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1. INTRODUCTION

Two major goals of computational chemistry are to provide physical insight by
modeling details not easily accessible to experiment and to make predictions in
order to aid and guide experiment. Both of these goals frequently involve the
calculation of free energy differences, since the free energy difference of a chemi-
cal process governs the balance of the different chemical species present and the
amount of chemical work available.

The ability to rapidly and accurately calculate free energy changes in com-
plex biochemical systems would make possible the computational design of new
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chemical entities, which has the potential to revolutionize a number of fields. Phar-
maceutical chemistry would benefit through virtual high throughput screening,
computational lead optimization, and virtual specificity screens, saving money
and time on early product development [1]. Chemical biology would benefit from
the creation of molecules to modulate the function of specific proteins in desired
ways, or by the design of enzymes to catalyze particular reactions. Reliable meth-
ods for efficient free energy computation would be widely useful in many other
fields, such as bioremediation and materials design.

2. BACKGROUND

When free energy methods were first applied to problems in drug discovery in
the early 1990’s, there was a great deal of excitement. This excitement cooled con-
siderably when it became clear that free energies could not reliably be obtained
for important applications such as ligand binding to receptors for drug design [2–
4]. Inefficient early methods and limited computer power meant that converged
free energies in complex heterogeneous systems were simply not achievable. Ad-
ditionally, many subtle sources of errors in simulation methods were not initially
understood, inhibiting comparison between research groups and hindering sys-
tematic improvement [5–10]. Many comprehensive reviews exist on the history
and use of free energy calculations, both from earlier decades [11–13], and more
recently [1,14–19]. Of special note is a recently released book with perhaps the
most comprehensive treatment of free energy calculations yet [20].

As free energy methods have improved and computational power has contin-
ued to grow exponentially, this promise has begun in small part to be fulfilled.
In the last five years, there has been a surge in research in free energy calcula-
tions. Although there remain formidable barriers to efficient property prediction
and chemical design, recent developments in free energy methods have begun to
yield converged, reproducible results for relatively complex phenomena such as
ligand binding. In this review, we will survey recent literature on methodological
improvements in free energy computation that have made this possible.

This review will specifically focus on current research using the most common
rigorously exact method, that of “alchemical” transformation. In an alchemical
transformation, a chemical species is transformed into another via a pathway of
nonphysical (alchemical) states. Many physical processes, such as ligand binding
or transfer of a molecule from gas to solvent, can be equivalently expressed as a
composition of such alchemical transformations. Often, these alchemical processes
are much more amenable to computational simulation than the physical process
itself, especially in complex biochemical systems. A relative ligand binding affin-
ity, for example, may be computed via a thermodynamic cycle by alchemically
transforming one ligand to another both bound to a receptor and in solution (Fig-
ure 4.1). There are other successful non-alchemical approaches to the computation
of free energy differences, such as phase equilibrium Monte Carlo methods for
modeling multicomponent fluids [21] and potential of mean force methods [22].
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FIGURE 4.1 Thermodynamic cycle for relative binding free energies. Across the top and
bottom are the absolute binding free energies (�Go) for two compounds, L1 and L2 , to a
protein of interest. Alchemical free energy calculations can be used to calculate the free energy
of turning L1 into L2 in water (��Gsolv) and in the binding site (−��Gsite). Then the relative
binding free energy can be calculated using �Go

1 − �Go
2 = ��Gsolv + �Gsite .

Alchemical approaches, however, generally allow for the larger range of confor-
mational complexity typical of biochemical systems.

Our focus in this review is on the efficiency and convergence of free energy
methods, rather than on accuracy, which is a function of the force field. Methods
that lead to converged free energies are a prerequisite to validation or improve-
ment of force fields. If the methods used are biased or incorrect, or the simulations
are simply not converged, any conclusions about the underlying models will likely
be wrong [5,6]. Within this relatively broad area of alchemical free energy calcu-
lations, we focus on two especially active areas of research: identifying the most
efficient free energy methods and improving the sampling of free energy meth-
ods. We will also review selected applications highlighting the emerging role of
alchemical free energy calculations in rational molecular design.

