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Sometimes, drug discovery works well
Bcr-Abl fusion constitutively activates ABL in CML patients, 

resulting in unchecked white blood cell proliferaton

imatinib bound to c-Abl [PDB:1IEP]

Nature Biotech 23:329, 2005

human kinome 
[518 kinases]

imatinib 
[blockbuster drug]

staurosporine 
[toxic natural product]



DRUG DISCOVERY USUALLY ENDS IN FAILURE

Scannell et al. Nature Rev Drug Disc 11:191, 2012

Nature Reviews | Drug Discovery

b  Rate of decline over 10-year periods
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c  Adjusting for 5-year delay in spending impact
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The magnitude and duration of Eroom’s 
Law also suggests that a lot of the things that 
have been proposed to address the R&D pro-
ductivity problem are likely, at best, to have a 
weak effect. Suppose that we found that it cost 
80 times more in real terms to extract a tonne 
of coal from the ground today than it did 
60 years ago, despite improvements in mining  
machinery and in the ability of geologists 
to find coal deposits. We might expect coal 
industry experts and executives to provide 

explanations along the following lines: “The 
opencast deposits have been exhausted and 
the industry is left with thin seams that are 
a long way below the ground in areas that 
are prone to flooding and collapse.” Given 
this analysis, people could probably agree 
that continued investment would be justified 
by the realistic prospect of either massive 
improvements in mining technology or large 
rises in fuel prices. If neither was likely, it 
would make financial sense to do less digging.

However, readers of much of what has 
been written about R&D productivity in 
the drug industry might be left with the 
impression that Eroom’s Law can simply be 
reversed by strategies such as greater man-
agement attention to factors such as project 
costs and speed of implementation26, by 
reorganizing R&D structures into smaller 
focused units in some cases27 or larger units 
with superior economies of scale in others28, 
by outsourcing to lower-cost countries26,  
by adjusting management metrics and 
introducing R&D ‘performance score-
cards’29, or by somehow making scientists 
more ‘entrepreneurial’30,31. In our view, these 
changes might help at the margins but it 
feels as though most are not addressing  
the core of the productivity problem.

There have been serious attempts to 
describe the countervailing forces or to 
understand which improvements have been 
real and which have been illusory. However, 
such publications have been relatively 
rare. They include: the FDA’s ‘Critical Path 
Initiative’23; a series of prescient papers by 
Horrobin32–34, arguing that bottom-up  
science has been a disappointing distraction;  
an article by Ruffolo35 focused mainly on 
regulatory and organizational barriers;  
a history of the rise and fall of medical inno-
vation in the twentieth century by Le Fanu36; 
an analysis of the organizational challenges 
in biotechnology innovation by Pisano37; 
critiques by Young38 and by Hopkins et al.39, 
of the view that high-affinity binding of a 
single target by a lead compound is the best 
place from which to start the R&D process; 
an analysis by Pammolli et al.19, looking at 
changes in the mix of projects in ‘easy’ versus 
‘difficult’ therapeutic areas; some broad-
ranging work by Munos24; as well as a  
handful of other publications.

There is also a problem of scope. If we 
compare the analyses from the FDA23, 
Garnier27, Horrobin32–34, Ruffolo35, Le Fanu36, 
Pisano37, Young38 and Pammolli et al.19, there 
is limited overlap. In many cases, the differ-
ent sources blame none of the same counter-
vailing forces. This suggests that a more 
integrated explanation is required.

Seeking such an explanation is important 
because Eroom’s Law — if it holds — has 
very unpleasant consequences. Indeed, 
financial markets already appear to believe 
in Eroom’s Law, or something similar to it, 
and the impact is being seen in cost-cutting 
measures implemented by major drug com-
panies. Drug stock prices indicate that inves-
tors expect the financial returns on current 
and future R&D investments to be below 
the cost of capital at an industry level40, and 

(KIWTG���^ Eroom’s Law in pharmaceutical R&D. a�̂ �6JG�PWODGT�QH�PGY�FTWIU�CRRTQXGF�D[�VJG�75�
(QQF�CPF�&TWI�#FOKPKUVTCVKQP�
(&#��RGT�DKNNKQP�75�FQNNCTU�
KPHNCVKQP�CFLWUVGF��URGPV�QP�TGUGCTEJ�
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TQDWUV�VQ�VJG�RTGEKUG�FGVCKNU�QH�EQUV�CPF�KPHNCVKQP�ECNEWNCVKQPU��2CPGN�a�KU�DCUGF�QP�C�HKIWTG�VJCV�QTKIK�
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Total pharma R&D spending doubled to $65B over 2000-2010 
FDA approvals of new molecular entities went down by half 
Number of truly innovative new molecules remained constant at 5-6/year 
2010-2015 has seen large reductions in pharma R&D in the US
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focused units in some cases27 or larger units 
with superior economies of scale in others28, 
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by adjusting management metrics and 
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more ‘entrepreneurial’30,31. In our view, these 
changes might help at the margins but it 
feels as though most are not addressing  
the core of the productivity problem.

There have been serious attempts to 
describe the countervailing forces or to 
understand which improvements have been 
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ranging work by Munos24; as well as a  
handful of other publications.

There is also a problem of scope. If we 
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is limited overlap. In many cases, the differ-
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in Eroom’s Law, or something similar to it, 
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DRUG DISCOVERY USUALLY ENDS IN FAILURE

Paul  et al. Nat. Rev. Drug Discover. 9:203, 2010. 
Chodera et al. Curr. Opin. Struct. Biol., 21:150, 2011.

probability of stage success

4.5 years and $219M

this stage has a 92% failure rate
~2-4% overall 
success rate



103 - 106 parts

We regularly design planes, bridges,  
and buildings on computers 

< 102 atoms

Why not small molecule drugs?



How can we bring drug design into 
the 21st century?



How can we bring drug design into 
the 21st century?





How can STATISTICAL MECHANICS play a role in the era of genomics and biomedical big data?

kinase inhibitor 
selectivity

predicting drug 
sensitivity/resistance

selective inhibitor design: 
targets/antitargets

novel drug delivery 
modalities

automated biophysical 
assays and inference

anticipating 
drug resistance

mechanisms of 
oncogenic activation

cancer 
immunotherapy

CHODERA LAB



computation of binding affinities transformed 
into computation of ratios of partition functions

isomorphic to computing ratios of normalizing constants in statistical 
inference or ratios of model evidences in inferential machine learning 

(a field that is basically printing money right now)

ligand in solventstandard state

ligand in complex
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THE ADDITION OF ALCHEMICAL INTERMEDIATES  
GREATLY IMPROVES ESTIMATION EFFICIENCY

D. Wu and D. A. Kofke. "Phase-space overlap measures. I. Fail-safe bias detection...", J. Chem. Phys. 123: 054103 (2005).

Computing free energy differences becomes harder as phase space overlap decreases; 
Error increases rapidly with diminishing phase space overlap

introducing Alchemical intermediates to ensure ratios can be efficiently estimated
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alchemical free energy calculations provide a 
rigorous way to efficiently compute binding affinities

∆Gbind

PLP + L

PøP + ø
restraint imposition discharging steric decoupling noninteracting

RUN 10-40 equilibrium simulations of alchemical intermediates
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Pioneering work from many: McCammon, van Gunsteren, Kollman, Jorgensen, Chipot, Roux, Boresch, Fujitani, Pande, Shirts, Swope, Christ, Mobley, and many more 
Recent review: Chodera, Mobley, Shirts, Dixon, Branson, Pande. Curr Opin Struct Biol 21:150, 2011. 

reduces effort  by orders of magnitude  
over simulating direct association process 

xkn ⇠ ⇡(x;�k) ⇡(x;�) = Z
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k e
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the same alchemical methods can also 
compute many other useful properties

susceptibility to resistance mutations

partition coefficients (logP, logD) and permeabilities 

selectivity for subtypes or related targets/off-targets

lead optimization of affinity and selectivity

β-lactamaseampicillin

lipitor

clomifene ERα/β

also solubilities, polymorphs, etc. 



What do we need to do to enable 
design by free energy methods?

1. Speed up calculations without sacrificing fidelity 

2. Include relevant chemical effects 

3. Use a sufficiently accurate forcefield



what timestep* should i use? 

* which Integrator? 
* hydrogen mass repartitioning? 
* multiple timestep integration? 
* which force splitting? 
* solute/solvent splitting?



to integrate langevin dynamics on a computer, 
we have to discretize equations of motion

continuous Langevin dynamics

11

we can compute the relationship,
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Then, the ratio of transition kernels appearing in Eq. 10 can be written in terms of noise history ⇤t and the computed
reverse noise history ⇤⇥t ,
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where the tildes are dropped because the microstate x contains no momenta. The quantity |⌦xt/⌦⇤t| represents the
Jacobian for the change of variables from the ⇤t to xt, and the Jacobians in the numerator and denominator cancel.
The quantity in Eq. 40 can easily be computed during integration.

Acceptance criteria for Langevin integrator of Brooks, Brünger, and Karplus (BBK)

The Brünger-Brooks-Karplus (BBK) stochastic integrator [33, 34] is a popular integrator for simulating Langevin
dynamics. The application of the corresponding propagator Kt(x⇥

t , xt) can be implemented via a velocity Verlet
scheme [35, 36],

v⇤t = v⇥t +
�t

2m

�
Ft(r

⇥
t )� ⇥mv⇥t +

⌘
2⇥m

�t
⇤t

 

rt = r⇥t +�t v⇤t

vt =
1

1 + ��t
2

⌦
v⇤t +

�t

2m

�
Ft(rt) +

⌘
2⇥m

�t
⇤⇤t

 ↵
(41)

where rt and vt denote the respective Cartesian position and velocity components of the microstate xt, ⇥ the effective
collision frequency with units of inverse time, and m the particle mass. v⇤t is an auxiliary variable used only in
simplifying the mathematical representation of the integration scheme. Note that we require two random variates, ⇤t
and ⇤⇤t, per degree of freedom per timestep in order for this scheme to be able to generate both the forward trajectory
X and its time-reverse X̃ (see, e.g., Section 2.2.3.2 of [36]).

