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Abstract

Molecular docking programs play a crucial role in drug design and development. In recent years,
much attention has been devoted to the protein-peptide docking problem in which docking of a
flexible peptide with a given protein is sought. In this work we present a docking algorithm which
is based on the use of a filling function method for continuous global optimization. In partic-
ular, the protein-peptide docking position is found by minimizing the conformational potential
energy function based on an appropriate mathematical model. The resulting global optimiza-
tion problem presents some difficulties, since it is a large-scale one and the objective function
is non-convex, so that it has many local minima. The method consists in modifying the poten-
tial function by adding to it a term in order to fill the basin of a local minimum. This allows
to escape from that local solution and moreover, by properly exploiting the filling strategy, to
explore large regions in the peptide positional and conformational space. Moreover, in order to
obtain more accurate results, we search the solution by performing a two-phase optimization
process. In particular, in a first step only the carbon C atoms of the protein and peptide are
considered thus obtaining an approximate docking solution. Then, the energy function is com-
pleted by considering all the peptide and protein atoms so that starting from the solution of the
first phase, the new minimization process gives a more accurate result. We present numerical
results on a set of benchmark docking pairs and their comparison with those obtained by the
well-known software package PacthDock for molecular docking.

Key words: Protein-peptide docking; potential energy model; continuous global optimization.
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Figure 1: Docking position of: (a) peptide HIS-ALA-GLY-PRO-ILE-ALA, also known as
CHEMBL356871, with protein 1awq; (b) dipeptide-chymotrypsin with protein 1ab9

1 Introduction

In this paper we address the problem of docking a peptide molecule Q with small sequence
of residues, e.g. a drug candidate, onto the structure of a given “reference” protein P (with
P and Q we also refer to the set of their atoms, respectively).
In particular, we search the docking pocket and position of peptide Q onto protein P. In
Fig. 1 are shown two examples (the images are obtained by applying the software PyMol
on data taken from [5]).

In this paper we assume that:

(i) the tertiary structure of P (i.e. all protein atoms coordinates in the space) is known
and P is a rigid body;

(ii) the primary structure of Q (i.e. its residue sequence) is known and unchangeable
and Q is fully flexible in its tertiary structure.

Molecular docking programs play a crucial role in drug design and development. In recent
years, much attention has been devoted to the problem of finding the docking position of a
flexible peptide Q onto a known protein P. The automated prediction of protein-peptide
interactions is one of the most challenging problems in structural biology, particularly
when, having Q a small sequence of residues, the number of feasible docking pockets is
high (see e.g. [3, 15]).
The approaches proposed until now may be classified into two kinds. The first one exploits
a geometry-based approach for finding docking transformations yielding good molecular
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shape complementarity (e.g., the well-known package PatchDock [15] is of this kind)+.
Most of these methods consider also the peptide as a rigid body, which is a rather restrictive
assumption.
The second class of methods search for the correct molecular docking by minimizing suc-
cessive approximations of a given potential energy function, which are constructed by
means of some suitable parameters, in order to simplify the single minimization step (see,
e.g. [16], [3]). Most of these methods, allow for receptor and ligand flexibility [4, 3, 16]
and adopt a minimization process based on a multi-start strategy with the steepest de-
scent or conjugate gradient methods as local minimization tools. We note that this way of
performing the optimization process gives rise to docking configurations which may often
result far from the searched positions.
All these methods assume a pre-selection by the user of the position in the protein involved
in the docking (choice of the receptor or binding site).

We remark that in this work no assumption is made on any prior knowledge about the
docking pocket, unlike almost all analogous algorithms (e.g. DynaDock [3], Autodock [14],
FDS [16]). The problem is addressed by defining a suitable mathematical model of the
total potential energy of the protein-peptide interaction. Then, a minimization process of
that energy function is implemented by using a filling function strategy [11], allowing the
algorithm to escape from any encountered local solution.
Finally, in order to improve the docking result we adopt a two-phase optimization strat-
egy. In particular, we use a simplified energy function including in the model only the
interaction among the Cα atoms of the protein and the peptide. Since the energy con-
tribution of intra-protein and intra-peptide atoms compounds are ignored, we introduce
some constraints on the problem variables, in order to preserve the primary sequence of
the given peptide.
In the second phase we reconstruct the position of all peptide atoms taking into account
the computed Cα positions, and we improve the initial guess by minimizing the more
complete interaction energy funtion.