3. EQUILIBRIUM METHODS

In practice, an equilibrium alchemical free energy calculation is separated into
multiple stages: (1) selection of alchemical intermediates (see Section 5); (2) gen-
eration of uncorrelated samples at each intermediate (see Section 6); and (3) es-
timation of the free energy difference between the states of interest using one of
the analysis methods listed below. Each of these three stages present a number
of different choices, and comparing among all possible options becomes exceed-
ingly difficult. For this section, we restrict the comparison to methods that require
equilibrium simulations along a single alchemical path.

The classical free energy at inverse temperature β between two states charac-
terized by Hamiltonians H0 and H1 can be expressed as a ratio of their partition
functions Z = ∫

d� e−βH(�):

(1)�F = −β−1 ln
Z1

Z0
.

A relationship originally due to Zwanzig [23], which we will call exponential av-
eraging (EXP), shows that the free energy difference could be computed directly
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by

(2)�F = −β−1 ln〈e−β�E0→1〉0

where �E0→1 is the energy difference H1(�) − H0(�) of a point in phase space
�, and is averaged over the equilibrium ensemble of one of the end states. This
method is sometimes called free energy perturbation (FEP) in older literature, but
this name has become disfavored as other methods for computing free energy
changes by “perturbing” the potential have been developed.

However, EXP becomes inefficient when phase space overlap is low, that is,
when the configurations sampled with one Hamiltonian are very improbable in
the other, and visa versa. Because the statistical uncertainty of EXP grows expo-
nentially as the overlap in phase space between the states decreases, this method
requires an impractical amount of uncorrelated data to produce reasonable esti-
mates when overlap is poor [24–26]. Introducing a number of alchemical interme-
diate states can allow much more efficient computation of free energy differences
between Hamiltonians with little phase space overlap:

(3)�F = −β−1 ln
ZN

Z0
= −β−1 ln

Z1

Z0
· · · Z2

Z1
· · · ZN

ZN−1
=

N−1∑
n=1

�Fn→n+1.

A superior estimator, generally called the Bennett acceptance ratio (BAR), was orig-
inally proposed by Bennett [27] and later rederived in alternate ways which il-
lustrate important facets of its efficiency [24,28]. It makes use of expectations
computed at both the initial and final states:

(4)�F = −β−1 ln
〈f (�E0→1〉0

〈f (�E1→0) exp[−β�E0→1]〉1

where f (�E0→1) = [1 + (n0/n1) exp(β(�E0→1 − �F))]−1, and ni is the number of
configurations sampled from state i. By using information from both simulations,
BAR usually allows many fewer intermediate states to be used for equivalent pre-
cision to EXP [24,29].

When multiple alchemical intermediates are used, the weighted histogram analy-
sis method (WHAM) [30–32], can be applied to use information from all alchemical
intermediates to obtain an optimal estimate of the free energy differences between
all pairs:

(5)�Fk = −β−1 ln
K∑

k=1

〈[ K∑
k′=1

(nk′/nk) exp[β(�Fk′ − (�Ek→k′ ))]

]−1〉
k

.

Maximum-likelihood [33] and Bayesian [34] extensions based on WHAM have
been proposed, and WHAM has been shown to be equivalent to BAR in the case
of two states [29,30].

An alternative approach, called thermodynamic integration (TI) [35] can be used
by introducing a continuous series of intermediates in terms of a variable λ:

(6)�F =
∫ 1

0
dλ

〈
∂H
∂λ

〉
λ
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where the trapezoid rule or other quadrature methods [36,37] are used to approx-
imate the integral. As with any numerical integration, this approach will lead to
significant integration errors whenever the integrand 〈 ∂H

∂λ
〉 is not well-behaved.

As in any experiment, computed free energies are meaningless without a mea-
sure of the expected uncertainty of the measurement. The variance of many es-
timators has been worked out for the case of uncorrelated samples [29], though
block bootstrap methods can sometimes be used for more complex estimators or
when it is undesirable to discard correlated data [38].