The noise history terms ⇤t and ⇤⇤t are normal random variates with zero mean and variance ��1. Their joint
distribution can therefore be written,

⌃(⇤t, ⇤
⇤
t) =

1

2⌅��1
exp

⌃
��

2

⇥
⇤2t + ⇤⇤t

2
⇤⌥

. (42)

For every step x⇥
t ⇤ xt, the positions and velocities undergo a transition (r⇥t , v

⇥
t ) ⇤ (rt, vt) determined by the noise

variables (⇤t, ⇤⇤t). A corresponding choice of noise variables (⇤̃t, ⇤̃⇤t) will generate the reverse step, x̃t ⇤ x̃⇥
t , carrying

(rt,�vt) ⇤ (r⇥t ,�v⇥t ). With a little algebra, it is seen that,

⇤̃t = ⇤⇤t �
⇣
2⇥m�t vt

⇤̃⇤t = ⇤t �
⇣
2⇥m�t v⇥t . (43)

In order to write the ratio of transition kernels appearing in Eq. 10 in terms of noise variables (⇤t, ⇤⇤t) and the com-
puted reverse noise variables (⇤̃t, ⇤̃⇤t), we must first compute the Jacobian J(⇤t, ⇤⇤t) because the random variates are
not in Cartesian space,

J(⇤t, ⇤
⇤
t) ⇥ det

⌦
⌅rt
⌅⇥t

⌅vt
⌅⇥t

⌅rt
⌅⇥0t

⌅vt
⌅⇥0t

↵
, (44)

which can be shown to be independent of ⇤t and ⇤⇤t. The conditional path action difference can now be computed,

�S(X) = � ln
T�

t=1

Kt(x̃t, x̃⇥
t )

Kt(x⇥
t , xt)

= � ln
T�

t=1

⌃(⇤̃t, ⇤̃⇤t)J(⇤̃t, ⇤̃
⇤
t)

⌃(⇤t, ⇤⇤t)J(⇤t, ⇤
⇤
t)

=
�

2

T�

t=1

�⇥
⇤̃t

2
+ ⇤̃⇤t

2
⇤
�
⇥
⇤t

2 + ⇤⇤t
2
⇤✏

(45)

discrete timestep Langevin integrator



not all integrators are equal
Continuous Langevin dynamics equations of motion

Some of these parts can be integrated exactly:

We can approximate the Langevin propagator by various spli!ings:

RVOVR

ROVOR
...
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Why can’t we just integrate this? Why not use Euler’s method?
230

While in principle, we could simply evaluate Eq. ?? at each timestep and update (x, v) by the231

(rxdt,rvdt) (this is called Euler’s method [? ]) we face two main challenges: (1) we need some way232

to approximate the Wiener process dW over the interval dt, and (2) even for reasonable choices, this233

produces highly inaccurate integration of the target density [? ].234

Instead, a superior approach (in terms of leading to cancellation of errors up to higher orders n of235

O(dtn)) is to236

A generic strategy for constructing numerical methods for SDEs is to “split” the stochastic vector237

field into a sum of “tractable” components. We then define a numerical method by solving each238

component in sequence. Many splittings are possible, but not all will be equally efficient or accurate.239

For example, if the substep propagators don’t all commute with each other, then the order of the240

substeps matters.241

The Langevin equation can be associated with a Fokker-Planck operator L̂, which transforms a242

probability density at time t into a probability density at time t + Dt. We would like to define numerical243

methods that approximate the action of this operator. The idea of splitting is to express L̂ as a sum of244

easier-to-approximate operators L̂ ⌘ Âi L̂i, then approximate the action of each for a small increment245

of time, in a specified order. Note that, if the propagator components we choose don’t all commute246

with each other, then their order matters.247

2.1. Splitting the Langevin system248

In this work, we’ll initially consider a splitting of the Langevin system into three parts:

d

"
x

v

#
=

"
v

0

#

|{z}
R

dt +

"
0

�M�1rU(x)

#

| {z }
V

dt +

"
0

�gvdt + sM1/2dW

#

| {z }
O

(4)

We’ll refer to the R component as a “drift” process (deterministic update of positions using the249

current velocities), the V component as a “kick” process (deterministic update of velocities using the250

current forces), and O as stochastic velocity update (simulating the Ornstein-Uhlenbeck process).251

This is a natural splitting, since we can simulate the O component exactly for any length of time,252

and we can explicitly approximate the R and V components to first order. Numerical schemes that253

integrate these three parts in different orders have been considered in many previous works.254

Merge in text below
255

JF: NOTE: I’m still in the process of adapting material from Chapter 7 of Leimkuhler and
Matthews’ book, which is the best explanation I’ve seen for this context. There may be sections
here that border on plagiarism, because I can’t think of a better way to explain the same
material. May be a good idea to Ben or Charlie to take a look over these sections / give us
permission to reuse this material.

256

This exposition follows closely Chapter 7 in Leimkuhler and Matthews’ book.257

To construct numerical methods for ODEs (e.g. simulating Hamiltonian dynamics), we construct258

splitting methods by an additive decomposition of the vector field, where the differential equations259

corresponding to any individual piece can be solved exactly. Methods are built by an exact solve of260

each piece in sequence.261

To construct numerical methods for SDEs (e.g. simulating Langevin dynamics), we construct262

splitting methods by an additive decomposition of the stochastic vector field, where we can exactly263

sample the distribution generated by each splitting component.264

There are many plausible splitting strategies for Langevin dynamics. Leimkuhler and Matthews265

point out: (1) splitting the Langevin system into deterministic and stochastic parts, (2) splitting the266
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stochastic terms into dissipative and random parts, (3) splitting the vector field into N one-dimensional267

problems, (4) decomposing the potential into many terms U(x) = U1(x) + U1(x) + · · · .268

The Fokker-Planck operators for each component R, V, O:

L†
R = �M

�1
p ·r

q

L†
V = rU(q) ·r

p

269

JF: to-do: add Focker-Planck operator of OU process
270

We can write down the action of each individual R, V, O solve on the initial distribution where:

(etLR
f)(q, p) = f(q + tM�1

p, p)

(etLV
f)(q, p) = f(q, p � trU(q))

(etLO
f)(q, p) =

Z

P
f(q, e�gt

p + hM

1/2
x)

e�|x|2/2

(2p)N/2 dx

The overall generator for the associated Langevin splitting method L̂ can be computed by
composing each individual operator associated to the terms in the splitting. For example, in the
splitting string RVRO, we have:

exp(DtL̂RVRO) = exp((Dt/2)LR) exp(DtLV) exp((Dt/2)LR) exp(DtLO)

Refer to 1D figure where we show how different splittings lead to different errors in phase
space and configuration space.

271

We’ll define a family of concrete integrators of the Langevin equations, indexed by splitting
strings over the alphabet { V, R, O }. First, we’ll define the explicit update equations, which accept an
initial state (including a stream of i.i.d. standard normal random variates), a timestep h, and return a
new state:

R(x, v; h) ⌘ (x + vh, v)

V(x, v; h) ⌘ (x, v + ( f (x)/m)h)

O(x, v; h) ⌘ (x, ahv + bh
p

kBT/mx)

where ah = e�gh, bh ⌘
q

1 � a2
h =

p
1 � e�2gh, and x ⇠ N (0, 1) is a standard normal random variate272

drawn for each degree of freedom for each O step.273

R : (x, v; h) 7!(x + vh, v)

V : (x, v; h) 7!(x, v + ( f (x)/m)h)

O : (x, v; h) 7!(x, ahv + bh
p

kBT/mx)

(5)
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not all integrators are equal

Sivak, Chodera, Crooks. PRX 3:011007, 2013.

But what if we’re only interested in configurational properties 
(like free energies)?

Some integrators are superior for purely kinetic properties:



all integrators introduce  
timestep-dependent error

simple 
quartic 
potential

JOSH FASS



all integrators introduce  
timestep-dependent error

JOSH FASS



not all integrators are equal

JOSH FASS



errors move around at different 
stages of the integrator cycle

JOSH FASS



what if we could measure integrator 
error via a common yardstick?

Here’s an example from the literature where the authors pick their favorite order parameters:

[Reference not given to protect the guilty]



what if we could measure integrator 
error via a common yardstick?

David A. Sivak 
Simon Fraser

Gavin E. Crooks 
Rige#i Computing

We can estimate the nonequilibrium free energy deviation:

There is: the KL-divergence, which is isomorphic with a nonequilibrium free energy difference from equilibrium

Sivak, Chodera, Crooks. PRX 3:011007, 2013.



what if we could measure integrator 
error via a common yardstick?

David A. Sivak 
Simon Fraser

Gavin E. Crooks 
Rige#i Computing

220 TIP3P waters at 298K and 1 atm

�Fneq

NkBT
⇡ a ·�t4

Sivak, Chodera, Crooks. PRX 3:011007, 2013.

Phase space error grows as O(Δt4)! 
But what about configuration space error?



we can measure error in just 
configuration space too

Gavin E. Crooks 
Rige#i Computing JOSH FASS

1. We can actually measure configuration space error! 
2. The error of BAOAB (VRORV) seems really, really small…



Certain integrator splittings lead to 
exceptionally small configuration-space error

configuration space errorphase space error configuration space errorphase space error

Take-home messages: 
1. Error in VRORV almost too small to measure; MUCH be!er than other integrators 
2. We can probably take larger timesteps than we’re used to, but it really depends on the system! 

2 fs is not “good enough for everything”: sometimes it’s too big, often too small

JOSH FASS



multiple timestep methods can help!Version July 11, 2017 submitted to Entropy 23 of 32

Figure 7. Evaluating nonbonded terms less frequently than valence terms appears to reduce
discretization error, but doesn’t appear to increase the maximum stable timestep. For the BAOAB-based
scheme, it is unclear whether it affects discretization error.

Note that in the case of BAOAB, each inner timestep includes a velocity randomization step, but513

“standard” MTS does not.514

8.2. How do different force groupings affect multiple timestep integrator errors?515

8.3. Does solute-solvent splitting allow for greatly increased timesteps?516

9. Metropolized Langevin integrators517

This is an outline
518

• Metropolization is one way to ensure sampling from the target distribution.519

• GHMC methods have been popular, requiring only a minor alteration to the integrator scheme520

that uses our shadow work quantity in the acceptance criteria.521

outer timestep

Multiple timestep scheme: 
- inner timestep: valence forces 
- outer timestep: nonbonded forces 

GAFF / AMBER99SB-ILDN / TIP3P 
PME elecrostatics

[WARNING: PRELIMINARY DATA; 
NOT FULLY CONVERGED]

JOSH FASS



probabilistic bisection allows for automated system-
specific determination of maximum tolerated timestep

JOSH FASS



probabilistic bisection can also 
identify maximum stable timestep



how can we identify optimal 
thermodynamic protocols?



many choices exist for how to 
decouple ligand from environment

U(r;⇤) = 4⇥(1� ⇤)


1

[�⇤+ (r/⌅)6]2
� 1

[�⇤+ (r/⌅)6]

�
U(r;⇥) = 4�(1� ⇥)

⇣⇤
r

⌘12
�
⇣⇤
r

⌘6
�

�F =

Z 1

0
d�0

⌧
⇥V

⇥�

�

�0

diverges near λ=1!

λ-dependent potential must be 
well-behaved throughout

T. A. Steinbrecher, D. L. Mobley, and D. A. Case. JCP 127:214108 (2007) 

linear alchemical scaling “soft-core” form

well-behaved throughout

thermodynamic 
integration



is there an optimal protocol?
gij(�) ⌘

⌧
⇤ ln⇥(x;�)

⇤�i

⇤ ln⇥(x;�)

⇤�j

�

�

var(�f̂) � N�1L(�a,�b)
2

Technical Report: Optimal estimation of thermodynamic length from equilibrium and
nonequilibrium measurements

John D. Chodera1, ⇥

1Research Fellow, California Institute of Quantitative Biosciences (QB3),
University of California, Berkeley, 260J Stanley Hall, Berkeley, California 94720, USA

(Dated: July 24, 2010)

We consider the problem of estimating the thermodynamic length of a path in some space of ther-
modynamic or control parameters from a number of equilibrium simulations or experimental mea-
surements. An asymptotically efficient, differentiable estimate of the metric tensor used in measuring
the thermodynamic length and thermodynamic divergence based on the multistate Bennett accep-
tance ratio estimator is presented. Application to the special cases of passive single-molecule pulling
experiments using single and double optical traps is presented.

Recently, there has been a resurgence interest in the
concept of thermodynamic length [? ] due to the observa-
tion that pathways of minimal thermodynamic length
are “good” pathways for estimating free energies of
thermodynamic transformations with minimal statisti-
cal error [? ].

