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Chapter 1
Introduction
During the last half-century, we have witnessed tremendous progress in the applications, the computational power, and the complexity of microelectronic devices. A series
of scientific discoveries contributed to the exponential development of silicon-based technology, often referred to as Moore’s law. In recent years, this growth is coming to an
end, as the size of the building blocks for these devices is getting closer and closer to
the atomic scale. Quantum mechanical effects already have to be considered during the
design of today’s state of the art devices, the continued advancement of micro- or possibly
nanoelectronics, demands new technologies and scientific discoveries.
The idea for using single molecules as components in electronic circuits dates back to
the 1950s. Although, even today, it is infeasible to build up entire circuits using this approach, molecular electronics is a good candidate for providing progress by complementing
silicon-based technology. Besides the reduction in size, such devices could also be used for
implementing new functionalities, like ultra-sensitive molecular sensors or computational
memory elements.
Break junction experiments provide a testbed for studying electronic transport at the
single-molecule level. These measurements often require specialized, custom-built equipment. In Chapter 3, I describe the most important measurement system developments
during my work, which have enabled us to investigate atomic and single-molecule junctions with a high degree of control over the junction elongation process [1, 2].
The analysis of break junction data is a challenging task, as it is not possible to directly
inspect single-molecule junctions. Thus, the junction geometry and the molecular binding
configuration has to be inferred from the conductance of the junction. Auxiliary force
and/or noise measurements can be utilized to collect independent information about the
underlying junction structures. In Chapter 4, I demonstrate a detailed study on stacked
dimer molecular junctions, where we used conductance, noise, and force measurements
to examine the electronic and mechanic properties of dimers, contacted by two metal
electrodes [3].
Another solution for getting insight into the atomic/molecular structure of the junction
is to apply advanced data analysis methods for unraveling hidden relationships inside
the conductance data, which can provide evidence to support the various hypothesized
junction trajectories. Accordingly, in Chapter 5, I examine temporal correlations and
structural memory effects in atomic and molecular junctions [1].
In recent years, along with many fields of science and technology, molecular electronics
1

was also influenced by the rapid development in the applications of artificial intelligence
and machine learning methods. These techniques were utilized with great success for
the analysis of break junction data. Our works are among the pioneering achievements
in applying neural networks for the automatic classification of conductance traces [4], as
well as for the unsupervised recognition of different junction trajectories [5]. In Section
2.4, I briefly summarize and compare the applied methods, available in the literature, and
in Chapter 6, I discuss our works in more detail.

2

Chapter 2
Overview of the research field
In this chapter, I provide a brief introduction to the field of molecular electronics,
focusing on the most recent advances in the applied data analysis techniques. I start with
a short discussion about the theory behind conductance at the atomic scale, followed
by an introduction to the various experimental techniques that are used to create and
investigate atomic-sized junctions. Then I describe statistical tools that are commonly
used for data analysis in this field. Finally, in this chapter, I summarize and compare the
most recent results concerning the application of machine learning methods for the data
analysis of break junction measurements.

2.1
2.1.1

Theoretical background
Conductance of atomic-sized contacts

The conductance of a macroscopic-sized wire is described by Ohm’s law:
A
G=σ ,
L

(2.1)

where G denotes the conductance, A the area of the cross-section, L the length of the wire,
and σ the electronic conductivity, an intrinsic property of the material. The finite value
of the conductivity is the result of the electrons’ scattering as they pass through the wire.
The momentum relaxation length is the characteristic length scale, that describes the
length an electron travels on average between two scattering events. When the length of
the wire is much shorter than the momentum relaxation length, the electrons can traverse
through the wire without back-scattering. This is referred to as ballistic transport. In
this case, the conductance of the junction, that is two contacts connected by a wire, is
determined by the contacts. More specifically, by the probability for an electron to enter
into the wire from the contacts.
In metals, the wavelength of the electrons is comparable to the lattice constant, therefore quantum mechanical treatment is necessary when calculating the conductance of
atomic-sized junctions.
Let us start by considering a quantum wire, connecting two macroscopic leads. Inside
the wire, the electrons are free to move along the longitudinal direction (x axis) but
confined along the transverse directions by a hard wall potential (Figure 2.1/A). The
3

electron wavefunctions can be obtained by solving the Schrödinger equation. The solution
can be separated into a plane wave along the longitudinal direction and quantized standing
waves along the transverse direction, described by the Bessel functions:
Ψm,n (r, θ, x) = Jm (γm,n · r/R) · eimθ · eikx ,