2 The mathematical model

It is known [8] that in nature molecules interact and dock onto each other in such a way
that the potential energy of the whole molecule system is as small as possible. Then,
by constructing a mathematical representation of the potential energy and by minimizing
that function, we can obtain the solution of the protein-peptide docking problem. Since
the evaluation of the energy of the two interacting molecules is very expensive from a com-
putational point of view, approximate mathematical models (often called force fields) have
been defined, like for instance: AMBER [8] (Assisted Model Building with Energy Refine-
ment); ECEPP [13] (Empirical Conformational Energy Program for Peptides); CHARMM
[6] (Chemistry at HARvard Molecular Mechanics). These differ from each other in the
values of some key coefficients that are included in the analytical expression of the energy
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(a) (b) (c)

Figure 2: Schematic representation of Elink (a), Eangle (b) and Edihedral (c) energy terms

function.
According to [8], the potential energy of a compound of molecules is given by

Etot = Ebond + Enonbond

where the two terms denote the energy due to covalently bonded and non-bonded set of
atoms respectively. In particular, we have

Ebond = Elink + Eangle + Edihedral

Enonbond = EV dW + ECoulomb,

where:

Elink =
∑

(i,j)∈L

1

2
Kb
i (rij − r0ij)2,

Eangle =
∑

a=(i,j,h)∈A

1

2
Kθ
a(θa − θ0a)2,

Edihedral =
∑

d=(i,j,h,`)∈D

1

2
Kφ
d [1 + cos(nφd − γ)],

EV dW =
∑

(i,j)∈P∪Q

4εij

(
σ12ij
r12ij
−
σ6ij
r6ij

)
,

ECoulomb =
∑

(i,j)∈P∪Q

qiqj
4πε0rij

,

and L,A,D are sets of pairs, triplets and quadruplets of covalently bonded atoms respec-
tively belonging to P and/orQ (see Fig. 2). The values of the constantsKb

i , r
0
ij ,K

θ
a , θ

0
a,K

φ
d ,

n, γ, εij , σij , qi, ε0 are specific of the chosen model.
Since by assumption (i) the protein is considered a rigid body, the energy contribution due
to pairs, triplets and quadruplets of its atoms are negligible, so that terms Elink, Eangle,
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and Edihedral are due only to the peptide atoms. Thus, the potential energy function of
our model becomes

Etot = Ebond(Q) + Enonbond. (1)

Moreover, observing that in the protein-peptide interaction substantially only atoms of
the protein surface are involved, we further simplify the model including in term Enonbond
only the atoms of the P Connolly surface [9]. Therefore, the cardinality of set P is
considerably reduced, thus obtaining a simplified (but still sufficiently accurate) energy
model with advantage in its computation.
Denoting by x ∈ R3|Q| the vector of peptide atoms coordinates, the protein-peptide docking
problem can be formulated as:

min Etot(x)
s.t. x ∈ D, (2)

where
D = {x ∈ R3|Q| : l ≤ x ≤ u},

with l, u ∈ R3|Q| such that all the minimum points of Etot(x) belong to D.

3 The global optimization algorithm

In order to solve Problem (2) we use the global optimization algorithm proposed in [12].
Here we briefly describe the method and we refer to [12] for the details.
In particular, the algorithm uses a gaussian-based filling function as a tool to escape from
the basin of attraction of a local minimum xo. Let Ho be the Hessian matrix Ho = ∇2f(xo)
which is positive definite by assuming that any minimum point is isolated. Then, we
consider the quadratic model of f at xo, i.e.

q(x;xo) =
1

2
(x− xo)THo(x− xo), (3)

and we consider the following function:

ϕ(x;xo) =
β

1− exp(−αq(x;xo))
− β, (4)

where α and β are positive scalars.
A modified objective function f̂ is constructed by adding ϕ(x;xo) to the original function
f(x):

f̂(x;xo) = f(x) + ϕ(x;xo). (5)

It can be easily seen that function f̂(x;xo) is substantially the original function modified
only locally, i.e., obtained by “filling” f within a neighborhood of xo, whose shape is de-
termined by the matrix Ho, and hence according to the basin shape, and whose amplitude
can be varied by taking different values of the parameter α.
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Then, by applying the local optimization routine to f̂(x;xo) starting from a point near
xo we obtain a stationary point x̂ which cannot be xo, and which (in general) is not a
minimum of f .
By applying again the local optimization routine to f starting from x̂, we get a minimum
point which, either is the same minimum xo, or is a new minimum point of f . In the first
case, the value of α is not sufficiently low to escape the basin of attraction of xo, and a
lower α value is needed.