I. PRELIMINARIES

Consider a system at equilibrium, where the proba-
bility of observing an instantaneous configuration x is
given by

⌅(x;�) = Z�1(�) q(x;�) (1)

where q(x;�) > 0 on x ⇤ � is an unnormalized proba-
bility density function, and Z(�) is a normalization con-
stant often termed the partition function, given by

Z(�) =

⌥

�
dx q(x;�) (2)

For systems obeying Boltzmann statistics, the unnor-
malized density q(x;�) is given by

q(x;�) = exp[�u(x;�)] (3)

where u(x;�) is termed the reduced potential, and � is a
vector of one or more thermodynamic or control param-
eters that define the thermodynamic state of the system.
For example, following the notation of [1], we could
define � for a physical system in a common thermo-
dynamic ensemble (e.g. NVT, NPT, µVT, etc.), as some
(sub)set of thermodynamic parameters � ⇥ {�,↵, p,µ}
such that

u(x;�) = �[H(x;↵) + pV (x) + µ

T
n(x)] (4)

Here, x denotes the instantaneous configuration of the
system, with system volume V (x) (in the case of a
constant pressure ensemble) and n(x) the number of

⇤Electronic Address: jchodera@berkeley.edu

molecules of each component of a multi-component sys-
tem (in the case of a (semi)grand ensemble). For each
state t, �i denotes the inverse temperature, Hi(x) the
Hamiltonian (which may include an external biasing po-
tential), pi the external pressure, and µi the vector of
chemical potentials of the system components counted
by n(x). Other thermodynamic parameters and their
conjugate variables can be included in a similar manner.

II. THERMODYNAMIC LENGTH

The Fisher information matrix for a fixed value of � is
given by

Iij(�) =

⌥

�
dx⌅(x;�)

 ln⌅(x;�)

 ⇥i

 ln⌅(x;�)

 ⇥j
(5)

=

⇧
 u

 ⇥i

 u

 ⇥j

⌃

�

�
⇧
 u

 ⇥i

⌃

�

⇧
 u

 ⇥j

⌃

�

(6)

= cov

⇤
 u

 ⇥i
,
 u

 ⇥j

⌅
. (7)

Then, given the thermodynamic metric tensor gij(�),
which is identical to the Fisher information matrix [? ],

gij(�) ⇥ Iij(�) (8)

the thermodynamic length corresponds to the integral
along a parameterized path �(t), t ⇤ [0, ⇧ ]

L ⇥
⌥ �

0
dt

�
�̇

T
g �̇

⇥1/2
(9)

where the notation �̇ denotes differentiation of the para-
metric path �(t) with respect to t. The length between
�(0) and �(1) will be independent of the parmeteriza-
tion of the path �(t) — L depends only on the endpoints.

A related quantity is the thermodynamic divergence

J = ⇧

⌥ �

0
dt �̇

T
g �̇ (10)

In the special case that � is entirely specified in terms
of thermodynamic parameters with associated conju-
gate variables, as in u(x;�) = u0(x) + �

T
v(x), then the

Crooks, PRL 99:100602, 2007; Shenfeld et al. PRE 80:046705, 2009; Sivak and Crooks PRL 108:190602, 2012.

The thermodynamic metric tensor measures how 
rapidly the equilibrium distribution changes as 
control parameters are twiddled.

The thermodynamic length measures how much the 
distribution has changes from one value of 
control parameters to another.

Optimal protocols are geodesics in thermodynamic metric space; 
they equalize thermodynamic length between measurements.
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optimized paths can yield 
orders of magnitude 
reduction in variance!



benzene : T4 lysozyme L99A 
GAFF / AMBER99SB-ILDN / TIP3P 

PME

a simple scheme for optimizing 
protocol gives a good initial guess

(Suggested by David Minh and Huafeng Xu)

Andrea Rizzi 
CBM graduate student



adaptive protocol refinement will 
likely be fruitful area of research

PNAS 113:10263, 2016.



how can we extract all information from the data? 
not all estimators are equal 

(in bias and statistical efficiency)
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thermodynamic integration (TI)

exponential reweighTing (EXP)

Bennett acceptance ratio (BAR)

quadrature error (bias) difficult to quantify; 
DERIVATIVES OFTEN not available in SIMULATION CODES

suffers from large bias and variance

Bennett CH. J Comput Phys 22:245, 1976. 
Shirts MR, Bair E, Hooker G, and Pande VS. PRL 91:140601, 2003.

Zwanzig RW. JCP 22:1420, 1954. 
Shirts MR and Pande VS. JCP 122:144107, 2005.

superior, but only applicable to two states—-WHY can’t we use all the data?



THE REDUCED POTENTIAL GENERALIZES all 
THERMODYNAMIC STATES OF INTEREST

�k(x) = Z�1
k exp[�uk(x)]

uk(x) = βk[Uk(x) + pkV (x) + µT

k N(x)]

βk

Uk

pk

µk

x

V (x)
N(x)

Zk =

!
dx exp[−uk(x)]

Define the reduced potential for a state k as a combination of terms

with thermodynamic parameters for each state

inverse temperature
potential energy function
external pressure
chemical potential of exchangeable species

The target configuration space density is given by

where
microstate or configuration
volume of simulation box
number of each chemical species in system

Covers many common thermodynamic ensembles: NVT, NPT, μVT, μPT

Shirts MR and Chodera JD. “Statistical optimal analysis of samples from multiple equilibrium states.”, JCP 129:124105 (2008).

protonation states 
number of counter ions



EXTENDED BRIDGE SAMPLING ESTIMATORS 
DEFINE A FAMILY OF USEFUL ESTIMATORS

Defines a family of estimators parameterized by choice of   
Ratios of normalization constants ci/cj determined by solving a set of K nonlinear equations.

K�

j=1

ĉi

Ni

Ni�

n=1

�ijqj(xin) =
K�

j=1

ĉj

Nj

Nj�

n=1

�ijqi(xjn)

K�

j=1

ci ��ijqj⇥i =
K�

j=1

cj ��ijqi⇥j
i = 1, . . . ,K

ci ��ijqj⇥i =
�

�
dx qi(x) �ij(x) qj(x) = cj ��ijqi⇥j i, j = 1, . . . ,K

�ij(x) arbitrary

�k(x) = c�1
k qk(x)

ck =
�

dx qk(x)

qk(x) > 0

Start with the identity

Sum over all K states

Substitute the empirical estimator for expectations

Suppose we have K states defined by unnormalized distribution functions q(x):

�ij(x)

Kong A, McCullagh P, Meng X-L, Nicolae D, and Tan Z. J. Royal. Stat. Soc. B 65:585 (2003). 
Tan Z. "On a likelihood approach for Monte Carlo integration.", J. Am. Stat. Assoc. 99: 468 (2004). 



THE ASYMPTOTICALLY LOWEST-VARIANCE 
ESTIMATOR IS KNOWN!

cov
�
⇥̂, ⇤̂

⇥
=

K⇤

i,j=1
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⌃�i
�̂ij
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⌃�j
.

�̂i ⇥ � ln ĉi

�̂ij � cov
�
�̂i, �̂j

⇥
�̂ = [(WTW)+ �N]+

Wni =
ĉ�1
i qi(xn)

K�
k=1

Nk ĉ�1
k qk(xn)

N = diag{N1, N2, . . . , NK}

�ij(x) =
Nj ĉ�1

j

K�
k=1

Nk ĉ�1
k qk(x)

Optimal choice of             among large class of functions is:�ij(x)

Kong A, McCullagh P, Meng X-L, Nicolae D, and Tan Z. J. Royal. Stat. Soc. B 65:585 (2003). 
Tan Z. "On a likelihood approach for Monte Carlo integration.", J. Am. Stat. Assoc. 99: 468 (2004). 
Shirts MR and Chodera JD. “Statistical optimal analysis of samples from multiple equilibrium states.”, JCP 129:124105 (2008).

Covariance of any functions        of ratios          can be estimated from asymptotic covarianceĉi/ĉj�, ⇥

where the asymptotic covariance estimate is computed in terms of 

code available at: 
http://pymbar.org

multistate generalization of bennett acceptance ratio (MBAR)

http://pymbar.org


how can we run calculations quickly 
and rapidly test new algorithms?



A free, open-source, extensible platform for free energy calculations and ligand design

YANK: An open-source, community-oriented platform for  
GPU-accelerated free energy calculations

http://www.getyank.org

NVIDIA GTX-1080 ($650) 
9 TFLOP/S SINGLE PRECISION

http://openmm.org OpenMM 7.1.0 development snapshot benchmark 
gromacs benchmarks from http://biowulf.nih.gov/apps/gromacs-gpu.html

method natoms gromacs CPU OpenMM GPU speedup
GB/SA 2,489 2.54 ns/day 789 ns/day 311 x

RF 23,558 18.8 ns/day 572 ns/day 30.4 x
PME 23,558 6.96 ns/day 337 ns/day 48.4 x

OpenMM speedup (GTX-1080) over 12-core Xeon X5650 CPU for DHFR

YANK 1.0 coming Aug 2017!

Andrea Rizzi 
CBM graduate student

levi naden 
Merck KGaA-sponsored postdoc

http://www.getyank.org


markov chain monte carlo (MCMC) framework 
permits efficient mixing* of md and mc

* Must be careful to avoid mismatch between MD/MC densities.

MD-like

generalized hybrid 
Monte Carlo (GHMC)

ligand MC

ligand displacement/ 
rotation to sample 

different binding sites

constant pH tautomers

———————— including chemical effects ———————— 

Monte Carlo 
protein and ligand 
titration attempts

Monte Carlo 
ligand tautomer 
change attempts

——— speeding up sampling ———

counterions

Monte Carlo 
osmostat



... ... ...

propagation mixing

X
...

state 1

state 2

state 3

state 4

MD-like

generalized hybrid 
Monte Carlo (GHMC)

ligand MC

ligand displacement/ 
rotation to sample 

different binding sites

constant pH tautomers

———————— including chemical effects ———————— 

Monte Carlo 
protein and ligand 
titration attempts

Monte Carlo 
ligand tautomer 
change attempts

——— speeding up sampling ———

counterions

Monte Carlo 
osmostat

mcmc is combined with replica exchange to 
decrease correlation times

* Must be careful to avoid mismatch between MD/MC densities.



Hamiltonian exchange protocol allows for repeated 
binding/unbinding events and reorientation in site

indole binding to T4 lysozyme L99A 
12 h on 2 NVIDIA Tesla M2090 GPUs 

Hamiltonian exchange with Gibbs sampling

solid fully interacting
transparent noninteracting

Chodera and Shirts. JCP 135:194110, 2011 
Wang, Chodera, Yang, and Shirts. JCAMD 27:989, 2013. 

http://github.org/choderalab/yankgetyank.org

http://github.org/choderalab/yank
http://getyank.org


yaml syntax allows for easy automation 
of free energy calculations
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yaml syntax allows for easy automation 
of free energy calculations



installing yank is easy

conda	install	-c	omnia	yank

MINICONDA=“Miniconda3-latest-Linux-x86_64.sh”	
wget	https://repo.continuum.io/miniconda/$MINICONDA	
bash	$MINICONDA	-b	-p	$HOME/miniconda	
export	PATH=“$HOME/miniconda/bin:$PATH”



do we need all those replicas?

... ... ...

propagation mixing

X
...

state 1

state 2

state 3

state 4

hamiltonian exchange



do we need all those replicas?

... ... ...

propagation mixing

...

state 1

state 2

state 3

state 4

expanded ensemble
⇡(x, k) / exp[�uk(x) + gk]

One caveat: We need to guess the weights g 
(which are unfortunately the free energies we are trying to compute!)



