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今日の内容	

n  13:30	–	13:50	講義	
•  生体分子の分子動力学計算	
•  GENESISの特徴	

n  休憩（10分）	

n  14:00	–	16:00	実習	
•  　GENESISのコンパイル	
•  　実行例(1)	分子動力学法計算と解析	
•  　実行例(2)	レプリカ交換分子動力学計算と解析	



今日の内容（改定）	

n  13:30	–	13:45	講義	
•  生体分子の分子動力学計算	
•  GENESISの特徴	

n  13:45	–	14:45	実習（１）	
•  　GENESISのコンパイル	
•  　分子動力学法計算と解析	

	
n  休憩（15分）	

n  15:00	–	16:00	実習（２）	
•  　レプリカ交換分子動力学計算と解析	



分子動力学法(Molecular	Dynamics;	MD)	

n  粒子間の相互作用力を計算し、ニュートンの運動方程式を
解く	

	
	
	

n  粒子の運動から、構造の安定性、構造ゆらぎ、更にアンサン
ブルを計算し、自由エネルギー面（結合エネルギーなど）を
解析できる	

n  しかし、MD計算はとても時間がかかる…	
•  タンパク質のダイナミクスをミリ秒計算するには、ニュートンの運動方

程式を1012回計算する必要がある	
•  例えば1stepに1msかかるなら、約31.7年必要！	
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相互作用エネルギー	

粒子の座標	



タンパク質のシミュレーション	
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重点課題1：創薬計算の高精度化・高速化	

n  基質結合とタンパク質構造変化の両方を取り込む	
n  スパコンを活用した高並列スクリーニング	

	

development made possible an astonishing increase of computa-

tional speed and data storage volume over the past decade. Today,

investigations of larger systems, such as receptors fully incorpo-

rated within their biological environment, are routinely con-

ducted. The simulation time being constantly extended, current

studies report simulations in the microsecond range, enabling

more relevant events to be observed in silico for the rationalization

of experimental data.

The scientific literature published in the past four years led to a

surprisingly high amount of studies reporting MD simulations

(>750 articles – using the very restrictive keywords ‘drug’ and

‘molecular dynamics’). If this analysis of the current situation

acknowledges that MD has become a major technique, it remains

unclear how MD simulations are used and what unique infor-

mation they give access to. To answer these questions, we have

reviewed and discussed peer-reviewed articles published since

2011 in various fields of medicinal chemistry. In the next sec-

tion, a short overview on the tools and methods available in the

field of MD is given. Then, studies involving MD at a key step of

the investigation of therapeutically relevant targets with a ligand

are reported. The reviewed strategies are discussed and compared

for each main class of enzyme structure investigated in the

literature, including separated sections for nucleic acids and

targets from pathogenic microorganisms. We finally close this

review with a discussion on the weaknesses of the technique and

exceptional studies focusing on the improvement of these spe-

cific points. This review aims at giving an overall picture of the

actual impact of MD on the current landscape in medicinal

chemistry and to anticipate what the future of this technique

could be.

Computational tools
The most established computational tools available for classical

MD simulations are the software suites GROMACS [1], NAMD [2],

CHARMM [3] and AMBER [4] (Table 1). MD simulations are a

numerical solution of Newton’s equations of motion (Eq. (1)):

f i ¼ miai ¼ " @VðrNÞ
@ri

(1)

where mi is the mass of atom i, ai the acceleration of atom i and fi is

the force acting on atom i given by the partial, spatial derivative of

the potential energy function V which is dependent on the posi-

tions rN = (r1, r2, . . ., rN) of all N particles in the system. MD

simulations generate a time series of configurations of a system,

which allows studying dynamic processes. The time series can also

be viewed as a statistical-mechanical ensemble of configurations.

By averaging over this ensemble, thermodynamic properties of a

system can be accessed.