Because all of these methods involve the time-consuming equilibrium sam-
pling of many uncorrelated configurations at a number of alchemical states, there
has been much recent interest in comparing the efficiency and bias of the various
estimators of free energy differences [24,29,39,40]. Efficiency can be measured as
the inverse of the variance in the free energy given a fixed amount of data, so more
efficient methods will require less data (and hence less computer time) to reach the
same level of precision [29].

Theoretically, WHAM (and BAR for two states) is the statistically optimal way
to compute free energies given potential energy difference between Hamiltoni-
ans [27,28]. Direct comparison between TI and other methods is complicated be-
cause it involves the derivative of the energy instead of an energy difference, and
introduces integration error that is difficult to quantify.

In practice, however, it appears that TI can be as efficient as WHAM under
conditions where the integrand is very smooth [29,39], such as charging or small
changes in molecular size, but WHAM (or BAR) appears to be significantly more
efficient than TI or EXP for free energies of larger molecular changes, sometimes
by almost an order of magnitude [24,29,40].

4. NONEQUILIBRIUM METHODS

Free energy differences can also be computed from nonequilibrium simulations
switching between two Hamiltonians, using measurements of the work W0→1
performed on the system during the switching process [41–46]. The Jarzynski re-
lation [41]

(7)�F = −β−1 ln〈e−βW0→1〉0

and its subsequent generalization by Crooks [42]

(8)�F = −β−1 ln
〈f (W0→1)〉0

〈f (−W1→0)〉1

hold for arbitrary f (W) if the system is initially prepared in equilibrium and
switching between the two Hamiltonians proceeds with the same schedule in all
realizations.

In the case of an instantaneous transformation, where W0→1 = H1 − H0, the
Jarzynski relation can be seen as a generalization of EXP, and Crooks relation can
be used to derive the BAR equation for nonequilibrium work [28,42]. A multi-state
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generalization of BAR has also been derived for nonequilibrium work measure-
ments [47].

A number of straightforward applications of the Jarzynski relation (often
termed “fast growth”) soon followed [44,48–50]. It was quickly realized, how-
ever, that the poorly sampled tails of the work distribution in Eq. (7) contribute
substantially to the free energy, posing difficulties in convergence similar to those
that occur with EXP [45,48,51]. Indeed, convergence was found to require a num-
ber of simulations that increased exponentially in the typical dissipative work
of the reverse process [45]. In practice, comparisons of fast growth methods and
more standard equilibrium simulations seem to show that application of non-
equilibrium measurements were often less efficient than equilibrium methods
[39,52].

Recently, a new generation of algorithms have emerged that exploit path sam-
pling methods [53,54] to speed convergence by enriching sampling of nonequilib-
rium trajectories that contribute the most to the expectation in Eq. (7). Sun trans-
formed the problem of computing the expectation in Eq. (7) into thermodynamic
integration of inverse temperature in path space, achieving reasonable statistical
errors in cases where selecting initial configurations from equilibrium would have
produced statistically unreliable results [55]. Ytreberg and Zuckerman employed
a general formalism for importance-sampling of path functionals [56] and built on
Sun’s proposal to sample paths with dominant contributions to the expectation in
Eq. (7) directly, achieving an increase in efficiency over the “fast growth” method
by two orders of magnitude for a model potential [57].

Despite these methodological advances, it is still unclear whether nonequilib-
rium methods can be more efficient than their equilibrium counterparts. Careful
theoretical and computational analysis of statistical error in the path importance-
sampling approach revealed that the minimum statistical error was obtained for
the fastest switching rates, which suggests that conventional umbrella sampling is
more efficient than biased path sampling [58]. Additionally, a comparison of equi-
librium and nonequilibrium methodologies for growing and charging a Lennard-
Jones sphere in water demonstrated that the importance-sampled nonequilibrium
approach can be more efficient than TI in cases where enthalpic barriers are large,
suggesting the question of which method is most efficient may be dependent on
the details of the system [39].