Similar to simulated scaling (Wei Yang), but provably optimal.

self-adjusted mixture sampling (SAMS)
Provably asymptotically optimal algorithm for estimating free energies from a single simulation! 
Tan Z. J. Comp. Graph. Stat. h!p://dx.doi.org/10.1080/10618600.2015.1113975
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zhiqiang tan 
Rutgers

http://dx.doi.org/10.1080/10618600.2015.1113975


predictions fail for three reasons

2.   We’re missing some essential chemical in our simulations  
(e.g. protonation states, tautomers, covalent association)

3.   We haven’t sampled all of the relevant conformations 
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1. The forcefield does a poor job of modeling the physics of our system
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the open forcefield group
https://github.com/open-forcefield-group

David Mobley 
UCI

Michael Gilson 
UCSD

Michael Shirts 
University of Colorado, Boulder

Christopher Bayly 
OpenEye Scientific

john chodera 
SKI/MSKCC

http://github.com/open-forcefield-group

http://github.com/open-forcefield-group


direct chemical perception escapes the 
shackles of atom type centric forcefields

<NonbondedForce	coulomb14scale="0.833333"	lj14scale="0.5"	sigma_unit="angstroms"	epsilon_unit="kilocalories_per_mole">	
			<Atom	smirks="[#1:1]"	rmin_half="1.4870"	epsilon="0.0157"/>	
			<Atom	smirks=“[#1:1]-[#6]"	rmin_half="1.4870"	epsilon="0.0157"/>	
			...	
</NonbondedForce>	

<HarmonicBondForce	length_unit="angstroms"	k_unit="kilocalories_per_mole/angstrom**2">	
			<Bond	smirks="[#6X4:1]-[#6X4:2]"	length="1.526"	k="620.0"/>	
			<Bond	smirks="[#6X4:1]-[#1:2]"	length="1.090"	k="680.0"/>	
...	
</HarmonicBondForce>	

<HarmonicAngleForce	angle_unit="degrees"	k_unit=“kilocalories_per_mole/radian**2">	
			<Angle	smirks="[a,A:1]-[#6X4:2]-[a,A:3]"	angle="109.50"	k="100.0"/>	
			<Angle	smirks="[#1:1]-[#6X4:2]-[#1:3]"	angle="109.50"	k="70.0"/>	
</HarmonicAngleForce>	

<BondChargeCorrections	method="AM1"	increment_unit="elementary_charge">	
		<BondChargeCorrection	smirks="[#6X4:1]-[#6X3a:2]"	increment="+0.0073"/>	
		<BondChargeCorrection	smirks="[#6X4:1]-[#6X3a:2]-[#7]"	increment="-0.0943"/>	
		<BondChargeCorrection	smirks="[#6X4:1]-[#8:2]"	increment="+0.0718"/>	
</BondChargeCorrections>

implementation: http://github.com/open-forcefield-group/openforcefield 
forcefield: http://github.com/open-forcefield-group/smirnoff99Frosst

smarts is like regular expressions for smiles  
Check out our 332-line small molecule forcefield!

http://github.com/open-forcefield-group/openforcefield
http://github.com/open-forcefield-group/smirnoff99Frosst


example: tip3p water



The old way

✓⇤ hAi⇤MD

One set of parameters in, one computed result out



p(✓|D) / p(D|✓)p(✓)

The Bayesian Way

D
✓

p(✓|D)

p(D|✓)
p(✓)

data
forcefield 
posterior

prior on forcefield parameters

data model

Bayes rule provides a probability measure over unknown parameters given data 
and an automated way to update parameters given new experimental data



The Bayesian Way

W can estimate both statistical and systematic components of computed results

✓1
✓2
✓3
✓4

hAi1
hAi2
hAi3
hAi4

Multiple parameter sets in, multiple estimates out



predictions fail for three reasons

2.   We’re missing some essential chemical in our simulations  
(e.g. protonation states, tautomers, covalent association)

3.   We haven’t sampled all of the relevant conformations 
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predictions fail for three reasons

2.   We’re missing some essential chemical in our simulations  
(e.g. protonation states, tautomers, covalent association)



Figure 2.
Signaling modes regulated by pHi. (a) Protonation can regulate specificity as in protonation
of a histidine in some but not all Rho GEFs that is required for stereospecific interaction
with phosphoinositides. (b) An allosteric regulation mode occurs when protonation of a
distinct site induces a conformational change a remote, as in talin that has an actin binding
side ~40 Å away from the pH sensor (pdb code 2JSW). (c) In coincidence detection two
distinctly and generally unrelated input signals as necessary for the output of protein
function, as shown for cofilin that requires dephosphorylation of an N-terminal serine and
deprotonation of a C-terminal histidine for increased activity. (d) Cooperativity occurs when
several protonation sites act together with electrostatic coupling affecting titration and
sometimes pKa shifts, as occurs with disrupted interactions of hemagglutinin HA1 domain
with the HA2 domain.

Schönichen et al. Page 25
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Diane Barber // Considering protonation as a post-translational modification 
regulating protein structure and function. Annu. Rev. Biophys. 42:289, 2013.

protonation state effects are 
ubiquitous in biology

metabolites

drugs

proteins
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proteasome inhibitor MG132 (Fig. 6e and Supplementary Fig. 11)44.  
Cells cultured in standard medium plus MG132 accumulated 
hydroxyl-HIF-1  relative to total HIF-1  in response to cell- 
permeable KG (Fig. 6e and Supplementary Fig. 11). In contrast, 
cells cultured in acidified medium plus MG132 did not accumulate 
hydroxyl-HIF-1  despite a substantial increase in total HIF-1  pro-
tein (Fig. 6e and Supplementary Fig. 11). Thus, we conclude that 
acid-enhanced L-2HG production stabilizes HIF-1  by inhibiting 
the KG-dependent prolyl hydroxylases that target HIF-1  for deg-
radation, in agreement with previously observed effects of L-2HG 
on prolyl hydroxylases in vitro11,13.

To further explore the possibility that acid-enhanced L-2HG lies 
upstream of HIF-1 , we tested the effects of ablating LDHA and 
MDH2, the two enzymes primarily responsible for L-2HG production in 
cells17,18. Cells treated with nontargeting control small interfering RNA 
(siRNA) exhibited normoxic stabilization of HIF-1  when cultured in 
acidic medium supplemented with KG (Fig. 6f and Supplementary 
Fig. 11). Ablation of either LDHA or MDH2 alone partially impaired 
stabilization of HIF-1  in response to acidification (Supplementary 
Figs. 12a,b and 13). However, combined targeting of both LDHA and 
MDH2 abrogated L-2HG production (Supplementary Fig. 12c) and 
abolished the ability of cells to stabilize HIF-1  in response to acidi-
fication (Fig. 6f and Supplementary Fig. 11). These findings demon-
strate that acid-enhanced conversion of KG to L-2HG by LDHA and 
MDH2 is sufficient to stabilize HIF-1  in the absence of hypoxia.

DISCUSSION
Herein we demonstrate that LDH and MDH enzymes catalyze pro-
miscuous enzymatic reduction of the alternative substrate KG 
to L-2HG. Decades-old studies demonstrated alternative substrate 
use by dehydrogenase enzymes but lacked techniques to accurately 
assess the identity and chirality of metabolite products26,27. Our find-
ings indicate that there are multiple enzymes that can reduce KG to 
2HG and that the chirality of 2HG is dictated by the specific enzyme 
involved. For example, LDH and MDH enzymes catalyze stereospe-
cific production of L-2HG, whereas wild-type (and mutant) IDH 
and PHGDH catalyze stereospecific production of D-2HG.

The findings presented here substantiate prior genetic evidence 
implicating LDH and MDH as cellular sources of L-2HG16–18,21.  
In hypoxia, cells selectively produce L-2HG in a manner primarily 
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Figure 4 | LDH exhibits pH-sensitive reduction of a-ketoacids with 
carboxylate tails. (a) Relative rates of NADH consumption at the indicated 
pH with purified LDH at 5 units/ml, 0.22 mM NADH, and 1 mM substrate. 
For each substrate, the rate at pH 7.4 was normalized to 1 to illustrate the 
degree of rate enhancement with acidification. Structures for substrates 

KG, phenylpyruvate (PP), and hydroxyphenylpyruvate (HPP) are shown. 
(b) Relative rates of NADH consumption at the indicated pH with purified 
LDH at 5 units/ml, 0.22 mM NADH, and 1 mM substrate. For each 
substrate, the rate at pH 7.4 was normalized to 1 to illustrate the degree of 
rate enhancement with acidification. Structures are shown for -ketoacid 
substrates with carboxylate tails, OAA, KG, and oxoadipic acid (OAdA), 
along with their respective methylated counterparts, -ketobutyrate ( KB), 
oxopentanoic acid (OPA), and ketohexanoic acid (KHA). Data are shown 
as the mean  s.d. for triplicate reactions. Results throughout the figure are 
representative of 3 independent experiments.
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Figure 5 | Acidity-induced rate enhancement arises from preference of 
LDHA for the protonated form of aKG. (a) Virtually docked structure 
of deprotonated KG (yellow) bound to LDHA, showing a potentially 
unfavorable interaction between the carbonyl of the Q100 residue and 
the tail of KG. (b) Virtually docked structure of protonated KG (yellow) 
bound to LDHA, showing a potential hydrogen bond interaction between 
the carbonyl of the Q100 residue and the protonated carboxylate tail 
of KG, predicted to be the dominant bound species by Monte Carlo 
simulations. (c) The equilibrium of protonation states of the tail of KG 
in solution. Shown on the right is the theoretical free-energy penalty of 
protonating the tail at pH 7.4 ( GpH 7.4) and pH 6.0 ( GpH 6.0) in units of kBT, 
in which kB is the Boltzmann constant and T is the absolute temperature. 
(d–g) Wild-type (WT) or mutant (Q100R) LDHA enzymes were  
purified and used in enzymatic reactions with -ketoglutarate ( KG) (d), 
oxaloacetate (OAA) (e), oxopentanoic acid (OPA) (f), or pyruvate (Pyr) (g).  
Reactions were performed in 33 mM potassium phosphate buffer at the 
indicated pH with 0.22 mM NADH and 1 mM substrate and with enzyme 
at 7 g/ml (d,f), 0.7 g/ml (e), or 0.07 g/ml (g). Data for d–g are shown 
as the mean  s.d. for triplicate reactions. Results throughout the figure are 
representative of 3 independent experiments.

Craig Thompson // L-2-hydroxyglutarate production arises from noncanonical 
enzyme function at acidic pH. Nat. Chem. Biol. 13:494, 2017.

Béla Noszál // Acid-base profiling of imatinib (Gleevec) and its fragments. J. Med. Chem. 48:249. 2005.
the microconstant kA

P, H10 was chosen as protonation
sensor for the pyridyl N11 (labeled as P). With the
calculation outlined above, the microconstants in Table
2 were obtained and similar results are gained from the
NMR-pH titration curve of H12. The microconstants
indicate that the pyridyl nitrogen is 3.8 times more basic
than N31. Two pairs of microconstants, referring to the
same group, are equal. This fact indicates that the
protonation of one site does not diminish appreciably
the basicity of the other one, which is, in principle, an
example of the group constant approximation.10 This
independence of groups indicates not only the long
covalent distance between N11 and N31 but also the
rigidity of imatinib, since flexible molecules of similar
intermoiety distance show 0.2-0.3 interactivity in log
k units.12

The last protonation of 1 occurs at N13. Accordingly,
the corresponding microconstant log kPAB

G practically
equals log K4 ) 1.71. The value of this constant clearly
shows that this moiety is a 2-amino-pyrimidine struc-
ture rather than formally resembling a guanidino unit.