Using this simple device, we define the following global optimization procedure.
Once a minimum xo has been found, we perform a prefixed number p of local searches
applied to the modified function f̂(x;xo) by setting decreasing values of the parameter α,
and the corresponding local searches applied to f(x). The initial value of α is chosen in
such a way that the neighborhood of xo where f(x) is filled, is sufficiently small in order
to locate possible minima near xo, while the last value is taken low to discover minima
far from xo. Then, a certain number m ≤ p of new minimum points of f are determined.
Among these, that for which the function value is the lowest, say x`, is selected as new
starting point of the procedure even if f(x`) > f(xo). Obviously, if f(x`) < f(xo), the
point xo is replaced by x` as the current best minimum point. At the subsequent restarts,
the minimum point x` corresponding to the lowest function value is discarded if it coincides
with one of the minima from which the process was already restarted, and the new restart
is performed from the best minimum point among the remaining. When no new minimum
point is found, i.e., m = 0 (to avoid as much as possible this last occurrence, the number
p should be taken at least of the order of some tens), or when all the new minima were
already used as restarting points, the procedure ends. Obviously, it is possible to define an
algorithm where a further point is chosen at random and the above procedure is repeated.
In this case, to avoid repetition of the same path, this further point is discarded if the
new local minimum, determined by the local search routine, is near any one of the minima
from which the procedure was already restarted.
As regards the parameters α and β in function (4), in order to establish the amplitude of
the neighborhood of a minimum xo where the function f is filled, let s be a distance from

xo, and, denoting by hm the mean of the diagonal elements of Ho, hm=(1/n)
n∑
j=1

ho(j, j),

we take

α =
9

hms2
, β =

√
2π

3
s . (6)

Thus, in the direction along which the curvature of f is hm, the prefixed distance s
corresponds to 3σ, where σ is the standard deviation of the Gaussian function in the
denominator of (4).
The procedure employs p increasing values of the prefixed distance s, and correspondingly
the function f is filled within neighborhoods of xo larger and larger.
The above procedure is formalized as follows.
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Global Optimization ALgorithm (GOAL)

Data. Scalars s = so, ε > 0, ∆s > 0, an integer p > 1, ∆x ∈ Rn.

Step 1. Generate at random a point x̃ ∈ Rn, compute f(x̃), and apply the local search
routine for minimizing f(x). Let xo be the minimum reached.
Set r = 1, x(r) = xo, fmin = f(xo) and xmin = xo.

Step 2. Compute Ho=∇2f(xo), and hm=(1/n)
n∑
j=1

ho(j, j). Set i=1 and f`=f(x̃).

Step 3. Compute the parameters α and β in (6), where s = s + ∆s, and starting from
xo + ∆x, minimize f̂(x;xo). Let x̂i be the minimum reached, minimize f(x)
starting from x̂i, and let xi be the minimum obtained.

Step 4. If ‖xi−x(k)‖ > ε, for all k = 1, . . . , r, and f(xi) < f`, set f` = f(xi), and x` = xi.
Set i = i+ 1, and if i ≤ p go to Step 3.

Step 5. If f` < fmin, set fmin = f`, and xmin = x`.
Set r = r + 1. If f` < f(x̃), then set x(r) = x`, xo = x`, and go to Step 2;
otherwise, stop.

The algorithm stops when no new minimum point is found, i.e., m = 0.
GOAL is included into an algorithm where the procedure is repeated starting from a
suitably generated sequence of initial points. In particular, we refer to the generator of
starting points DIRGEN [7], which is a DIRECT-type strategy [10].

GOALr (repeated)

Data. l, u ∈ Rn. Set x∗0 = (u− l)/2, P0 = ∅, and j = 0.

Step 1. Set j = j + 1. If Pj−1 = ∅, then Apply DIRGEN to generate a set of initial

points Pj ⊂ D, otherwise set Pj = Pj−1.
Choose a point x̃j ∈ Pj , set Pj = Pj \ {x̃j} and let xmin,j be the final minimum

point obtained by GOAL sarting from x̃j .

Step 2. If f(xmin,j) < f(x∗j−1), set x∗j = xmin,j , otherwise set x∗j = x∗j−1, and go to

Step 1.