5. INTERMEDIATE STATES

To compute free energy differences between states with little overlap, it will usu-
ally be more efficient to compute the free energy along a pathway of intermediate
states. Free energy calculations can be made significantly more efficient by op-
timizing the choice of intermediate states for increased phase space overlap [36,
59–61],

The simplest path to construct is linear in the two end point Hamiltonians:

(9)H(λ) = λH1 + (1 − λ)H0.
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However, there is strong consensus that when annihilating or creating particles,
functional dependence of proportional to λn (where n is any integer), is insufficient,
as singularities in the r−1 (Coulombic) or r−12 (Lennard-Jones) parts of the poten-
tial energy leads to results that converge very slowly [59,61,62]. In some cases,
shrinking bonds while removing a molecule can eliminate the effect of these sin-
gularities, but this can lead to dynamical instabilities, and so is not recommended
for molecular dynamics [62].

These problems can be avoided by removing the singularity as a function of λ,
gradually rounding out the singularity at r = 0 for an r−n potential to zero, called a
“soft core” approach [59,63]. Further optimizations of the original soft core formu-
las have increased the efficiency noticeably [38,64–66]. At minimum, therefore, we
suggest first turning off the charged interactions between the alchemically chang-
ing groups and their environment, and then altering the Lennard-Jones (or other
highly repulsive core interactions) by means of a soft core pathway for highly re-
liable and relatively efficient calculations.

Although using a Lennard-Jones soft core has been proven to not be the opti-
mal path, it has been shown to be relatively close to the global optimum in the
space of λ pathways [61]. Some additional optimization may still be possible:
Rodinger et al. proposed a pathway based on adding a fourth distance dimen-
sion [67]; as the particle is taken to infinity in this dimension, it is alchemically de-
coupled from the environment. This is similar to previous alchemical approaches
where the extra dimension is treated as a dynamical variable [68,69], but in this
case it is treated solely as an alchemical parameter. By transformation of the in-
terval r2 ∈ [0, ∞) to λ ∈ [0, 1], this can easily be shown to be a type of soft core,
but with a different functional dependence on the alchemical parameter λ than
previously proposed methods. The Beutler et al. soft core functional form is not
particularly efficient for simultaneous removal of Coulombic and Lennard-Jones
potentials; the 4D pathway appears to be more efficient, as do other proposed
pathways [70], and comparisons between the methods might still lead to improve-
ments in efficiency.

Despite impressive progress, there are other directions in which optimization
of alchemical pathways can still be improved. For example, research in optimiz-
ing alchemical pathways has focused on minimizing the variance of TI, yet in most
cases, WHAM/BAR is a more efficient method. While the uncertainties of various
pathways using TI and WHAM/BAR are strongly related, they are not identical,
so further research will be needed to clarify the best pathway for BAR. Addition-
ally, some alchemical intermediates may suffer from long correlation times, and
what might be the minimum variance pathway in theory may not be the mini-
mum variance pathway in practice when the statistical efficiency is included.

Clever use of intermediates can provide other ways improve efficiency of free
energy calculations. For example, Oostenbrink et al. used a simulation of a single
unphysical soft core intermediate state to simultaneously find the free energy to
a large number of different molecules [71–74], allowing for the computation of
relative free energies between any two of the molecules from a single simulation.
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6. SAMPLING

For both equilibrium (Section 3) and nonequilibrium (Section 4) alchemical free
energy methods, it is necessary to generate a number of uncorrelated configu-
rations at one or more Hamiltonians. In many cases, a large number of such
configurations must be generated to obtain sufficiently precise results. This is
the time-consuming step in most free energy calculations, as slow or infrequent
conformational changes, like protein or ligand conformational rearrangement in
binding free energy calculations, make it very costly to generate uncorrelated con-
figurations.

While a number of methods to enhance conformational sampling have recently
been explored, the most notable of which are the class of generalized ensemble meth-
ods (see [75] for a review), we focus on specifically on methods that take advantage
of the choice of, or the coupling between, multiple alchemical intermediates.