Four basic elements define the model that is simulated by MD:

(i) resolution of the model; (ii) description of the interactions

between atoms; (iii) generation of configurations; and (iv)

definition of boundary conditions. The resolution defines the

‘elementary particles’ of the model [5]. These can be nuclei and

electrons in quantum-mechanical (QM) simulations, atoms in

classical MD simulations or coarse-grained (CG) beads where

multiple atoms are described by a single particle. The computa-

tional demand decreases and thus the accessible time and

length scale increases in this order. All three resolution levels

and mixtures of them (i.e. QM/MM or hybrid atomistic/CG

simulations) are relevant for computer-aided drug design.

QM/MM simulations allow the study of enzymatic reactions,

reaction pathways, energy barriers and proton and electron

reshuffling in larger systems, where the active site is treated

quantum-mechanically while the other parts of the system

can be simulated at the atomic level [6–10]. Coarse-graining of

atomic models is a popular technique to access longer time scales

in MD simulations. By embedding multiple atoms in a single CG

bead, the number of particle–particle interactions to be calculat-

ed can be reduced considerably. However, several issues arise

with this technique. First of all, coarse-graining involves a loss of

information, therefore only degrees of freedom that are less

important for the question of interest should be coarse-grained.

Second, no general procedure to select the type and number

of atoms per CG bead exists, which leads to a large number

of CG models being proposed [11]. For drug design, where

a high resolution of the ligand and active site is likely to

be important, atomistic/CG hybrid or multiscale models are

particularly interesting [12].

In classical MD simulations, the potential energy function

commonly denoted as the ‘force-field’ describes the interactions

between the atoms (or generally particles). It consists of so-called

bonded terms between covalently bound atoms (i.e. bonds, angles,

torsions) and nonbonded terms (i.e. van der Waals interactions

and electrostatic interactions). The parameters of the force-field

are typically fitted to reproduce data from higher-level calculations

and/or experiments. For the majority of biomolecules such as

proteins, DNA, lipids and sugars, a relatively small number of

building blocks can be used, which have to be parameterized only

once. Traditional biomolecular force-fields such as AMBER [13],

OPLS [14], CHARMM [15] and GROMOS [16] have been continu-

ously improved and tested over the years. The diversity of small

organic molecules by contrast prevents the use of building blocks,

and ligands have to be parameterized individually. Parameters for

the bonded terms and the van der Waals interactions are typically

taken from a generalized force-field, whereas the partial atomic

charges are derived from a QM calculation. The force-fields most

commonly used for this purpose are the general AMBER force-field

(GAFF) [17], the OPLS all-atom force-field (OPLS-AA) [18], the

CHARMM general force-field (CGenFF) [19,20] and the GROMOS

automatic topology builder [21].
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TABLE 1

Main software and force-fields used in MD.

Developing group MD suite Force field

Groningen (NL) GROMACS [1] GROMOS [16]

Harvard (USA) CHARMM [3] CHARMM [15]

San Francisco (USA) AMBER [4] AMBER [13]

Zurich (CH) GROMOS [22] GROMOS [16]

Purdue/Yale University (USA) – OPLS [14]

Urbana-Champaign (USA) NAMD [2] –

Barcelona (ES) ACEMD [23] –

New York (USA) DESMOND –
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（MorDer,	J.	et	al.		Drug	Discovery	Today,	2015,	20:686-702,	
Mobley,	D.	&	Klimovich,	P.	V.	J.	Chem.	Phys.	2012,	137:230901.）	

230901-2 D. L. Mobley and P. V. Klimovich J. Chem. Phys. 137, 230901 (2012)

binding of another ligand, thus yielding minimal errors. While
this cancellation is not guaranteed, it seems reasonable to us
that for small ligand modifications, relative free energy cal-
culations will indeed be more efficient. Also, accurate predic-
tion of relative binding free energies would be well suited to
applications in lead optimization, as noted above. For these
reasons, we focus here on relative calculations.