The macroscopic and microscopic protonation con-
stants enable the calculation of the species distribution
of 1 (Figure 8) in compartments of various pH of the
human body. In the blood (pH 7.4), 33% of imatinib is
monocationic (HL+), holding the single proton on the
piperazine A site. At the duodenal pH of 4.6, 80% of

Table 2. Microscopic Protonation Constants of 1 and 2, Determined by 1H NMR-pH Titration (T ) 25 °C, I ) 0.15 M with NaCl,
Solvent H2O)a

microconstants

N11 N31 in 1 and N21 in 2 N13
compd

1 log kA
P 3.78 ( 0.02 log kA

B 3.20 ( 0.02 log kPAB
G 1.71 ( 0.02

log kAB
P 3.78 ( 0.02 log kPA

B 3.20 ( 0.02
2 log kP 4.07 ( 0.04 log kN 4.65 ( 0.01 log kPN

G 1.16 ( 0.03

log kN
P 3.82 ( 0.02 log kP

N 4.40 ( 0.04
a See Figures 5 and 6 to assign microconstants.

Figure 6. 1H NMR-pH titration curves of imatinib 1, with computer fits in solid lines.

Figure 7. Macroscopic and microscopic protonation scheme of imatinib 1. P, G, A, and B represent the pyridyl N11, the guanidine
N13, and the piperazine N34 and N31 nitrogens, while K and k denote macroscopic and microscopic protonation constants, respectively.

Figure 8. Distribution curves of the macrospecies (HiL) and
microspecies (PA and AB) of imatinib 1.
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ionizable residues constitute 29% of protein residues

often possess ionizable groups for solubility

frequently contain many titratable sites 
>25% of approved drugs have more than one tautomer



neglect of protonation state effects leads 
to large errors in transfer free energies

David Mobley // Calculating partition coefficients of small molecules in octanol/water and cyclohexane/
water. J. Chem. Theor. Comput. 12:4015, 2016. 
Bernie Brooks // Blind prediction of distribution in the SAMPL5 challenge with QM based promoter and 
pKa corrections. J. Comput. Aided Mol. Des. 30:1087, 2016.

298.15 K. Errors from the QM calculation of hydrating the

charged ligand and uncertainties associated with the experi-

mental value of hydrating a free proton (DGsolvðHþÞ ¼
%265:9 kcal mol%1) [69], are thought to limit the accuracy of
the absolute scheme [11]. Once the quantity DGaq has been

obtained, it can be readily converted into a pKa value using

Eq. 13, where R ¼ kB=NA is the usual gas constant.

DGaq ¼ pKaRT lnð10Þ ð13Þ

Alternatively, relative pKa corrections may be preferable

(Eq. 14), as the two main sources of error stated above are

explicitly removed. The correctness of relative pKa calcu-
lations instead depends upon the choice of an appropriate

analog ligand, L, and the availability of reliable experi-

mental data, pKexp
a , obtained under conditions (tempera-

ture, concentration and ionic strength) mirroring those for

the system of interest. If any of these conditions are not
sufficiently met, the relative pKa calculations can vastly

underperform their absolute counterparts. For more infor-

mation about the specific analogs used in this work, please
see Table 3 and Figure S1.

pKrel
a ðAHþÞ ¼ pKexp

a ðLHþÞ
þ DG&

aqðAH
þÞ % DG&

aqðLH
þÞ

h i
= RT lnð10Þ½ (

ð14Þ

Both pKa schemes can be combined with either adiabatic
or vertical hydration free energy (HFE) calculations from

QM. The adiabatic scheme is as described above. In the the

vertical solvation scheme, gas phase optimized geometries
optimized at theM06-2X/6-31?G(d) level of theory are used

for a single point energy calculation in the aqueous phase at

the same level of theory in the SMD implicit solvent. This
approach neglects solvent relaxation effects during solvation

Table 1 continued

Submission 27 18 21 02 Expt. [61]
M06-2X/ M06-2X/ M06-2X/ OLYP/
6-31?G(d) 6-31?G(d) 6-31?G(d) DZP

Molecule Vertical Adiabatic NBB NBB

82 4.78 5.19 3.91 4.93 2.5 ± 0.3

83 -12.45 -12.45 13.30 -9.92 -2.0 ± 0.3

84 0.89 0.45 -1.46 0.31 -0.0 ± 0.3

85 -0.25 -0.92 -1.72 -0.36 -2.3 ± 0.3

86 2.46 2.04 0.75 0.89 0.7 ± 0.3

88 -2.33 -3.76 -3.76 -2.13 -1.9 ± 0.3

90 0.33 -0.43 -0.82 0.04 0.7 ± 0.2

92 -3.48 -4.06 -4.06 -4.06 -0.4 ± 0.3

RMSD 2.6 ± 0.4 2.7 ± 0.4 3.4 ± 0.6 2.3 ± 0.3

s 0.49 ± 0.08 0.47 ± 0.07 0.44 ± 0.08 0.48 ± 0.07

R 0.61 ± 0.08 0.60 ± 0.07 0.40 ± 0.20 0.63 ± 0.07

Several predictions appear in the table underlined. While these predictions were part of their respective submission, they were not generated
using the indicated method. These discrepancies are due to problems converging certain NBB or QM calculations (83), or other problems with
underlying MM simulation (88 and 92). Replacement values were taken from our pure QM submissions, or from BLYP/6-31G(d)/SMD vertical
solvation QM calculations in the case of 83. Distribution coefficients may be readily obtained by converting free energy corrections from Table 2
and adding them to values in this table

Fig. 4 Our partition estimations from MM BAR (submission 38)
plotted against experiment. We have applied our QM based free
energy corrections (adiabatic/absolute scheme, submission 10),
shifting the predicted values towards more hydrophilic values. These
corrections account for multiple protomeric states and for ligand
ionization due to the presence of protonizable groups. These
corrections substantially reduce the RMSD and increase the correla-
tion of these predictions with respect to experimentally determined
values
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QM based potential energy surface, using an ensemble

generated using a cheaper MM based force field. This

strategy is preferable to obtaining a free energy directly
from ab initio MD, which would be prohibitively expen-

sive. The accuracy of this approach is strictly limited by the

similarity between the QM and the MM potential energy
surfaces, as well as by the system size. Because of the

presence of numeric instabilities in this method, alternative

approaches are often preferable [5, 12, 17, 20, 23, 26,
30, 31, 33, 42, 54, 56, 60, 62, 63].

By drawing configurations from both states i and j, one

can obtain the minimum variance estimate between these
states by applying Bennett’s Acceptance Ratio (BAR) [6].

DGi!j ¼ "b"1 ln
hf ðb½Ui " Uj þ C&Þij
hf ðb½Uj " Ui " C&Þii

! "
þ C ð5Þ

where f is the Fermi function

f ðxÞ ¼ 1

1þ expðxÞ
ð6Þ

Fig. 2 Chemical structures of the molecules that were determined to have multiple protomeric states
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Protonation state effects contribute up to 10 kcal/mol for some compounds
Including protonation state effects reduced RMSE by 3.5 kcal/mol

Blind challenge eliminates slow protein sampling issue to test accuracy of small molecule 
transfer energetics modeling
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Let’s not forget tautomers

Martin Y. JCAMD 23:693, 2009. Let’s not forget tautomers.

tautomer has been unambiguously established. Figure 5
illustrates the contrast between the solution structure of a

barbiturate analogue and that in a 1.8 Å crystal structure as

bound to matrix metalloproteinase 8 [17]. Others have

shown with SCRF-HF/6-31G** calculations that the tau-
tomer of unsubstituted barbituric acid that corresponds to

the bound tautomer is 20.05 kcal/mol less stable in polar

medium [18]. Figure 6 shows the tautomer of pterin bound
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Fig. 2 The effect of changes in
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tautomeric equilibria of simple
heterocycles [14]

O O

OH O

O O

O O

H
O OH

O O

O O

O O

H
O O

O

HO

O O

O

HO

O O

O

OH

O O

O

OH

3.033.02

3.07

3.04 3.06

3.08

3.05

3.01
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warfarin [15]
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tautomers of warfarin
tautomers are found; this increases the size of the dataset

by 1.64-fold. Using a different tautomer generating pro-
gram, others have found similar or slightly more increases

in the size of a database [3]. Hence, although consider-

ation of tautomers will increase the number of structures
considered for virtual screening, the increase should be

manageable.

Calculated properties of tautomers

pKa Differences between tautomers

Because the tautomers of a molecule have different struc-

tures, they differ in their ability to gain or lose a proton;

their pKa values. In the simple case of an ionizable mol-
ecule that has two tautomeric forms, the tautomeric ratio is

a function of the pKa’s of the tautomers. For example,

consider the tautomeric and ionic equilibria of 6-chloro-2-
pyridone in water, Fig. 14. Algebraically Kt = Ka

OX/Ka
OH.

Hence, one can calculate the value of any one of these

equilibrium constants from values of the other two.
The observed pKa of a tautomerizable molecules is a

composite of several individual microscopic ionization

constants and the tautomeric equilibrium constant(s) [33].
For example, the protonated form tetracycline (Structure 10)

can be present as any one of nine tautomers, and the neutral

form by ten [34]. Each of these 19 species could contribute to
the observed pKa as well as the biological properties and

octanol-water log D of the molecule. Similarly, 8-oxogua-

nine (Structure 11) can exist as one or more of 100 neutral or
anionic tautomers. This complicates investigations into its

mechanism of mutagenicity [33].

Calculation of the tautomer ratio in solution

Although many workers have investigated the relative
stabilities of tautomers in different liquid phases, because

of the difficulty of measuring the equilibrium constants

there is no publically available comprehensive database of
this data. This lack hinders the development of empirical

methods to predict the ratios of tautomers of a molecule.

The implications of the lack of experimental data are
described in detail in an article on predicting pKa [35], a

less complex equilibrium constant.

If the tautomerization involves only the movement of a
proton between sites, the tautomer equilibrium constant can

be calculated from the pKa of each tautomer. This rela-

tionship holds because deprotonation of the tautomers lead
to resonance structures of a common structure. Hammett-

type [9] or empirical charge [36] relationships can be used

to calculate the pKa’s of the tautomers and hence the
tautomeric ratio. However, even these calculations have

errors in the range of 0.8 log units [35].

More elaborate, but not necessarily more accurate, cal-
culations involve free-energy perturbation [37] or quantum

chemical calculations [18, 19, 28, 33, 38–48]. To date there

appears to be no consensus as to the most appropriate
method.
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More than half of all drugs 
have 2 or more tautomers



we can simulate an expanded ensemble 
where protonation states are dynamic

µk

N(x)

uk(x) = βk[Uk(x) + pkV (x) + µT

k N(x)]

Define the reduced potential for a state k as a combination of terms

chemical potential of exchangeable species

number of each chemical species in system protons

�k(x) = Z�1
k exp[�uk(x)] Zk =

!
dx exp[−uk(x)]

The target configuration space density is given by

We can sample from this ensemble using Gibbs sampling

xn+1 ⇠ ⇡(x|Nn)

Nn+1 ⇠ ⇡(N|xn+1)

update positions with MD/MC at fixed protonation state

update protonation states with MC at fixed position



problem: acceptance rates for protonation state 
changes are essentially zero in explicit solvent

instantaneous changes in protonation state are 
highly unfavorable due to solvation shell

X X



Paccept = min

⇢
1,

↵(x
t

! x0)

↵(x0 ! x

t

)
e

�w(x0!xt)

�

Algorithm: 
  Drive some degrees of freedom or thermodynamic parameters in small steps, accumulating work 
  Propagate others using Metropolis MC or molecular dynamics 
  Accept or reject final configuration with Metropolis-like criterion

propagate

x0

x1

xt

drive
propagate drive

propagate
drive

...

equilibrium

nonequilibrium

equilibrium

one Monte Carlo move

accept/reject with Metropolis-like criteria (or others)

Follows earlier ideas by Manuel Athenes (work-bias Monte Carlo), Harry Stern (constant pH simulation), 
Chris Jarzynski (switching replica temperatures), and Jerome Nilmeier (approximate).

nonequilibrium candidate monte carlo 
can astronomically boost mc acceptance rates

Nilmeier, Crooks, Minh, Chodera. PNAS 108:E1009, 2011.



