/mol lower
than the one of coil configurations. This large energy dif-
ference can easily overcome the loss in entropy ofT �S ≈
−17 kcal/mol when forming a helix, leading to a free-energy
difference of�G ≈ −13 kcal/mol by that helical config-
urations are favored over coil configurations. The internal
energy difference for polyvaline chains of the same length
is with �E ≈ −17 kcal/mol considerably smaller than for
polyalanine but still large enough to overcome the loss in
entropy ofT �S ≈ −11 kcal/mol when forming a helix. As
a consequence, helical configurations are for polyvaline still
favored by a free-energy difference of�G ≈ −6 kcal/mol
over coil configurations. On the other hand, the energy gain
by helix formation is for polyglycine chains of lengthN =
20 only�E ≈ −3 kcal/mol and not enough to overcome the
associate loss in entropy ofT �S ≈ −5 kcal/mol. Hence,
coil configurations are favored over helical configurations,
and the free-energy difference of�G ≈ 2 kcal/mol is posi-
tive.

Table 1
Free-energy differences�G, energy differences�E, and entropy differencesT�S (all in kcal/mol) between helix and coil states atT = 300 K

Amino acid N = 10 N = 20

�G �E T�S �G �E T�S

Alanine −4.1 (2) −11.8 (8) −7.7 (8) −13.0 (1.2) −30.2 (2.8) −17.2 (1.6)
Valine −1.1 (7) −6.4 (1.2) −5.3 (1.5) −5.6 (1.6) −16.6 (5.1) −11.0 (6.1)
Glycine 1.5 (1) −2.6 (1) −3.6 (2) 2.0 (7) −3.3 (1.6) −5.3 (2.0)

The numbers in parentheses represent errors.

We conclude that our data reaffirm qualitatively the pre-
vious results of[13] in that we find a strong helix forming
tendency for polyalanine, no helix propensity for polyg-
lycine and intermediate behavior for polyvaline. This rank-
ing in helix propensities is different from the one reported
in [14] where experimental results for homoploymers of the
three amino acids are reported. Measurements of the three
homopolymers indicate that in gas phase valine is a stronger
helix former than alanine while again no helix formation is
observed for glycine[14].

We remark that the ranking of helix propensities for the
three types of homopolymers as calculated from our com-
puter simulations is in agreement with the one measured in
experiments on the solvated molecules. Hence, one possible
explanation for the disagreement between our computational
data and the results from the gas phase experiments in[14]
is that the ECEPP/2 force field does not describe accurately
molecules in gas phase. Since the force filed was developed
to describe the structures of solvated proteins, it may be
that its parameters are optimized for this environment and
not a good description of molecules in gas phase. However,
we have currently not sufficient data to test this conjecture.
Another possible explanation for the discrepancy is that our
computer simulations do not describe correctly the experi-
ments that required partial charges on the ends of the ho-
mopolymers. Such charged polymers cannot be studied with
the current version of SMMP, and the different charge distri-
bution maybe responsible for the differences in our results.

4. Helix formation and folding

In order to understand in greater detail the relation be-
tween secondary structure formation and folding we have
further studied the artificial peptide Ala10–Gly5–Ala10 in gas
phase[17]. Since polyalanine has a pronounce helix–coil
transition in gas phase, we expect formation of�-helices in
our peptide, and we observe indeed a sharp transition be-
tween a coil phase at high temperatures and a helical phase at
low temperatures inFig. 3a, where the average number of he-
lical residues〈nH〉 is displayed as a function of temperature.
The helix–coil transition temperature can be determined
from the corresponding peak in the specific heat (Fig. 3c) at
T = 480± 10 K. However, we find for this quantity a sec-
ond, smaller peak at the lower temperatureTf = 265± 7 K
indicating yet another transition. That transition is related to
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Fig. 3. (a) Average number of helical residues〈nH〉(T), (b) average
end-to-end distance〈de–e〉(T) and (c) specific heatC(T) as function of
temperature as calculated from simulations of Ala10–Gly5–Ala10 in gas
phase.

a drop in the average end-to-end distance〈de–e〉T as plotted
in Fig. 3b. This quantity is a measure for the compactness
of a protein conformation and decreases with lowering tem-
perature. Below the helix–coil transitionThc the decrease
slows down and the curve becomes almost flat at a value of
〈de–e〉 ≈ 10 Å indicating that there is little further change in
the compactness of the molecule. However, at temperature
Tf the end-to-end distance decreases again sharply toward a
new value〈de–e〉 = 6.1 Å. Hence,Tf marks the folding of
the molecule into a defined compact structure with the two
terminal ends of the peptide close together. This scenario is
supported byFig. 4 in which we display our lowest-energy
configuration, a hairpin build out of two helices.