Alchemical free energy calculations work by introducing
a series of intermediate unphysical states spanning between
the desired end states. For example, for relative calculations,
binding free energies are compared by changing one ligand
into another or turning off interactions of one ligand in a re-
ceptor while turning on interactions of another ligand in a
receptor (Fig. 3). The intermediate states here are, roughly
speaking, associated with fractional presence of each ligand,
as discussed in more detail elsewhere.4, 18–21

Alchemical free energy calculations are built on ground-
work laid by Kirkwood24 and Zwanzig,25 among others. Kirk-
wood described a coupling parameter approach, where a pa-
rameter (λ) controls interaction strength between a molecule
or particle and the remainder of the system, and described
how this could be used to compute free energy differences us-
ing thermodynamic integration (TI). Zwanzig showed that a
free energy difference between two states can be computed
via an appropriate exponential average of energy differences
over an ensemble of configurations.25 The coupling parame-
ter approach underlies all alchemical free energy simulations,
and TI and the Zwanzig relation can be thought of as analysis
techniques for these calculations.

Since these techniques predate molecular simulations,
they were quickly applied in new ways in simulations. Many
early applications focused on solvation free energies.26–38

Soon after the basic idea for relative binding free energy cal-
culations was laid out,39 the first applications to binding fol-
lowed, in host-guest systems30, 40, 41 and proteins.35, 42–47 Sev-
eral early reviews provide useful perspective.48, 49

Despite early enthusiasm for alchemical calcula-
tions, a number of key innovations were necessary to
make them more robust. The development of “soft-core
potentials”50 or “separation-shifted scaling”51 led to much
better convergence52 for transformations involving changes
in the number of atoms or chemical structure, opening up
new applications and improving performance. Rediscovered
appreciation for the Bennett acceptance ratio approach53 for
computing free energies54, 55 yielded a much more efficient
analysis tool than the Zwanzig relation, and the subsequent
generalization into the multistage Bennett acceptance ratio
took this still further.56 Today, these improvements make sol-
vation free energy calculations for small or at least fragment-
like molecules essentially routine,57, 58 even for hundreds of
molecules59–63 and binding free energy calculations are much
more tractable.

Relative free energy calculations have seen some signif-
icant applications. The Jorgensen lab at Yale routinely ap-
plies MC-based alchemical free energy calculations to help
guide optimization of lead candidates in an early-stage drug
discovery setting.15, 64 Several other groups in academia have
applied them in similar efforts.65–67 Industry has also found
some use for these techniques,68–70 and several studies have

FIG. 1. The probability of synthesizing a compound with a particular bind-
ing free energy change. Filled regions indicate those compounds with at least
a factor of 10 gain in binding affinity, and are labeled with the reduction in
the number of compounds which would need to be synthesized (on average)
to gain this factor of 10 in affinity. Blue is the approximate distribution ob-
served experimentally for compounds proposed internally at Abbott; orange,
green, and red are distributions generated by filtering molecules with a hypo-
thetical computational method which gives correct free energy estimates with
2.0, 1.0, and 0.5 kcal/mol of noise, respectively. Figure adapted from Ref. 4.

argued that these methods are accurate enough to be used
routinely in a drug discovery context.4, 71–74 Several recent re-
views cover foundations and highlights.4, 18–20, 75, 76

Robust free energy calculations could have a profound
impact on the drug discovery process with a modest level
of accuracy. To see this, consider a hypothetical discovery
pipeline (following Ref. 4). A computational chemist par-
ticipates in an existing drug discovery project which already
has several hits which otherwise look promising but lack
sufficient affinity. The computational chemist’s job, each
week, is to take a list of proposed compounds which could
be made next and select the most promising for synthesis.
For example, the medicinal chemistry team might propose
100 compounds and the computational chemist might need to
select 10 for synthesis. Assume our goal is to gain a factor of
10 in binding affinity (or make the binding free energy better
by ∼1.4 kcal/mol). What accuracy do we need to achieve to
dramatically reduce the time or number of compounds that
must be synthesized to reach this goal? It turns out that even a
very modest level of accuracy can provide significant benefits
for lead optimization (Fig. 1). To quantitatively analyze this,
we assume our computational method yields correct affinity
predictions with a given level of Gaussian random noise, and
ask what level of noise we can tolerate. It turns out that the
distribution of affinity changes seen in actual compounds
proposed by medicinal chemists is very nearly Gaussian and
centered at an affinity change of zero.77 Thus, a rather simple
statistical analysis is possible. Screening a fixed number of
compounds will result in finding an increasing number of
highly potent compounds as the method’s noise goes down
(Fig. 1). We can use this to reduce the number of molecules
which must be synthesized. Assume we will actually screen
up to 10 molecules each week, and ask how many total