6.1 Sampling using λ

Frequently, correlation times are much shorter for some alchemical intermediates
than others, because there may be uncharged or uncoupled states that experience
reduced energetic barriers. An obvious way to reduce correlation times through-
out all intermediates is by permitting exchanges between them, so that individ-
ual trajectories can visit intermediate states with short correlation times, rapidly
decorrelate, and return. One simple approach is to allow Metropolis Monte Carlo
moves between alchemical intermediates [76], which unfortunately results in the
system spending most of the time in the few alchemical states of lowest free
energy. To ensure near-equal visitation of intermediates (and hence more rapid
decorrelation), a biasing weight can be applied to each state, in analogy to simu-
lated tempering [77]. Though these weights must be estimated iteratively, a num-
ber of algorithms have emerged to do this automatically and efficiently [78–80].
After the weights have been fixed, free energies can be estimated using WHAM
[79] or even rapidly estimated from the history of Monte Carlo moves between
weighted intermediates [78].

An alchemical analog of the popular replica-exchange algorithm [81,82] can
be employed to avoid the need for biasing weights altogether. Exchanges can be
made between only the λ values (called Hamiltonian exchange) [83–85], or among
other parameters, such as temperature, as well [86]. A biasing potential that keeps
replicas spread out can also be employed, though TI must be used to extract the
free energy difference [87].

Alternatively, it is possible to treat λ as a dynamical variable, with fictitious
mass [88,89]. Because this is unlikely to sample the entire allowed range of λ when
the free energy varies more than kBT, a biasing potential can be employed to en-
sure more uniform sampling, and WHAM can be used to extract the free energy
difference at the endpoints [89].

Abrams et al. introduced a novel method for efficiently sampling in λ by heat-
ing the λ degrees of freedom to increase motion, but adiabatically decoupling them
from the rest of the system by greatly increasing the mass to avoid perturbing the
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dynamics of the other degrees of freedom. In one example, this appeared to be
twice as efficient as a similar calculation using BAR [64].

Of course, these methods are not a cure-all; in addition to standard cautions
regarding the efficiency of replica-exchange and generalized ensemble simula-
tions [90,91], it should be noted that degrees of freedom whose interactions are not
attenuated in any intermediate will not experience enhanced sampling. Slow re-
ceptor conformational changes or ion motions [92] in a ligand binding free energy
calculation may cause sampling problems. To improve mixing and reduce correla-
tion times for each state, generalized ensemble methods can also be employed for
each intermediate state separately to reduce correlation times [85,86].

6.2 Short correlation time intermediates

Above, we discussed how free energy calculations can be made more efficient by
choosing intermediate states or pathways with high overlap between neighbor-
ing states. Judicious choices of intermediates states can help isolate and resolve
sampling problems by reducing the correlation times at these intermediates.

For example, in absolute binding free energy calculations, at intermediate
states where interactions between the ligand and receptor are weak, the ligand
must explore a much larger volume to properly sample its configuration space.
This can lead to long correlation times, as well as the an improper standard state
for binding free energies [93–95]. To resolve this problem, several groups have
used an alternate thermodynamic cycle, first restraining the ligand position [96]
or additionally the orientation in the binding site prior to turning off interac-
tions between the ligand and the receptor, and then releasing the restraints [94,
97–101], leading to increased efficiencies. This gain comes because the restraints
effectively reduce the amount of configuration space that must be sampled at the
non-interacting state and at intermediate alchemical states. This reduces correla-
tion times and enhances sampling.

The use of restraints may provide a fairly general strategy for isolating sam-
pling problems and reducing correlation times. Restraints have also been applied
to ligand internal degrees of freedom using RMSD restraints [98,99], and could
easily be applied to protein degrees of freedom as well, with some potential ben-
efits [100]. Simulations of alchemical intermediates performed with restraints can
be fairly short, as many degrees of freedom are no longer accessible, and sampling
effort can be focused on obtaining converged values for free energies associated
with turning on and off the restraints. Given that alchemical free energy calcu-
lations often require many intermediate states, the increase in efficiency from
restraints may be large. This approach of isolating sampling problems using re-
straints may prove especially important, given that conformational degrees of
freedom can present very severe sampling problems [5].

Recent work has also pointed out significant sampling problems associated
with ligand orientational degrees of freedom in the context of ligand binding [97,
102] and suggested ways to combine contributions from multiple ligand orienta-
tions (generated by docking methods, for example) rather than the more tradi-
tional approach of simply running simulations long enough to sample all relevant
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orientations. Since time scales for reorientation of even very small ligands can be
long [97] this appears to result in significant efficiency gains as well [97], and will
likely be especially important whenever ligand bound orientations are not already
known, or where there are multiple relevant orientations.