�t(x, y)

Kt(x, y) > 0 , Kt(y, x) > 0
�t(x, y) > 0 , �t(y, x) > 0

⇤ � {�0,K0, . . . ,�T ,KT } �̃

X � {x0, x
⇤
1, x1, . . . , xT } X̃ X

A(X|�)⇥(X|x0,�)P (�|x0,�0)⇥(x0,�0) = A(X̃|�̃)⇥(X̃|x̃T , �̃)P (�̃|x̃T ,�T )⇥(x̃T ,�T )

X

y

�t(x, y) = 1

X

x

�
t

(x)K
t

(x, y) = �
t

(y)

P (�̃|x̃T ) > 0 � P (�|x0 > 0)

Kt(x, y) propagation kernel

xt � X configurations in some state space

Here, we unify these ideas and significantly extend the appli-
cation of nonequilibrium moves in physical simulations. We pre-
sent a theoretical framework, nonequilibrium candidate Monte
Carlo (NCMC), that is applicable to both single thermodynamic
states (e.g., NVT, NpT, μVT ensembles) as well as mixtures of
thermodynamic states [e.g., expanded ensemble (16, 17) simula-
tions]. Nonequilibrium proposals may drive a subset of degrees
of freedom, the thermodynamic parameters characterizing the
equilibrium distribution, or both, significantly expanding the re-
pertoire of Monte Carlo moves that lead to high acceptance and
efficient mixing in dense condensed-phase systems.

Equilibrium and Expanded Thermodynamic Ensembles
For physical systems in equilibrium, the probability of observing a
microstate is given by the Boltzmann distribution,

πλðxÞ ¼ Z−1
λ e−uλðxÞ; Zλ ¼

Z

Γ
dx e−uλðxÞ; [1]

where x ∈ Γ denotes a microstate of the system (which may in-
clude coordinates, momenta, and other dynamical variables, such
as simulation box dimensions), λ denotes a set of thermodynamic
parameters whose values define a thermodynamic state, and Zλ is
a normalizing constant known as the partition function.

The reduced potential uλðxÞ depends on the thermodynamic
ensemble under consideration (18). For instance, in an isother-
mal-isobaric (NpT) ensemble, the reduced potential will assume
the form,

uλðxÞ ¼ β½HðxÞ þ pV ðxÞ&; [2]

which depends on the Hamiltonian HðxÞ (which may include an
external biasing potential, and is presumed to be invariant under
momentum inversion) and the system volume V ðxÞ. In this en-
semble, the vector of controllable thermodynamic parameters
λ≡ fβ; H; pg includes the inverse temperature β, the Hamilto-
nianHðxÞ, and external pressure p. Other thermodynamic param-
eters and their conjugate variables can be included or excluded to
generate alternative physical (or unphysical) ensembles.

To allow sampling from multiple thermodynamic states within
a single simulation, we also define an expanded ensemble (16,
17), which specifies a joint distribution for ðx; λÞ in a weighted
mixture of thermodynamic states,

πðx; λÞ ¼ ZλπλðxÞωλ

∑

ν∈G

R
Γ dyZνπνðyÞων

; [3]

where ωλ > 0 specifies an externally imposed weight for state λ.
Here, λ ∈ G may assume values in a discrete or continuous space
G. If the set G consists of a single value of λ, a single thermody-
namic state is sampled, and πðx; λÞ ¼ πλðxÞ. These thermody-
namic states may correspond to a variety of different states of
interest, such as temperatures in a simulated tempering simula-
tion (19), alchemical states in a simulated scaling simulation (20),
or protonation states in a constant-pH simulation (21).

Nonequilibrium Candidate Monte Carlo
We first describe the general form of NCMC. At the start of an
iteration, the current sample in the Markov chain, ðxðnÞ; λðnÞÞ,
which is assumed to be drawn from πðx; λÞ, is used to initialize
a trajectory, ðx0; λ0Þ ¼ ðxðnÞ; λðnÞÞ. A candidate configuration
ðxT; λTÞ is then proposed through a nonequilibrium process in
which a set of degrees of freedom and/or thermodynamic param-
eters may be driven according to some protocol (22) selected with
a probability dependent only on ðx0; λ0Þ. Even if we only wish to
sample from a single thermodynamic state λ, we may use a pro-
tocol that transiently drives the thermodynamic parameters away
from λ and back again (as in ref. 14). Finally, an acceptance prob-
ability is computed and used to decide whether the next sample in
the Markov chain, ðxðnþ1Þ; λðnþ1ÞÞ, is the candidate, ðxT; λTÞ, or the
momentum reversal of the initial sample, ð~xðnÞ; λðnÞÞ.

An NCMC move begins by selecting a protocol Λ from a set of
possible protocols with probability PðΛjx0; λ0Þ, such that there ex-
ists a reverse protocol labeled as ~Λ (to be defined momentarily)
with Pð ~Λj~xT; λTÞ > 0. A protocol Λ specifies both a series of T
perturbation kernels αtðx; yÞ and propagation kernels Ktðx; yÞ,
arranged in an alternating pattern such that Λ≡ fα1; K1; α2; K2;
…; αT; KTg. Both αtðx; yÞ and Ktðx; yÞ are conditional probabil-
ities of y ∈ Γ given any x ∈ Γ, and must satisfy the requirement
that if pðx; yÞ > 0, then pðy; xÞ > 0, for p substituted by αt and Kt.

Each perturbation kernel αt drives some or all of the degrees
of freedom x in a stochastic or deterministic way (e.g., by driving
a torsion angle, a distance between two atoms, or the volume of
the simulation cell). Similarly, each propagation kernel Kt propa-
gates some or all of the coordinates of the system at fixed λt
according to some form of MCMC or MD [e.g., Metropolis
Monte Carlo (2, 3), velocity Verlet (23) deterministic dynamics,
or overdamped Langevin stochastic dynamics (24, 25)] that may
also depend on the time index t. Interleaving perturbation and
propagation allows for energetically unfavorable interactions
introduced by perturbation to be relaxed during propagation,
potentially increasing acceptance rates relative to the instanta-
neous perturbations of standard Metropolis Monte Carlo.

The procedure by which a trajectory X ≡ ðx0; x1;…; xTÞ is gen-
erated from an initial microstate x0 according to a protocol Λ can
be illustrated by the scheme,

x0 !!!
α1 x'1 !!!

K1 x1 !!!⋯ !!! xT−1 !!!
αT x'T !!!KT xT: [4]

Application of the perturbation αt to xt−1 generates a perturbed
configuration x't , which is then propagated by the kernel Kt to
obtain xt.

The reverse protocol ~Λ≡ fKT; αT;…; K0; α0g reverses the or-
der in which the perturbation and propagation steps are applied,
generating the time-reversed trajectory ~X ≡ f~xT;…; ~x0g, where ~x
denotes x with inverted momenta,

Fig. 1. Bistable dimer potential and instantaneous MC moves in WCA fluid.
An extension move increases the dimer extension by Δr ¼ þr0, whereas a
compaction move decreases the dimer extension by Δr ¼ −r0. Both move
types meet with near-universal rejection when implemented as instanta-
neous MC moves in a dense WCA fluid. Note that the lower panel is only
a cartoon—the actual described simulation is of a 3D system.

2 of 10 ∣ www.pnas.org/cgi/doi/10.1073/pnas.1106094108 Nilmeier et al.

perturbation kernel

forward process

~xT !!!KT ~x!T !!!αT ~xT−1 !!!⋯ !!! ~x1 !!!
K1 ~x!1 !!!

α1 ~x0: [5]

The next step in NCMC is to accept or reject ðxT; λTÞ as the
next sample in the chain. To ensure that the stationary distribu-
tion πðx; λÞ is preserved, we enforce a strict pathwise form of de-
tailed balance*,

AðX jΛÞΠðX jx0; ΛÞPðΛjx0; λ0Þπðx0; λ0Þ

¼ Að ~X j ~ΛÞΠð ~X j~xT; ~ΛÞPð ~Λj~xT; λTÞπð~xT; λTÞ: [6]

The quantity AðX jΛÞ is the NCMC acceptance probability,
whereasΠðX jx0; ΛÞ andΠð ~X j~xT; ~ΛÞ denote the probability of gen-
erating trajectory X from initial configuration x0 using protocolΛ,
or ~X from final configuration ~xT with protocol ~Λ, respectively,

ΠðX jx0; ΛÞ ¼
Y

1≤t≤T

αtðxt−1; x!t ÞKtðx!t ; xtÞ [7]

Πð ~X j~xT; ~ΛÞ ¼
Y

T≥t≥1
αtð~x!t ; ~xt−1ÞKtð~xt; ~x!t Þ: [8]

Summation of Eq. 6 over all trajectories starting with x0 and
ending with xT recovers the standard detailed balance condition
(see Appendix for proof).

We define the ratio of proposal kernels as

αð ~X j ~ΛÞ
αðX jΛÞ≡

YT

t¼1

αtð~x!t ; ~xt−1Þ
αtðxt−1; x!t Þ

; [9]

and the ratio of propagation kernels as the exponentiated differ-
ence in forward and backward conditional path actions as

e−ΔSðX jΛÞ ≡
YT

t¼1

Ktð~xt; ~x!t Þ
Ktðx!t ; xtÞ

: [10]

Using the above expressions and the momentum invariance
property πðx; λÞ ¼ πð~x; λÞ, we may write the ratio of acceptance
probabilities as

AðX jΛÞ
Að ~X j ~ΛÞ

¼ πð~xT; λTÞ
πðx0; λ0Þ

Pð ~Λj~xT; λTÞ
PðΛjx0; λ0Þ

ΠðX j~xT; ~ΛÞ
ΠðX jx0; ΛÞ

¼ πðxT; λTÞ
πðx0; λ0Þ

Pð ~Λj~xT; λTÞ
PðΛjx0; λ0Þ

YT

t¼1

αtð~x!t; ~xt−1Þ
αtðxt−1; x!t Þ

Ktð~xt; ~x!t Þ
Ktðx!t; xtÞ

≡ ωT

ω0

Pð ~Λj~xT; λTÞ
PðΛjx0; λ0Þ

αð ~X j ~ΛÞ
αðX jΛÞ e

−ΔSðX jΛÞ−ΔuðX jΛÞ; [11]

where ΔuðX jΛÞ≡ uTðxTÞ − u0ðx0Þ is the energy difference. Eq. 11
is the main result of this paper, and is highly general with regard
to both the choice of protocol for perturbation and propagation.
In subsequent sections, we discuss specific choices for these pro-
tocols that lead to particularly simple acceptance criteria.