As discussed in [12], Algorithm GOALr enjoys the so-called everywhere dense convergence
property.
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Table 1: Protein-peptide pairs description

PDB name N M

1A30 3 99

1AWQ 6 58

1I31 6 97

1G3F 9 69

1VWG 8 47

1AB9 10 51

1BE9 5 35

PDB name N M

1GUX 9 142

2FIB 4 77

1BXL 16 95

1DUZ 9 250

1F95 9 32

1YCQ 11 33

1EG4 13 33

PDB name N M

1IO6 10 59

1CKA 9 66

1ELW 8 28

2SEB 12 219

1CE1 8 85

1EVH 5 47

1BC5 5 98

Table 2: Results in terms of RMSD between computed and real docking

PDB name RMSD(Å)

1A30 13.222720

1AWQ 24.318745

1I31 26.658756

1G3F 6.9376416

1VWG 7.3430915

1AB9 12.465068

1BE9 34.342587

PDB name RMSD(Å)

1GUX 34.998142

2FIB 7.8162737

1BXL 2.7048140

1DUZ 24.925062

1F95 4.8188996

1YCQ 24.271965

1EG4 20.896873

PDB name RMSD(Å)

1IO6 7.3286142

1CKA 60.587334

1ELW 25.336105

2SEB 32.416576

1CE1 28.857986

1EVH 15.977412

1BC5 38.954090

4 Preliminary numerical results

We implemented our method in double precision Fortran90 and run the code on an Intel
core 2 duo processor with 4GB Ram under Linux operatig system by taking ∆s = s = 0.1,
ε = 10−3, and p = 25. We run GOALr starting from ten initial points (i.e. ten peptide
positions) generated by DIRGEN.
We applied GOALr to proteins in complex with specific ligands which are taken from the
Protein Data Bank (PDB) [5]. We selected 21 protein-peptide pairs which are described
in Table 1, where we report for each pair:

- the name of the PDB entry;

- the number N and the number M of peptide and protein residues, respectively.

The results are summarized in Table 2 where we report, for each protein-peptide pair: (a)
the name of the PDB entry; (b) the RMSD (root mean square distance) in Angstrom (Å)
between the computed and the known peptide docking position.
These results appear to be in some cases relatively good, but in other cases not sufficiently
accurate (RMSD ranging from 2.70Å to 60.59Å, and only in 6 problems over 21, RMSD
is lower than 10Å).
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5 A two-phase constrained programming approach

We consider here a refined optimization process for improving the preceding results by
introducing a two-phase procedure. In the first one we search for the protein pocket by
using a simplified potential energy function by introducing some suitable constraints. In
the second phase the peptide position obtained in the first one is refined by minimizing a
more complete potential energy function.

Phase 1.

Only the Cα atoms of the protein-peptide compound are considered. The simplified po-
tential energy function includes only the following energy terms: (a) Van der Waals, (b)
Coulomb, and (c) a statistically defined energy-like contribution, which are (between pairs
of Cα atoms (i, j) ∈ P ×Q):

EijV dW = 4εij

[(
σij
rij

)12

−
(
σij
rij

)6
]
,

EijC =
qiqj

4πε0rij
,

EijTD = astatij

(
1− 1

1 + e−γ(rij−req)

)
.

In particular, the sigmoid contribution term EijTD has been introduced in the knowledge-
base of Thomas and Dill [17]; for each pair (i, j) ∈ P ×Q, the energy-like coefficient astatij

measures how much the two atoms are statistically likely to contact each other. Thus, our
simplified function is

E′tot =
∑

(i,j)∈P×Q

(
EijV dW + EijC + wEijTD

)
, (7)

where w is a weighting coefficient used to modulate the relative influence between the
third and the first two terms.
In order to preserve Q primary sequence and to ensure full Q flexibility, we add some
simple constraints:

rci,i+1 = 3.8Å, ∀ i ∈ Q, i = 1, . . . , N − 1, (8)

rci,k ≥ 3.8Å, ∀ i, k ∈ Q, i = 1, . . . , N − 2, k = i+ 2, . . . , N, (9)

(rc1,N )2 ≥ 0.4`2max, (10)

where rci,j denotes the distance between the i-th and j-th Cα atoms of the peptide and

`max = 3.8(N − 1)Å is the maximum length of the peptide Cα atom chain.
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Constraints (8) and (9) guarantee that the peptide primary sequence is not modified, while
(10) is needed to avoid that the structure results too twisted (that is, the squared distance
between the first and the last Cα Q atoms must be no less than 40% of `2max).