7. APPLICATIONS

In this review, we have attempted to demonstrate that the potential for precise and
efficient alchemical free energy calculations has greatly increased in recent years.
However, to what extent is it possible to say that free energy calculations have
begun to fulfill this potential? What is the evidence in the last several years that
free energy methods actually are “ready for prime time?”

7.1 Small molecule solvation

One area where free energy calculations are showing their utility is in the compu-
tation of solvation and transfer free energies of small molecules for the purpose of
understanding and improving force field models. Free energies are ideal quantities
for comparing to experiment, as they can be measured much more directly than
most structural parameters observed by spectroscopic means. Computing the sol-
vation energy of small solutes has been possible for twenty years [103], but early
studies were restricted to relative free energies, and were costly enough to perform
at high precision that quantitative force-field improvement via evaluation of many
solvation free energies was out of the question.

In the last several years, improved alchemical methodologies and increased
computer power have made it possible to compute the free energies of large sets
of small molecules with precision of less than 0.1 kcal/mol, sufficient to verify
the validity of force-field parameters for small molecules [38,64,104–110]. Similar
gains in efficiency were obtained for small molecule solvation through variations
on Monte Carlo sampling of the Gibbs ensemble [111–114].

Advances in free energy methods have lead to a number of recent discover-
ies about biomolecular force fields from small molecule solvation simulations that
were not previously possible. Oostenbrink et al. demonstrated that it was impos-
sible to simultaneously fit bulk liquid properties, free energies of hydration, and
free energies of solvation in cyclohexane to experiment with the same fixed charge
models [109]. Mobley et al. demonstrated that using higher levels of quantum
mechanical calculations for calculating atomic partial charges did not improve hy-
dration free energies, suggesting at least part of the problem lies in other parts of
the force field [38]. Hess et al. obtained both enthalpy and entropy estimates for
free energies of solvation and found that contemporary force fields may produce
relatively accurate free energies and other properties even though the enthalpy
and entropies may have systematic errors [108]. The ability to explore these issues
presents many more opportunities for the rational design of molecular force fields
than existed previously.
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7.2 Small molecule binding affinities

A “holy grail” of computational chemistry has been the estimation of ligand bind-
ing affinities or free energies to receptors. To this end, alchemical free energy
calculations have often been applied to calculate relative binding free energies of
structurally similar ligands. This has been an area of active research for nearly 20
years, and the literature, even from the last several years, is too abundant for an
exhaustive review. But recent work suggests that binding free energies may be
another area where free energy calculations are ready for broader use.

In particular, several recent studies have highlighted the advantages of al-
chemical relative free energy calculations compared to approximate methods like
MM-GBSA and docking [115–118]. Alchemical methods have also been success-
fully applied in a lead-optimization context (Ref. [17] and references therein). It
appears that in this area, free energy calculations are already useful, but with large
remaining hurdles to their more widespread use such as the computational cost
and the difficulty of setting them up [117,119–121]. Several interesting applications
have been to the estrogen receptor [71,74], neutrophil elastase [118], enantioselec-
tivity in lipase B [122], and the src kinase SH2 domain [119].

In principle, if absolute binding free energies can be calculated, relative binding
free energies follow as a by-product, without any of the difficulties of setting up
complex dual state topologies [119,120] or identifying suitable intermediates [71,
72,123]. Absolute binding free energy calculations involve a number of complica-
tions not encountered in relative binding free energies, not the least of which is a
much smaller conformational overlap between end states [93,94,124]. They have,
however, been applied with some success to several systems just in the past sev-
eral years [96,102,125]. RMS errors relative to experiment remain high in many of
these studies, and RMS errors between different computational experiments are
sometimes over 1 kcal/mol for larger ligands, even when the same force field pa-
rameters are used, so more work remains to be done. Nevertheless, they show
great promise, outperforming docking methods and even successfully making
quantitative binding affinity predictions [101]. These also provide a more strin-
gent test of free energy methods than do relative free energy calculations, and
have highlighted several potential challenges for binding free energy calculations
generally [97,100,102]. An alternative approach to binding free energy calculations
is via potentials of mean force [126,127], but these are outside the scope of this re-
view.