 Reuse of AIP Publishing content is subject to the terms: https://publishing.aip.org/authors/rights-and-permissions. Downloaded to  IP:  134.160.184.6 On: Tue, 06 Sep 2016
23:42:20

コンピュータスクリーニングの導入で
合成効率はどう変わる？	

創薬計算に主に用いられてい
るMDソフトと力場	
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Generalized	Ensemble	SimulaCon	Systems	(GENESIS)	

n  生体系において、効率的で精度の良い自由エネルギー計算
手法の開発が目的	

n  高並列計算 -	京コンピュータなどでの超並列計算が可能	
（ただし、普通のPCクラスタでも動きます）	

n  巨大な生体系も可能	

n  全原子モデルのみでなく、粗視化モデル等異なる分子モデ
ルへも応用できるアルゴリズムを採用	

n  レプリカ交換法（拡張アンサンブル法の一つ）による	
自由エネルギー計算も可能	



n  開発チーム	
計算科学研究機構(AICS),	粒子系生物物理研究チーム	

プロジェクトリーダー：　杉田有治	
主開発者：　　　　　　　　鄭載運、森貴治、小林千草、松永康佑、安藤格士（理科

大）、神谷基司、依田隆夫（長浜バイオ大）、Michael	
Feig（ミシガン州立大）	

公開バージョン 	 	：Ver.	1.1.0	

	
n  ホームページ	

hVp://www.aics.riken.jp/labs/cbrt/	
ソースコードとマニュアは上記ページ内のリンクよりダウンロード可	
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Sugita,	WIREs	Comput.	Mol.	Sci.,	5,	310-323	(2015).		

	



生体分子MD計算のボトルネック	

•  分子動力学法は膨大な回数のニュートン方程式を解く	

•  最も時間がかかる部分は粒子間の相互作用計算の部分である	

生体分子の相互作用計算は「力場(force	field)」と呼ばれる経験的な関数で記述される	

force	fieldはおおまかに２つの部分に分けられる	

–  結合性相互作用：	原子間の共有結合によるもの	

–  非結合性相互作用： 	長距離相互作用（電荷、van	der	Waals力)によるもの 	

粒子数(N)	に対してO(N2)で時間がかかるため、最も時間のかかる部分	

→　非結合相互作用の高速化が必要	

結合性相互作用	
•  Bond	
•  Angle	
•  Dihedral	

Angle	
Bond	

Dihedral	

非結合性相互作用	
•  Coulomb	
•  van	der	Waals	



非結合相互作用の高速化	

1.  カットオフ長を導入することでO(N2)からO(N1)に時間短縮	

	

	

2.  カットオフ長より長い部分のクーロンはフーリエ変換により逆空間で計算	

	

3.  1,2に加えて、非結合相互作用の高速化、高並列化は近距離項、長距離項の双

方で更に行われる	

カットオフ長以内の
ペアを計算：O(N1)	

全てのペアを計算：
O(N2)	

実空間（近距離）	 逆空間（長距離）	 Self	energy（定数）	

非結合相互作用の高速化

1. 非結合相互作用はカットオフ長を導入することでO(N2)からO(N1)に変更できる

2. カットオフ長より長い部分のクーロン相互作用はフーリエ変換(FFT)により逆空間で計算
する

3. 1,2に加えて、非結合相互作用の高速化、高並列化は近距離項、長距離項の双方で更
に行われる
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GENESISの高速化・高並列化	

n  最も時間のかかる非結合相互作用計算を高速化するため
GENESISでは下のアルゴリズムを新規に開発、組み込む	

–  Inverse	lookup	table	approach	(近距離相互作用計算の高速化）	
　　(Jung	et	al.,	J.	Comput.	Chem.,	34:2412–2420	(2013))	