Our analysis suggests that in gas phase, Ala10–Gly5–Ala10
folds in a two step process. The first step is the formation of
�-helices and can be characterized by a helix–coil transition
temperatureThc = 485± 5 K. The formation of�-helices
then restricts the possible configuration space. Energeti-
cally most favorable is the folding of two�-helices (made
out of the alanine residues) into a hairpin. This second
step can be characterized by a lower folding temperature
Tf = 265± 7 K. We are currently investigating whether this
behavior can be reproduced in gas-phase experiments[18].

Fig. 4. Lowest-energy configuration of Ala10–Gly5–Ala0 as obtained from
multicanonical simulations in gas phase.

5. Structure prediction of small proteins

The importance of secondary structure formation in the
folding process can be seen again in recent simulations of the
villin headpiece subdomain, a 36-residue peptide (HP-36),
whose experimental structure was determined by NMR anal-
ysis [19]. We have chosen this peptide here because it has
raised in the past considerable interest in both theoretical
[22] and experimental studies[23]. Its structure consists
of three helices between residues 4–8, 15–18, and 23–32,
respectively, which are connected by a loop and a turn.
Using the above described energy landscape paving tech-
nique, an essentially correct structure was found in[10]
as lowest-energy configuration when protein-solvent inter-
actions where accounted for by a solvent accessible sur-
face term[20]. Fig. 5ashows the experimental structure and
Fig. 5bthe obtained lowest-energy configuration. The com-
putational determined structure has 95% of the native he-
lical content and 60% of native contacts are formed. The
root-mean-square deviation (RMSD) to the native struc-
ture is 5.8 Å when all backbone atoms where counted. On
the other hand, if protein-solvent interactions are neglected
and the peptide is simulated in gas phase, the native struc-
ture differs hasa ≈ 30 kcal/mol higher energy than the
lowest-energy configuration (Fig. 5c) that was found in this
simulation.

In order to understand more the differences between the
gas-phase results and that with a solvent accessible surface
term, parallel tempering simulations of HP-36 were per-
formed on 20 nodes of a cluster of IBM four-ways 375 MHz
SMP Thin Nodes with temperaturesT = 1000, 900, 800,
700, 610, 560, 530, 510, 495, 485, 475, 465, 450, 420,
390, 360, 330, 300, 27S, 250[21]. On each node, 150,000
MC sweeps were performed and a replica exchange move
was attempted after each sweep. The acceptance rate was
on average 30%. However, more important than the ex-
change rate is that replicas walk indeed across the whole
range of temperatures. This was carefully monitored by us
[21]. Both gas-phase simulations and such relying on a
solvent-accessible surface term with the parameter set of
[20] were performed.

From these parallel tempering simulations we have calcu-
lated the number of helical residues as function of and dis-
played inFig. 6. Little difference is found at high tempera-
tures. However, below the transition temperatureT ≈ 490 K
the data for both simulations diverge. The helicity grows
rapidly with decreasing temperature in the simulation of the
solvated peptide while it stays small in gas phase. As one can
see fromFig. 7, configurations in the two simulations differ
also in their compactness. Here, we show the average radius
of gyration 〈rgy〉(T) as a function of temperature. The cor-
responding values for the total number of contacts〈nTC(T)〉
are shown in the inlet. Both quantities indicate that configu-
rations in gas phase are substantially more compact than the
ones for the solvated molecule. For instance, atT = 300 K,
we find rrgy = 9.6(1)Å in gas phase compared torrgy =
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Fig. 5. (a) Experimentally determined structure of HP-36 as deposed in the PDB data bank, (b) lowest-energy configuration of HP-36 as obtained from
an ELP simulation of the solvated peptide and (c) lowest-energy configuration of HP-36 as obtained from an ELP simulation of the peptide in gas phase.
The figures are taken from[21].

12.5(1)Å in simulations of the solvated molecule. We con-
jecture that this bias toward compact configurations inhibits
the formation of�-helices, and that the low-energy states of
HP-36 in gas phase are characterized by large density and
low helicity. We also remark that the high transition temper-
ature ofT = 490 K agrees well with some recent findings
in simulations of the C-terminus�-hairpin from protein G
using the OPLSAA and AMBER force field[24].
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6. Conclusion

We gave a brief introduction into generalized-ensemble
techniques and their applications to the protein folding prob-
lem. Our examples demonstrate that these techniques are
well-suited for investigations into the physics of proteins.
With the advent of these and other modern sampling tech-
niques, all-atom simulations of proteins may now be more
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restricted by the accuracy of the present energy functions
than by the efficiency of the search algorithms.
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