Many choices of acceptance probabilities AðX jΛÞ that satisfy
Eq. 11 are possible, including the well-known Metropolis–
Hastings criterion (2, 3)

AðX jΛÞ ¼ min
"
1;
ωT

ω0

Pð ~Λj~xT; λTÞ
PðΛjx0; λ0Þ

αð ~X j ~ΛÞ
αðX jΛÞ e

−ΔSðX jΛÞ−ΔuðX jΛÞ
#
:

[12]

After generating ðxT; λTÞ and evaluating AðX jΛÞ, we generate a
uniform random variate U. If AðX jΛÞ > U, then the candidate
becomes the next value in the chain, ðxðnþ1Þ; λðnþ1ÞÞ ¼ ðxT; λTÞ.
Otherwise, it is rejected, we perform a momentum flip, and
the next value becomes ðxðnþ1Þ; λðnþ1ÞÞ ¼ ð~x0; λ0Þ. Alternately, we
may perform a momentum flip upon acceptance, ðxðnþ1Þ; λðnþ1ÞÞ ¼
ð~xT; λTÞ and preserve the momentum upon rejection, ðxðnþ1Þ;
λðnþ1ÞÞ ¼ ðx0; λ0Þ. We cannot, however, ignore the momentum
flip completely; as explained in Appendix, this flip is necessary
to preserve the equilibrium distribution.

We note that NCMC need not be used exclusively to sample
from πðx; λÞ, but can be mixed with other MCMC moves or with
MD (1). For example, one may reinitialize velocities from the
Maxwell-Boltzmann distribution after each NCMC step; this is
a Gibbs sampling MCMC move using the marginal distribution
for velocities.

Perturbation Kernels
A large variety of choices are available for the perturbation
kernels αtðx; yÞ. Through judicious selection of these kernels, a
practitioner can design nonequilibrium proposals that carry some
component of the system from one high-probability region to
another with high acceptance rates. We briefly describe a few
possibilities.

Stochastically Driven Degrees of Freedom. Suppose we wish to drive
a torsion angle ϕ (an angle subtended by four bonded atoms)
stochastically by rotating it to a new torsion angle ϕ0 (holding an-
gles and bonds fixed) according to some probability, such as the
von Mises circular distribution centered on ϕ,

ηðϕ0jϕÞ ¼ ½2πI0ðκÞ'−1eκ cosðϕ
0−ϕÞ; [13]

with I0ðκÞ denoting the modified Bessel function of order zero
and κ > 0 taking the role of a dimensionless force constant.
Because the stochastic perturbation is made in a non-Cartesian
coordinate, a Jacobian JðϕÞ must be included to compute αðx; yÞ
in Cartesian coordinates, resulting in the ratio,

αtð~y; ~xÞ
αtðx; yÞ

¼ ηðϕjϕ0ÞJðϕÞ
ηðϕ0jϕÞJðϕ0Þ ¼ 1; [14]

where Jðϕ0Þ ¼ JðϕÞ ¼ 1 because the transformation (a rotation
about a bond vector) preserves the Cartesian phase space volume.

Deterministically Driven Degrees of Freedom. Instead of perturbing
the torsion angle stochastically, we can deterministically drive it
in small, fixed increments Δϕ. In this case, we effectively define
an invertible map M that takes x → y, such that y ¼ Mx differs
from x only in the rotation of the specified torsion ϕ by Δϕ.
To implement this, we may choose a perturbation Δϕ from a
distribution where (Δϕ have equal probability, and drive ϕðxÞ
from its current value ϕ0 to a final value ϕT ¼ ϕ0 þ Δϕ over T
steps in equal increments, such that ϕðxtÞ is constrained to
ϕt ≡ ð1 − t∕TÞϕ0 þ ðt∕TÞϕT . In this case, αtðx; yÞ ¼ δðy −MxÞ
JðxÞ, where the Jacobian JðxÞ represents the factor by which
Cartesian phase space is compressed on the application of the
map M, which is again unity for rotation about a torsion angle
by Δϕ, and, due to the invertibility of the map, the ratio
αtð~y; ~xÞ∕αtðx; yÞ ¼ 1.

Simulation Box Scaling. Another possible deterministic perturba-
tion kernel is simulation box scaling. A barostat can be implemen-
ted by proposing propagation kernels that scale the molecular

*The described pathwise detailed balance condition is closely related to “super-detailed
balance” (e.g., ref. 26), but also accounts for momentum reversal to extend its definition
to include molecular dynamics integrators.
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reverse process

x̃

is momentum-reversed x

switching protocol is time-reversed ⇤

trajectory is time-reversed 

A(X|�) = min

(
1,

⇤(xT ,⇥T )

⇤(x0,⇥0)

P (�̃|x̃T ,⇥T )

P (�|x0,⇥0)

�̃(X̃)

�(X)
e��S(X)

)

Result is a general acceptance criteria for any nonequilibrium perturbation:

Enforce strict “pathwise” form of detailed balance (which also ensures detailed balance is satisfied):

equilibrium selection perturbation action

path generation 
probability

protocol 
selection equilibrium

acceptance 
probability

acceptance 
probability

path generation 
probability

protocol 
selection equilibrium

both must be selected 
with nonzero probability!

the acceptance criteria can be generalized  to 
allow arbitrary propagation kernels



annihilating a proton in explicit solvent 
over 20 ps ncmc switching trajectory
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dynamic ligand protonation states 
require an explicit calibration step

SAMS calibration of!
protomer log weights
x

t+1 ⇠ ⇡(x|s
t

,go

t

,�, p)

s

t+1 ⇠ ⇡(s|x
t+1,g

o

t

,�, p)

g

o

t+1 = f(s
t+1,g

o

t

)

small molecules
�G pH 7.4

aq

0.0 kT

2.3 kT

4.7 kT

amino acids
�G pH 7.4

aqpKa

5.88
0.0 kT

3.5 kT

pH correction of!
protomer log weights

g
s

(pH) = go
s

+ ln
⇡
s

(pH)

⇡o

s+

MCMC protonation!
state sampling

s
x

go

positions
protomer states
uncorrected log weights

xt+1 ⇠ ⇡(x|st,g(pH),�, p)
st+1 ⇠ ⇡(s|xt+1,g(pH),�, p)

MD / GHMC
NCMC

pH-corrected log weightg(pH)

⇡o

s

protomer population in 
calibration simulation

⇡s(pH) / e���GpH
aq ⇡(x, s) / e��[U(x;s)+pV (x)]+gs(pH)

Bas Rustenburg 



calibration uses sams + BAR to estimate 
relative protonation state free energies

zhiqiang tan 
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ncmc gives useful acceptance rates 

NCMC switching time (ps) number of SAMS iterations simulation time (ps)

Abl constant-pH simulation protomer change events

Abl:imatinib

SAMS calibration of imatinib log weightsNCMC acceptance probability!
for histidine in explicit solvent
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proton-drive

https://github.com/choderalab/protonsBas Rustenburg 



an ncmc osmostat can model realistic 
salt concentration fluctuations

real system

Manuscript not yet submitted to a journal

Figure 1. Schematic illustration of a region around a biomolecule exchanging anions and cations with a saline bu�er. Left: Constant
salt-concentration simulations simulates the illustrated �uctuation of ions around a biomolecule with grand canonical Monte Carlo type moves that
exchange explicit water molecules with anions and cations from a saline bu�er reservoir. The bu�er is completely de�ned by its thermodynamic
parameters, which in this case include the chemical potential for water �water, the chemical potential for sodium chloride, �NaCl , pressure p and
temperature, T . Middle: By contrast, typical molecular simulations model a �xed number of ions within the simulation volume in an (N , p, T )
ensemble. Right: The salt environment in intra- and extracellular environments has an ionic strength between 100–200 mM and consists of both
monovalent ions (Na+, K+, Cl*), divalent cations (Mg2+), more complex salt and bu�er molecules, and charged proteins. [JDC: This might also be a
good place to add something like the typical intra- and extraceullar compositions of salt environments, like I’ve added as a placeholder here.]

Outline of paper92

Background93

• Atomistic biomolecular simulations model tiny subvolumes of macroscopic systems surround-94

ing one or more biological macromolecules.95

• In reality, the number of ions within the local environment of protein is always �uctuating, as96

if an ion-permeable membrane surrounded the simulation cell (Figure 1).97

• An Monte Carlo osmostat to allow simulation of a semigrand canonical ensemble can simulate98

this behavior by allowing ions to be exchanged with a macroscopic reservoir that is not99

simulated (Figure 2).100

• The macroscopic salt reservoir is completely described by its chemical potential: Each macro-101

scopic salt concentration will have a unique chemical potential associated with it.102

Theory103

An NCMC osmostat for sampling the semigrand ensemble104

• An osmostat is like a thermostat or barostat but allows number of salt pairs to change105

dynamically under the control of a conjugate thermodynamic parameter—here, the chemical106

potential �NaCl107

• In principle, we could have a number of ghost (noninteracting) salt molecules and turn them108

on/o�, or even create/destroy salt pairs on the �y with RJMC.109

• To simplify implementation for monovalent ions (like NaCl or KCl), we instead choose to110

exchange the identities of water molecules and salt ions, where our conjugate thermodynamic111

parameter��2�H2O*NaCl (which wewill abbreviate as��) will represent the di�erence in chemical112

potential between withdrawing an NaCl molecule from the reservoir while returning two H2O113

molecules.114

• We denote the total number of water molecules and ions as N , and de�ne the identities of
the water molecules and ions with the vector ✓ = (✓1, ✓2, ..., ✓N ) with ✓i = -1, 0, or 1 for anions,
water, and cations, respectively (with the potential to extend this to divalent ions). This choice
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Figure 2. Schematic illustration of integrating an NCMC osmostat to simulate realistic dynamic counterion environments. Top: Cartoon
illustration of osmostat operation, where a pair of water molecules and salt molecules are interchanged via a short nonequilibrium trajectory using
nonequilibrium candidate Monte Carlo (NCMC) moves. Bottom: Illustration of the work�ow for calibrating ��2�H2O*NaCl via a SAMS simulation
analyzed with BAR to estimate the relative free energy of a waterbox, f (nNaCl), where nNaCl waters have been converted to NaCl pairs, up to Nmax.
This is used to numerically determine the chemical potential ��2�H2O*NaCl that corresponds to an ionic strength of c using Eq. ??, which is
subsequently used to simulate a biomolecular system in equilibrium with a larger reservoir at that macroscopic ionic strength.

of labeling allows us to de�ne the total number of Na+ ions as

n+(✓) =
N…
i
h(✓i), (1)

and the total number of Cl- ions as

n*(✓) =
N…
i
h(*✓i). (2)

where h(x) denotes the heaviside function, which is unity for x g 0 and zero otherwise.115

• We de�ne the charge number of the biomolecule as z, and when z ë 0, counter-ions will116

be added to ensure that the total charge of the simulation is neutral. The system can be117

neutralized by any of choice of ✓ that satis�es
≥N

i ✓i = n+(✓) * n*(✓) = *z.We can generalize this notation for M
charged biomolecules as

≥N
i ✓i +

≥M
j zj = 0

We can generalize this notation for M
charged biomolecules as

≥N
i ✓i +

≥M
j zj = 0

118

• As neutralizing the system will lead to unequal numbers of Na+ and Cl*, we de�ne the number
of molecules, or salt pairs, as

n(✓) í min{n+(✓), n*(✓)}, (3)

• When combined with a scheme that samples the isothermal-isobaric (N , p, T ) ensemble, we
formally sample the semigrand-isothermal-isobaric ensemble (N , p, T ,��). The associated
equilibrium probability density is given by

⇡(x, ✓;��,N , p, T ) = 1
⌅ (��,N , p, T )

e*�[U (x,✓)+pV (x)+n(✓)��] (4)

• where ⌅ (��,N , p, T ) is the normalizing constant, given by

⌅ (��,N , p, T ) =
…

✓, subject to
≥N

i ✓i=*z
  dx ⇡(x, ✓,��,N , p, T ), (5)

where the sum is over all identity vectors that ensure the system has a neutral charge.119

