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Problemstellung und Motivation

Reducing quasi-ergodicity in a double well potential
by Tsallis Monte Carlo simulation

Masao Iwamatsu™and Yutaka Okabe®
*Department of Computer Engineering, Hiroshima City University
Hiroshima 731-3194, Japan
and
"Department of Physics, Tokyo Metropolitan University
Hachioji, Tokyo 192-0397, Japan

Abstract

A new Monte Carlo scheme based on the system of Tsallis’s gener-
alized statistical mechanics is applied to a simple double well potential
to calculate the canonical thermal average of potential energy. Al
though we observed serious quasi-ergodicity when using the standard
Metropolis Monte Carlo algorithm, this problem is largely reduced by
the use of the new Monte Carlo algorithm. Therefore the ergodicity is
guaranteed even for short Monte Carlo steps if we use this new canon-
ical Monte Carlo scheme.

PACS: 02.70.Lq; 05.70.-a
Key words: Monte Carlo; Tsallis statistics; double well potential
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klong the trajectories @ and b, which arve defined from (77]) by

P E r i
i7a Yo Viexp (_"j‘ (1".40 -V J)) 21
{N} n ~ 7 ra T2 {H }
Z_J_“v.\p (—.-J‘ (‘r_J -V J))
for the generalized Tsallis Monte Carlo scheme, and]
n . — _4ya
Vo(n) — T Y (.\1}[ av; ) (22
2ol

for the standard Monfe Carlo scheme. For an ergodic sysfem, Thirnmalai
i al. [16] suggested that the ergodic measure converges as dy(n) — oc if
1 — oc. They found that

1
1y (n) ~ rfl.v{{]}m (23)]

fwhere the ~diffusion” constant Dy depends on femperafure. In figure 7]
we show di(0)/dy(n) for v = 0.9 potential obtained from 100 independent]
pairs (a, b) of Monte Carlo walks as a function of Monte Carlo steps n. We
‘hose the trajectory starting from the metastable minimum » = —a (=
1.9163) and that from the stable minimum x = 1, respectively, as the twc
independent trajectories 4 and b, It is clear from figure 7 that the normalized)
inverse of the ergodic measure dy (0)/dy(n) grows linearly with the Monte
ICarlo steps n. Therefore, the ergodic measure dy(n) decreases according tc
77), and the diffusion constant Dy can be determined.

Figure 8 shows the diffusion constant Dy as a Tunction of temperature 7]
The diffusion constant is a decreasing function of the inverse temperature
7: it is more difficult to recover the ergodicity when the temperature isf
lowered. However, at lower temperatures § > 20 with FAV > 1 where
AV =V (—a) — V(1) = 0.1, the diffusion constant starts to increase again
for the Tsallis Monte Carlo walks (g # 1). This is due to the fact that the
>quilibrinm thermal distribution around the metastable minimum at @ = —o
becomes negligibly small at such low temperatures, and the ergodicity of the
trajectory among the stable and the metastable minima is irrelevant once
trajectories a and b both fall into the stable minimum around x = 1

It 1s apparent from fignre 8 that the diffusion constant Ly obtained from
th standard Monte Carlo algorithm obeys the usual activation form

[ ~ exp (= FEs) (24)
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* Vergleiche jede Zeile mit ihrem Vorganger
* Berechne Features
* Fuge Feature-Spalten zur Tabelle hinzu

for the standard RMonfe Carlo scheme. For an ergodic system, Thirmmala]
et al [16] suggested that the ergodic measure converges as dy(n) — oo if
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Laufzeit der Algorithmen

Externe Algorithmen

Parsen eines PDFs
Input. PDF-Dokument
Output: Tabelle mit Informationen Uber jede Zeile des PDFs
Laufzeit: O(A1)
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Laufzeit der Algorithmen

Externe Algorithmen

Parsen eines PDFs
Input: PDF-Dokument
Output. Tabelle mit Informationen Uber jede Zeile des PDFs
Laufzeit: O(A1)

Parsen eines TEXs
Input. TEX-Dokument
Output: Tabelle mit Paragraphen-Rechtecken

Laufzeit: -
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Laufzeit der Algorithmen

Interne Algorithmen

N: Anzahl Zeilen M: Anzahl Features
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Laufzeit der Algorithmen

Interne Algorithmen

N: Anzahl Zeilen M: Anzahl Features

Generieren von Trainingsdaten
Input. TEX-Dokument
Output: Trainingsdaten mit Losung
Laufzeit: ~ O(N?+ A1 +/A2)
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Laufzeit der Algorithmen

Interne Algorithmen

N: Anzahl Zeilen M: Anzahl Features

Generieren von Trainingsdaten
Input. TEX-Dokument
Output: Trainingsdaten mit Losung
Laufzeit: ~ O(N?+ A1 +/A2)

Haupt-Algorithmus zur Paragraphen-Bestimmung
Input: PDF-Dokument
Output: Paragraphen-Losung, Visualisierung
Laufzeit. O(N- M + A1)
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Laufzeit der Algorithmen

Interne Algorithmen

N: Anzahl Zeilen M: Anzahl Features

Evaluation eines Modells
Input. Verwendetes Modell, Trainings-Dokument
Output: Precision, Recall und F1-Score
Laufzeit.  O(N - M)
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Qualitat der Ergebnisse

Modell Precision Recall F1
Logistische Regression 0.93 0.70 0.80
Support Vector Machines 0.98 0.98 0.98
Perceptrons 0.98 0.24 0.39
Naive Bayes 0.97 0.51 0.67

Analyse auf 1000 Datensatzen
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Qualitat der Ergebnisse

Anteil der berechneten Paragraphen-Anfange, die korrekt sind

Modell Precision Recall F1
Logistische Regression 0.93 0.70 0.80
Support Vector Machines 0.98 0.98 0.98
Perceptrons 0.98 0.24 0.39
Naive Bayes 0.97 0.51 0.67

Analyse auf 1000 Datensatzen
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Qualitat der Ergebnisse

Anteil der korrekten Paragraphen-Anfange, die erkannt wurden

Modell Precision Recall F1
Logistische Regression 0.93 0.70 0.80
Support Vector Machines 0.98 0.98 0.98
Perceptrons 0.98 0.24 0.39
Naive Bayes 0.97 0.51 0.67

Analyse auf 1000 Datensatzen
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Qualitat der Ergebnisse

Verrechnung von Precision und Recall

Modell Precision Recall F1
Logistische Regression 0.93 0.70 0.80
Support Vector Machines 0.98 0.98 0.98
Perceptrons 0.98 0.24 0.39
Naive Bayes 0.97 0.51 0.67

Analyse auf 1000 Datensatzen
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Qualitat der Ergebnisse

Modell Precision Recall F1
Logistische Regression 0.93 0.70 0.80
Support Vector Machines 0.98 0.98 0.98
Perceptrons 0.98 0.24 0.39
Naive Bayes 0.97 0.51 0.67

Analyse auf 1000 Datensatzen

Beobachtung 1:

das beste Ergebnis
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Qualitat der Ergebnisse

Modell Precision Recall F1
Logistische Regression 0.93 0.70 0.80
Support Vector Machines 0.98 0.98 0.98
Perceptrons 0.98 0.24 0.39
Naive Bayes 0.97 0.51 0.67

Analyse auf 1000 Datensatzen

Beobachtung 2:

das schlechteste Ergebnis
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Fazit

In Summe gute Ergebnisse
... auch wenn Spezialfalle Schwierigkeiten bereiten konnen

Mogliche Verbesserungen

... im Hinblick auf die verwendeten Features
... im Hinblick auf die verwendeten Algorithmen
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