(2.2)

where r, θ and x are the cylindrical coordinates, R is the radius of the wire, and γm,n
denotes the nth zero of the Bessel function of order m, Jm [6]. Figure 2.1/B displays
the parabolic dispersion relations, related to these eigenstates, also called as conductance
channels. The electron states are filled up until the Fermi level (EF ), therefore only those
channels can contribute to the conductance of the junction, for which the energy minimum
is below EF . These are referred to as open channels. In the case of an ideal quantum
wire without back-scattering, each open channel contributes equally to the junction conductance:
2e2
· M,
(2.3)
G=
h
where e is the charge of one electron, h is the Plank constant and M the number of open
channels. By changing the area of the quantum wire’s cross-section, the energy minimum
for the eigenstates and thus the number of open channels can be adjusted.

Figure 2.1: (A) Illustration of a quantum wire, connecting two macroscopic leads. (B)
Parabolic dispersion relations of the electron eigenstates. For a cylindrical wire, the energy
2
minimum m,n (0) ∝ γm,n
/A, where γm,n denotes the nth zero of the Bessel function of
order m.

This was also demonstrated experimentally, by forming a point contact in a 2DEG1
sample [7]. The cross-section of such a junction can be adjusted continuously by tuning
the voltage of the gates, defining the point contact. While continuously decreasing the
cross-section of the junction, conductance plateaus were observed at integer multiples of
2e2 /h. This phenomenon is known as conductance quantization, hence the G0 = 2e2 /h
universal constant is referred to as the conductance quantum.
1

two-dimensional electron gas

4

In contrast to the ideal quantum wire, an atomic-sized metal junction is also capable of
reflecting the electrons. Therefore, the Landauer formalism can be used to describe these
junctions, which takes into account the back-scattering of the electrons. The junction
is modeled by a scattering center, coupled with two ideal quantum wires to the two
macroscopic leads (Figure 2.2). The transmission matrix (t̂) contains the probability
amplitudes for an electron to pass through the scattering center. Generally, an electron,
coming from the left quantum wire, in a certain conductance channel could be scattered
to any other conductance channel in the right quantum wire. However, by diagonalizing
the transmission matrix, we can obtain such electron wavefunctions, that an electron
from channel i in the left quantum wire, could only be transmitted to channel i in the
right quantum wire. In this case, the transmission of each conductance channel can be
described by a single number, the transmission coefficient: τi , and the conductance of the
junction can be written as:
G = G0 ·

M
X

τi .

(2.4)

i=1

The conductance of a gold contact with a single-atom in the narrowest cross-section is
≈ 1 G0 . It was shown, that this corresponds to a single conductance channel with perfect
transmission [8]. This is similar to the first plateau, observed in 2DEG conductance
quantization experiments. However, most metals do not show quantized conductance, for
example, the conductance of a single-atom aluminum junction is ≈ 0.7 − 0.9 G0 , which
results from three partially transmitting channels [8, 9].

Figure 2.2: The Landauer formalism models an atomic-sized junction as a scattering
center, coupled with two ideal quantum wires to two macroscopic leads. The scattering
center is described by the transmission matrix (t̂).

It is also interesting to note, that Ohm’s law can be obtained by applying the Landauer
formalism to a number of scattering centers connected in series. In case of incoherent serial
connection, the resulting conductance is inversely proportional to the number of scattering
centers, thus the length of the wire [10].
A detailed introduction to the conductance of mesoscopic systems and the precise
derivation of the above formulas can be found in [10].
5

2.1.2

Conductance of molecular junctions

Figure 2.3/A displays the energy level alignment of a metal-molecule-metal interface.
The Fermi level of the metal electrodes lies between the HOMO2 and LUMO3 levels.
In general, multiple molecular orbitals could contribute to the junction conductance.
However, the transport is often dominated by either the HOMO or LUMO level, depending
on which one is closest to the Fermi level of the electrodes (Figure 2.3/B). Therefore,
coherent transport through a molecular junction is often described using the single-level
resonant tunneling model.