– Midpoint	cell	methods	(近・長距離相互作用計算の高並列化）	
　　(Jung	et	al.,	J.	Comput.	Chem.,	35:1064–1072	(2014))	

–  ParallelizaCon	of	FFT	(長距離相互作用計算の高並列化）	
　　(Jung	et	al.,	Comp.	Phys.	Comm.,	200:	57-65	(2016))	

	
n  上の３つに加えて、トラジェクトリなどの書き出し・読み込みを

高速化するため並列I/Oスキームを独自に持つ	



Inverse	lookup	table法	

n  近距離相互作用は距離の関数であるため、カットオフ長までの距離の代
表点での相互作用の値を計算、メモリ(table)に記憶しておく。	

	
	
	
	
	
	
	
	
	
	
n  従来の方法ではr2の線形関数、３次関数で内挿していた物を、GENESISで

は1/r2の線形関数で内挿し、高速で精度の良い計算を可能とする	
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いる相互作用値	

Jung	et	al.,	J.	Comput.	Chem.,	34:2412–2420,	(2013)	



Midpoint	cell	法	

n  ドメイン分割法（ほとんどのMDプログラムで採用）	
•  系全体をカットオフ長より長い一辺をもつセルで区切

る	
•  エネルギー計算は隣接のboxのみを考えればよい 

(黄色のセル内の原子の相互作用は黄と緑のセル内

の原子のみをカウントすればよい）	
•  通信回数が減少されるため、並列度が良くなる	

•  ドメイン分割法で異なるセル間の相互作用計算をど
のCPUコアに割り振るかが並列度に重要な問題にな
る	

Jung	et	al.,	J.	Comput.	Chem.,	35:1064–1072,	(2014)	

0	 7	

63	56	

Midpoint法1	 Midpoint	cell法	n  Midpoint	cell法	

•  従来のmidpoint法では、２つの原子の中
間地点のセルを受け持つコアが計算する	

•  それぞれの原子が存在する二つのセル
（８,	10とする）の中間のセル（7,11のどち
らか）を受け持つコアが計算を担当する	

•  通信回数が減少されるため、並列度が良
くなる	

1	KJ.	Bowers	et	al,	JCP	124,	184109	(2006)	



ベンチマークデータ	

n  ベンチマーク詳細	
　　参照：hVp://www.aics.riken.jp/labs/cbrt/benchmark/	
																					J.	Jung,	T.	Mori,	C.	Kobayashi,	Y.	Matsunaga,	T.	Yoda,	M.	Feig,	and	Y.	Sugita,	WIREs	

Comput.	Mol.	Sci.,	5,	310-323	(2015).		
n  例	WIREs Computational Molecular Science GENESIS
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FIGURE 3 | Benchmark performance of MD simulations of (a) DHFR, (b) ApoA1, and (c) STMV on PC clusters, and (d) STMV, macromolecular
crowding systems consisting of (e) 11.7 million atoms and (f) 103.7 million atoms on K computer.

TABLE 1 Best Benchmark Performance (ns/day) of DHFR and ApoA1
on PC Clusters and STMV on K Computer

System DHFR ApoA1 STMV

SPDYN (PC) 95.78 (512, 81) 32.74 (512, 41) 3.88 (512, 41)

ATDYN (PC) 15.60 (512, 81) 3.50 (512, 161) —

NAMD (PC) 157.10 (512) 50.31 (512) 8.43 (512)

CHARMM(PC) 47.21 (128) 16.65 (512) 2.16 (512)

SPDYN (K) — — 39.17 (32,768)

NAMD (K) — — 9.18 (8,192)

Numbers in parentheses are number of CPU cores used to get the best
performance.
1Number of OpenMP threads used to get the best performance.

