
t.b.a.

T. S.

19.12.2023



T. S.
t.b.a.

t.b.a.

t.b.a.

t.b.a.

t.b.a.  t.b.a.?

t.b.a.

t.b.a.



T. S.
t.b.a.

t.b.a.
tolle bekannte Approximationen Example 1

⟨ f ⟩p (x )=∫ f ( x)⋅p (x)d x≈ 1
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Monte Carlo integration and importance sampling



T. S.
t.b.a.

t.b.a.
tolle bekannte Approximationen Example 1

Monte Carlo integration and importance sampling

⟨ f ⟩p (x )=∫ f ( x) p( x)q (x)
⋅q (x )d x≈ 1

N ∑
n=1

xn∼q (x )

N

f (xn)
p(xn)
q( xn)

⟨ f ⟩p (x )=⟨ f⋅p (x)
q(x )

⟩q (x)

⟨ f ⟩p (x )=∫ f ( x)⋅p (x)d x≈ 1
N ∑

n=1
xn∼p (x)

N

f ( xn)
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Flat-histogram Monte Carlo

All points in the configurational space are equally probable, new states are 
accepted with probability

pacc∝
1

g (U )
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t.b.a.
tolle bekannte Approximationen Example 2

All points in the configurational space are equally probable, new states are 
accepted with probability

pacc∝
1

g (U )

ln g(U)→ ln g(U )+ γ t

Wang-Landau-type
methods

Multicanonical-type
methods

ln g(U)→ ln g(U )+ ln H (U)

Update on every step Update after very final step

Flat-histogram Monte Carlo

γ t=min { γ0 ,
t 0
t

}
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to bind approximations

ĝ(U )=∫δ(E(x )−U)d x

ĝ(U )=∫ δ(E (x )−U )
q (E( x))

q(E (x ))d x≈ ∑
x∼q (E (x))

δ(E (x )−U )
q (E( x))
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to bind approximations

q (E)∝
1
g (E)

ĝ(U )=∫δ(E(x )−U)d x≈C⋅ ∑
x∼q (E (x))

δ(E (x)−U )g (E( x)) 

for flat-histogram algorithms

ĝ(U )=∫ δ(E (x )−U )
q (E( x))

q(E (x ))d x≈ ∑
x∼q (E (x))

δ(E (x )−U )
q (E( x))
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methods
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t.b.a.
to bind approximations

ĝ(U )=∫δ(E(x )−U)d x≈C⋅ ∑
x∼q (E (x))

δ(E (x)−U )g (E( x)) 

ln g(U)→ ln g(U )+ ln H (U)

Multicanonical-type
methods

ĝ(U )≈C⋅ ∑
x∼q (E (x))

δ(E(x )−U) g(U) 

ĝ(U )≈C⋅g(U) ∑
x∼q (E (x))

δ (E( x)−U )
⏟

H (U )
 

ln ĝ (U )≈ lnC+ ln g (U)+ lnH (U ) 
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t.b.a.
to bind approximations

ĝ(U )=∫δ(E(x )−U)d x≈C⋅ ∑
x∼q (E (x))

δ(E (x)−U )g (E( x)) 

ln g(U)→ ln g(U )+ ln H (U )

Multicanonical-type
methods ln g(U)→ ln g(U )+ γ t

Wang-Landau-type
methods

gis (U )≈∑
t
g (E( x t) ,t )δ (E( x t)−U ) 
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to bind approximations. trio: better approximation?

pacc∝
1

g (U )

ln g(U)→ ln g(U )+ γ t

Wang-Landau-type
methods

How accurate is it?

τ0=
t 0
N bin

γ t=min [ γ0 ;
t 0
t

]
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How accurate is it?
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δ(E(x )−U) g(E(x )) 
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t.b.a.
to broaden applications

ĝ(U )≈C⋅ ∑
x∼q (E (x))

δ(E(x )−U) g(E(x )) 

k̂ (U )≈C⋅ ∑
x∼q (E (x ))

δ(K ( x)−U )g (E( x)) 



T. S.
t.b.a.

t.b.a.
to broaden applications Example 1

ĝ(U )≈C⋅ ∑
x∼q (E (x))

δ(E(x )−U) g(E(x )) 

k̂ (U )≈C⋅ ∑
x∼q (E (x ))

δ(K ( x)−U )g (E( x)) 

d  λ2·d  λ·d
E( x)=−∑

⟨ij ⟩
Θ(λ d−r ij) 

K (x )=−∑
⟨ij⟩

Θ(λ2d−r ij ) 
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t.b.a.

ĝ(U )≈C⋅ ∑
x∼q (E (x))

δ(E(x )−U) g(E(x )) 

k̂ (U )≈C⋅ ∑
x∼q (E (x ))

δ(K ( x)−U )g (E( x)) 

K (x )=ELJ (x)⏟
bead-bead

+α Ew (x )⏟
bead-surface

 

t.b.a.
to broaden applications Example 2

13 LJ beads + LJ wall
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t.b.a.
to broaden applications Example 2

K (x )=ELJ( x)+αEw( x) 
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1
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1´
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β p=∂ ln g
∂V 

K=∑
⟨ij⟩
U (min (rij )∣l z<L) 
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t.b.a.

β p=∂ ln g
∂V 

K=∑
⟨ij⟩
U (min (rij )∣l z<L) 

pV=−
1
3 ⟨rij⋅F (r ij )⟩ 

t.b.a.
trial beyond accustomed       Pressure of 13 LJ particles
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Take before abroad

•  Optimal convergence rate for  SAMC is t0  / Nb ≈ 1 

 

• Importance sampling error depends not on the SAMC 
parameters and have the same accuracy as MUCA or optimal 
SAMC

•  Sampling during a single run may be efficiently provided for 
a series of system or potential parameters within a single 
SAMC or MUCA simulation (running with other values of these 
parameters).
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