• It also possible to express the probability density of the system as a function of the total
number of cations and anions, rather than as function of ✓. This can be achieved by summing
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an ncmc osmostat can model realistic 
salt concentration fluctuations

NCMC acceptance probability 
for water-salt exchange

10-22 if instantaneous MC used

semigrand ensemble

Gregory ross 



an ncmc osmostat can model realistic 
salt concentration fluctuations

SAMS+BAR estimates free energy  
change for inserting salt pair

cS(�µ) =
hnSi
hV i

=

Pn
nS=0 nS exp(�nS�µ� fnS )Pn

nS=0hV inS exp(�nS�µ� fnS )

Macroscopic salt concentration 
vs chemical potential



counterion environments near 
biomolecules are highly dynamic

100 mM NaCl 200 mM NaCl

DHFR (from JAC benchmark) in TIP3P with PME 
AMBER99SB-ILDN with Cheatham-Joung ion parameters

Gregory ross 



counterion environments near 
biomolecules are highly dynamic

salt pair trajectories for DHFR

Gregory ross 



counterion environments near 
biomolecules are highly dynamic

I =
1

2

X

i
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Salt	concentra+on	
	
Ionic	strength	
	
	
	
Fixed	number	guess 	
	
Macroscopic	concentra+on	

Real salt environments can differ substantially 
from our typical fixed-number guess

Gregory ross 



Markov chain Monte Carlo (MCMC) PROVIDES 
A FLEXIBLE FRAMEWORK FOR enhancements

MD-like

generalized hybrid 
Monte Carlo (GHMC)

ligand MC

ligand displacement/ 
rotation to sample 

different binding sites

constant pH tautomers

———————— including chemical effects ———————— 

Monte Carlo 
protein and ligand 
titration attempts

Monte Carlo 
ligand tautomer 
change attempts

——— speeding up sampling ———

We can use free energy calculations and experiments to quantify 
the error in neglecting of protomers and tautomers

counterions

Monte Carlo 
counterion 

insertion/deletion



SAMPL6 is coming soon
Model systems of intermediate complexity to focus community on challenges in blind tests
Model protein-ligand systems
Isolate individual physical challenges (e.g. binding of charged ligands)  
Physical properties
Tests of forcefield accuracy in hydrated or protein-like environments 
Isolate chemical effects (protonation states, ligand conformations) without slow protein timescales 
Host-guest systems 
Binding of small drug-like molecules with protein-like affinities, without slow protein timescales
SAMPL0

2007
JNK3 kinase inhibitors 
hydration free energies

SAMPL1
2008

CDK2 kinase inhibitors  
hydration free energies

SAMPL3
2011

trypsin inhibitors  
hydration free energies

SAMPL4
2013

HIV-1 integrase inhibitors 
hydration free energies 

octaacid host-guest 
CB7 host-guest

SAMPL2
2009

hydration free energies 
tautomer ratios

SAMPL5
2016

distribution coefficients 
CBClip host-guest 

CB7 host-guest

SAMPL6
2017

distribution coefficients 
solubilities (CheqSol) 
octaacid host-guest 

CB8 host-guest

SAMPL7
2018

human serum albumin 
pKas 

distribution coefficients 
solubilities (CheqSol) 
octaacid host-guest 

CB8 host-guest

https://drugdesigndata.org/about/sampl



SAMPL7/8: Human serum albumin

https://drugdesigndata.org/about/sampl

muta%on(introduced((
to(binding(site(

SA
M
PL
6:
(w
ild

-t
yp
e(
HS

A(
SA

M
PL
7:
(m

ut
an

t(H
SA

(

A(

Figure 1. (A) Wild type Human Serum Albumin (HSA) is proposed to be the first target of SAMPL6 challenge with its 
selected set of ligands. Ligand set with wide range of affinities will be constructed by screening small molecule fragment 
libraries. By introducing a mutation to one of the binding pockets, we will create a second challenge target. (B) HSA with 
drug molecules superimposed to their positions in crystal structures with HSA (Figure created by Michelle(Lynn(Hall(et(al.(
2013). [m1] HSA has up to 8 binding sites drug molecules were observed to bind. Green and purple colored ligands 
indicate major drug binding sites Site I (Sudlow’s Site I) and Site II (Sudlow’s Site II), respectively. Dansylamide and 
dansylglycine excibit binding-enhanced fluorescence upon binding to HSA, thus a binding curve can be constructed based 
on increase in fluorescence emission at 480 nm. Dansylamide was shown to bind primarily to Site I (Kd ~ 5 μM) and 
dansylglycine was shown to bind primarily to Site II (Kd ~ 2 μM) [m2] with (C) Binding assay of HSA and Naproxen Sodium 
measured by Isothermal Titration Calorimetry (ITC). Lower figure is enthalpy change vs. Naproxen Sodium to HSA molar 
ratio of each injection. (D) Fluorescence  emission of HSA changing depending on Diclofenac concentration. Inset plot 
shows binding curve constructed of percent tryptophan quenching (at 346 nm) vs. Diclofenac concentration. [m3]. 
Diclofenac is a fluorescent ligand reported to bind Site II [m4]. (E) Direct fluorescence binding assay of Dansylamide 
(fluorescent ligand) and HSA. Binding curve can be constructed based on binding-induced fluorescence emission at 480 
nm."
"
[m1] Hall, Michelle Lynn, William L. Jorgensen, and Lewis Whitehead. “Automated Ligand- and Structure-Based Protocol for"
 in Silico Prediction of Human Serum Albumin Binding.” Journal of Chemical Information and Modeling 53, no. 4 "
(April 22, 2013): 907–22. doi:10.1021/ci3006098."
"
[m2] Muller, N., F. Lapicque, E. Drelon, and P. Netter. “Binding Sites of Fluorescent Probes on Human Serum Albumin.” Journal of 
Pharmacy and Pharmacology 46, no. 4 (1994): 300–304."
"
[m3] Bou>Abdallah,(Fadi,(Samuel(E.(Sprague,(Britannia(M.(Smith,(and(Thomas(R.(Giffune.(“Binding(Thermodynamics(of(Diclofenac(and(Naproxen(with(
Human(and(Bovine(Serum(Albumins:(A(Calorimetric(and(Spectroscopic(Study.”(The$Journal$of$Chemical$Thermodynamics(103((December(2016):(299–
309.(doi:10.1016/j.jct.2016.08.020.(
"
[m4] Ràfols,(Clara,(Sílvia(Zarza,(and(Elisabeth(Bosch.(“Molecular(Interac%ons(between(Some(Non>Steroidal(An%>Inflammatory(Drugs((NSAID׳s)(and(
Bovine((BSA)(or(Human((HSA)(Serum(Albumin(Es%mated(by(Means(of(Isothermal(Titra%on(Calorimetry((ITC)(and(Frontal(Analysis(Capillary(
Electrophoresis((FA/CE).”(Talanta(130((December(2014):(241–50.(doi:10.1016/j.talanta.2014.06.060.(
"
"
"
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Figure 7. The SAMPL7/8 protein-ligand Challenge focuses on soluble drug fragment binding to human serum albumin (HSA)
(Aim 3). (A) SAMPL7 will study binding of a library of at least 96 small soluble druglike fragments to recombinant HSA, with an engineered
HSA mutant used for SAMPL8. (B) HSA has at least eight known binding sites, with two major well-characterized sites (green, Sudlow’s
Site I; purple, Site II) that bind a variety of drugs (figure from [217]). Two fluorescent probes—dansylamide and dansylglycine—bind with
⇠µM affinity and high selectivity to Site I and Site II, respectively; both exhibit binding-enhanced fluorescence at 480 nm, and can be used
to site-specifically probe ligand affinities by competition. (C, D) Binding affinities of soluble molecules can be measured by isothermal
titration calorimetry (ITC); here, we show the (C) differential power and (D) integrated injection heats for the ITC titration of HSA by naproxen
sodium collected using the Chodera lab automation pipeline; (E) HSA tryptophan fluorescence quenching can also be used to measure
ligand binding affinity; here, HSA titration by diclofenac is shown, with the inset plot showing percent quenching at 346 nm [218, 219].
(F) Direct fluorescence binding assay of Dansylamide (fluorescent ligand) and HSA collected on the Chodera lab automation system. The
binding curve can be constructed based on binding-induced fluorescence emission at 480 nm.

Crowdsourced innovation enhances the potential of model systems for driving progress. For example, SAMPL3
focused on charged fragments binding to trypsin [220], and rapidly focused the field on the deficiencies of current
alchemical free energy methodologies in treating the binding of charged ligands. Within two years, multiple
laboratories developed solutions to this problem [221–223].
SAMPL7-11 model protein-ligand Challenges. We will introduce a new model protein-ligand system each
SAMPL (revisiting the prior SAMPL’s system if this becomes too difficult), with multiple Challenges on each system
(Figure 2) to allow iterative improvement and assessment. Our SAMPL7 data will focus on the binding of small
soluble drug fragments to one particular protein (below), with fragments also studied in Aim 1. However, maximizing
gains in this area requires adapting subsequent Challenges based on deficiencies identified by prior Challenges,
so our new informatics platform (below) will aid in system selection.
SAMPL7: Assessing predictive modeling of binding to multiple weak sites via measuring fragment bind-
ing to human serum albumin (HSA). HSA, the most abundant blood plasma protein, has a remarkable ability to
bind a variety of small molecule drugs in multiple binding sites (Figure 7B) [224]. Using HSA as a model receptor
isolates the challenge of multiple weak ligands binding to a stable rigid protein that is also pharmacologically
relevant because of its dramatic modulation of drug pharmacokinetics [217]. HSA has at least eight known binding
sites, with numerous crystal structures available for drugs binding to two predominant sites (Site I and II) [217].
Small soluble molecules resembling drug fragments are highly likely to bind to HSA (�90% of such fragments, as
detected by SPR [225]), providing an experimentally-tractable diverse set of ligands spanning several orders of
magnitude in affinity [225]. As many current physical modeling methods assume a single well-defined binding site
with high affinity [226], this Challenge will allow the isolation of the effect of weak multiple binding from the majority
of other confounding factors in protein-ligand binding. HSA is relatively rigid, and computational methods already
show some promise in computing binding affinities to HSA [217, 227, 228], making this an optimal model system.
Recombinant HSA will be expressed in E. coli and purified via refolding from inclusion bodies [229], then defatted
at low pH [230] to ensure the resulting protein is free of the glycosylation and bound fatty acids found in plasma-
isolated HSA [230]. Recombinant expression will allow mutant forms of HSA (engineered via single-primer
mutagenesis) to be fielded for SAMPL8 (Figure 7). We will obtain a diverse library of at least 96 soluble drug-
fragment-like molecules in pre-plated format as dry compound, and use our automated ITC pipeline (Figure 7C,D)
to characterize overall binding affinities to HSA. The same ligands pre-plated in DMSO format will be used to
conduct a separate set of fluorescence titration assays (monitoring tryptophan fluorescence quenching, Figure 7D)



THE CHODERA LAB @ MSKCC

Code and data available at h!p://www.choderalab.org 
Start Folding at h!p://folding.stanford.edu
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we make tools for the community

OpenMM (GPU-accelerated MD with Python API) : https://openmm.org 

openmmtools (integrators, alchemy, samplers) : http://openmmtools.readthedocs.io 

YANK (absolute alchemical free energy calculations) : http://getyank.org 

Software best practices : https://github.com/choderalab/software-development 

Omnia consortium : http://omnia.md 

Open Forcefield Group : https://github.com/open-forcefield-group

https://openmm.org
http://openmmtools.readthedocs.io
http://getyank.org
http://omnia.md
https://github.com/open-forcefield-group