5005 metabolites, 23,049 ions, and 2,944,143 water
molecules are included in a 50× 50× 50 nm3 box, and
the resulting total number of atoms is 11,737,298
(11.7 million). In the second system, 103,708,785
atoms (103.7 million) with 1258 proteins, 284 RNAs,
31 ribosomes, 41,006 metabolites, 214,000 ions,
and 26,263,505 water molecules are included in a
105× 105×105 nm3 box. The systems were com-
posed to be biochemically consistent following a
metabolic network reconstruction. Molecular con-
centrations were estimated based on proteomic and
metabolomic data for Mycoplasma pneumoniae,91 the
closest relative of M. genitalium. Details of how the
model was constructed are provided in Ref. 92. The
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(11.7 million). In the second system, 103,708,785
atoms (103.7 million) with 1258 proteins, 284 RNAs,
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and 26,263,505 water molecules are included in a
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the resulting total number of atoms is 11,737,298
(11.7 million). In the second system, 103,708,785
atoms (103.7 million) with 1258 proteins, 284 RNAs,
31 ribosomes, 41,006 metabolites, 214,000 ions,
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the resulting total number of atoms is 11,737,298
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京コンピュータでの計算	
大規模資源での高並列効率を実現　	



GENESISの内容物（1）	

n  MDプログラム	
‒  ATDYN	(ATomic	decomposiDon	DYNamics	simulator):		

•  atomic	decomposiDonを使用	
•  粗視化モデル（Cα-GO,	all	atom	GO)が計算可能	
•  わかり易いコードでユーザによる開発可能	

‒  SPDYN	(SPaDal	decomposiDon	DYNamics	simulator):	
•  domain	decomposiDonを使用	
•  超並列・高速なルーチン (Midpoint	cell/3次元分割FFT/並列	I/O）	

今回の実習で
はこちらを使用	

特徴	 ATDYN	 SPDYN	

システムの分割法	 原子分割	 ドメイン分割	

New	lookup	table	 ○	 ○	

レプリカ交換法	 ○	 ○	

粗視化モデル	 ○	 ×	

3次元分割FFT	 ×	 ○	

並列I/O	 ×	 ○	

r-RESPA	(1.1.0)	 ×	 ○	



n  ATDYN/SPDYN共通	
	

•  最適化	
² Steepest	Decent法	

•  Integrator	
² Leapfrog	
² Velocity	Verlet	

•  アンサンブル	
² NVE	
² NVT	

–  Langevin	
–  Bussi	
–  Berendsen	

² NPT	
–  Langevin	Piston	
–  Bussi	
–  (Isotropy	of	SimulaDon	box:	

	Isotropic,	Semi-iso,	An-iso,		
	XY-fixed)	
	

•  拘束計算(constraint)	
² SHAKE	(Leapfrog)	
² RATTLE	(Velocity	Verlet)	
² SETTLE	

•  FFT	(PME)	
² FFTE	

•  Restraint	funcDons	
² PosiDon	
² Bond	
² Angle	
² Dihedral	angle	
² RMSD	

•  Target/Steered	MD	
•  String	method	
	

GENESISの内容物（2）	

（赤字は1.1.0の新機能）	



GENESISの内容物（3）	

n  その他解析ツール	

•  トラジェクトリ変換（trjcnv）	
² crd_convert	
² pcrd_convert（並列I/O用計算用）	
² remd_convert（REMD計算用）	

•  トラジェクトリ解析（trjana）	
² mbar_analysis	
² pathcv_analysis	
² pmf_analysis	
² gval_analysis	
² rmsd_analysis（RMSD、RMSF）	
² trj_analysis（距離、角度など）	
² wham_analysis	

•  リスタートファイル変換（rstcnv）	
² rst_convert	
² rst_upgrade	
	

•  PCA解析（pcaana）	
² avecrd_analysis	
² eigmat_analysis	
² flccrd_analysis	
² prjcrd_analysis	

•  反応経路探索関連
（rpath_generator）	

•  解析共通（libana）	