Overall, the outlook in the context of protein–ligand binding is extremely
promising, and these calculations are beginning to reach the point where com-
putational costs can be affordable even for local computer clusters and absolute
binding affinities.

8. CONCLUSION

There is still much work to do in determining optimal free energy methods, and
even more in making them easy for the average practitioners to apply. With the



52 M.R. Shirts et al.

proliferating combinations of methods, more systematic comparisons are manda-
tory. Most free energy methods work efficiently on low-dimensional toy problems
that have been common for testing these methods, such as coupled harmonic os-
cillators or one-dimensional potentials, or small molecular changes like enlarging
particle radii. But since most practical free energy calculations involve annihilat-
ing at least one particle, we suggest that all comparisons of new methods for free
energy differences in biomolecular systems at least include the measurement of
the free energy annihilation of water or a small solute in water, or the napthalene-
to-napthalene null transformation [62], for which the answer is by definition zero.

As free energy methods see more widespread use, assessment of convergence
becomes even more important. While much progress has been made in this area
in recent years, a great deal remains to be done before automatic diagnostics are
able to replace careful analysis. Reverse cumulative averaging [128] can automati-
cally detect when the simulation has reached equilibrium, provided the simulation
has sampled all relevant regions of configuration space. Measures of phase space
overlap [129,130] can help determine when the choice of alchemical intermediates
is inadequate. It is possible to efficiently estimate correlation times [131–135] to
verify if each alchemical intermediate contain a sufficient number of uncorrelated
samples for convergence, but these correlation time estimates will be unreliable
if some conformational states have not yet been adequately sampled. A simple
way to diagnose this problem is to initiate separate free energy calculations from
very different starting structures to ensure that the same result is recovered to
within statistical uncertainty; this idea was suggested by Gelman and Rubin many
years ago in the Markov chain Monte Carlo literature [136], but is not commonly
applied. Free energy estimates without associated uncertainty analysis and con-
vergence tests are very often meaningless.

In addition to applying methods to new systems, it is useful to have standard,
nontrivial test systems to compare new methods. Two such systems that have been
used as benchmarks by multiple groups for ligand binding are the engineered
cavity mutants of T4 lysozyme [94,97,99,101,124,137] and FKBP-12 binding pro-
tein [96,98,102,125,138,139]. The T4 lysozyme system has the advantage of binding
relatively small molecules, removing some of the sampling issues, and being rel-
atively small. It is also very well characterized experimentally [140–144]. FKBP
ligands are much larger, with many rotatable bonds and complicated heterocycles,
but the protein itself is even smaller (only 107 residues) and compact, has very lit-
tle conformational change, and high-quality experimental studies with a variety
of ligands over a very large range of binding affinities [145–147]. Although these
model systems have little direct practical biological relevance, they provide a valu-
able resource for testing and comparing new methods. Until we can demonstrate
that current methods work adequately on these simpler systems (for example, that
calculations converge when started from independent structures) it seems unprof-
itable to focus on much larger systems where any sampling challenges are likely
to be worse.

In an effort to make alchemical free energy calculations more accessible to
non-experts, and help scientists avoid some of the numerous pitfalls possible
in these calculations, we are developing a community-based web site, Alchem-



Alchemical Free Energy Calculations: Ready for Prime Time? 53

istry (http://www.alchemistry.org). This site is intended as a repository for back-
ground information, tutorials, input files and results for standard test cases, and
best practices for alchemical free energy calculations, as well as tools for simu-
lations and links to recent literature. We hope this will develop as a collaborative
tool that will make alchemical methods more accessible to the community at large.

Free energy methods are rapidly becoming standard tools for computational
chemists, as computational power grows and methods increase in efficiency. As
methods continue to be standardized, and as understanding of error bounds and
limitations continues to grow, free energy calculations will contribute more and
more substantially to rational design in biological and other molecular systems.
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