Then, the first phase consists in solving the following nonlinear constrained problem:

min
x∈R3N

E′tot(x)

s.t. (8), (9), and (10).
(11)

We observe that Algorithm GOALr for unconstrained global optimization problems may
also be used to solve this problem, provided that a local constrained optimization routine
is available (we employ the augmented Lagrangian algorithm ALGENCAN described in
[1, 2]).

Phase 2.

Once the positions of the Q Cα atoms are calculated, we consider the more complete
energy function Etot(x) (1) and we add to it a regularization term in order to penalize the
distances di, i = 1, . . . , N , between the i-th Q Cα atom and its corresponding position
obtained in the first phase:

min Etot(x) +

N∑
i=1

d2i

s.t. x ∈ R3|Q|.

(12)

6 Final numerical results and conclusion

The final results have been obtained by taking, in term EijTD, γ = 4 and req = 7.5.
In Fig. 3 we show, as an example, the computed docking position for the case 1A30.
In order to evaluate the influence of the weighting parameter w in the modified potential
energy (7), we report in Table 3 the results obtained by taking w = 0, 1, 10, 20.
We consider as good any result for which RMSD < 10Å, i.e. the solution can be considered
sufficiently close to the true position (the number of such cases over 21 is reported at the
end of Table 3). We observe that in the column w = 10 the mean of RMSD over 21 cases
is the lowest. From these results, it can be concluded that the influence of the statistical
potential term ETD has a relative importance.

Finally, we report in Table 4 the comparison of the results with w = 10 (Table 3) with those
obtained by applying the software package PatchDock [15] by using its default settings
and starting from the same 10 peptide positions used by GOALr.
We observe that our algorithm gives good results (RMSD < 10Å) on 17 cases over 21,
while PatchDock on 6 over 21. Moreover, we note that our worst result is 1CE1 with
RMSD=18.44Å while that in the second column is 1CKA with RMSD=59.45Å.
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Table 3: Influence of the statistical potential term ETD with w = 0, 1, 10, 20
w = 0 w = 1 w = 10 w = 20

PDB name RMSD (Å) RMSD (Å) RMSD (Å) RMSD (Å)

1A30 8.405454 4.1021442 4.624203 5.017705

1AWQ 9.324394 8.6659565 7.666582 7.204328

1I31 9.145371 8.9724503 9.277303 9.010107

1G3F 7.2817044 7.0847816 10.022137 10.56941

1VWG 8.511778 9.9112635 7.932511 8.555477

1AB9 7.2132416 8.4754601 7.9945745 7.586982

1BE9 6.7077765 5.4053221 5.9691744 6.318897

1GUX 18.004704 16.225876 13.140095 13.14232

2FIB 7.701962 6.9578347 8.358985 8.296103

1BXL 6.5164466 3.744463 3.7833543 3.997882

1DUZ 19.590076 9.2800999 7.613755 19.65474

1F95 7.091435 6.9069061 7.9120264 8.162895

1YCQ 6.3804975 5.5156422 6.6956816 6.545094

1EG4 6.467807 7.1725159 6.5862813 6.062716

1IO6 4.4245906 4.8167729 4.2974496 4.168911

1CKA 3.5217075 5.2367024 3.4743752 4.817621

1ELW 6.946433 5.5941148 5.3917737 5.373043

2SEB 6.9365654 11.290374 7.027582 6.813974

1CE1 20.054298 19.159685 18.438683 20.04466

1EVH 10.398325 10.793805 9.914731 9.801800

1BC5 21.662464 19.027071 16.828922 19.51020

RMSD < 10Å 16 16 17 17

mean of RMSD 9.63272 8.778059 8.235723 9.078803

It is likely that, by allowing aklso for receptor flexibility, the results could be even more
accurate.

The results obtained show that our approach may be considered a valuable alternative to
other methods proposed in the literature.

References

[1] R. Andreani, E.G. Birgin, J.M. Martinez, and M.L. Schuverdt. On augmented la-
grangian methods with general lower-level constraints. SIAM Journal on Optimiza-
tion, 18:1286–1309, 2007.

11



Table 4: Distances between computed and known positions
GOAL PatchDock

PDB name RMSD (Å) RMSD (Å)
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