Figure 2.3: (A) Energy level alignment of a molecular junction. The molecule has a series
of sharp resonances corresponding to the different molecular orbitals, whereas the metal
leads possess a continuum of states that is filled up to the Fermi energy of the metal. (B)
The transport is often dominated by a single molecular orbital, closest to the Fermi level
of the metal electrodes. Taken from [11].

In this model, the coupling between the molecular orbital and the electrodes is described by the scattering rates ΓL and ΓR . These parameters have units of energy, as they
also describe the broadening of the molecular energy level due to the hybridization of the
molecular orbital and the metallic states. The transmission function for such a junction
is modeled with a single Lorentzian function. In the low bias limit:
T (E) =

4 · ΓL · ΓR
,
(E − 0 )2 + (ΓL + ΓR )2

(2.5)

where 0 denotes the position of the molecular orbital.
The transmission function describes the probability for an electron with energy E to
transfer across the junction. The junction conductance can be calculated as:
G = G0 · T (EF ) = G0 ·

4 · ΓL · ΓR
.
(EF − 0 )2 + (ΓL + ΓR )2

These calculations are discussed in detail in [11].
2
3

Highest occupied molecular orbital
Lowest unoccupied molecular orbital

6

(2.6)

2.2

Experimental techniques

Break junction measurements investigate the rupture process of metallic junctions.
When elongating a macroscopic sized wire, the conductance changes continuously. Once
the narrowest cross-section of the wire is defined by only a handful of atoms, the junction
conductance is affected by both the quantum nature of the conductance and the discrete
atomic changes in the size of the cross-section of the contact. Upon elongating a stable
junction configuration, the contact is elastically deformed by stretching the bonds between
the atoms. During this process, the junction conductance does not change significantly,
therefore a plateau is observed in the measured conductance. After a certain elongation,
the atoms rearrange into an energetically more favorable configuration, which results in
a sharp drop in the junction conductance. Then this process is repeated until finally the
wire is completely ruptured. The last observed conductance plateau corresponds to a
junction, with a singe-atom in the narrowest cross-section. When such a junction breaks
away, two atomically sharp apexes form, that can be used as electrodes for contacting
single molecules. When this experiment is carried out in an environment with molecules
that are capable of forming a chemical bond with the atoms of the electrodes, additional
conductance plateaus can be observed after the rupture of the metallic contact. In the
following, I describe various experimental techniques that can be used to form and investigate atomic and molecular junctions. A more detailed summary of these methods can
be found in [12].

2.2.1

MCBJ

The Mechanically Controlled Break Junction (MCBJ) technique was introduced in
1985 by Moreland and Ekin for creating and investigating small-sized tunnel junctions by
breaking thin and brittle Nb–Sn filaments [13]. Later the technique was further developed
by Muller et al. to investigate the rupture of metallic wires [14].
Figure 2.4 shows the schematic design of an MCBJ setup. The sample being investigated is a metallic wire, fixed with two drops of epoxy to a bending beam, made of
phosphorus bronze. To define the position where the wire breaks, the cross-section of the
wire is reduced by a notch in the middle. The wire is elongated by bending the beam with
a vertically movable axle. The position of the axle is adjusted using a piezo positioner
and/or a differential screw. During the rupture process, the conductance of the wire is
recorded by applying a voltage to the sample wire and measuring the current. After the
wire is completely broken, the contact can be reestablished by reducing the bending of the
beam. Using this technique, thousands of independent rupture events can be investigated.
The MCBJ technique has two major advantages: cleanliness and mechanical stability.
The junction is created by rupturing the sample wire in a clean environment, this makes
it easier to avoid contaminants reaching the junction. Furthermore, reactive metals like
platinum can be investigated if the junction is first ruptured inside vacuum.
Robust mechanical stability can be achieved, due to the large gearing ratio between
the displacement of the axle and the elongation of the wire. This both aids the precise
control of the displacement, and reduces the effect of mechanical vibrations. The exact
value for the gearing ratio depends on geometrical factors, such as the distance between
the point where the wire breaks and the neutral line of the bending beam. The smaller
7

this distance, the larger the gearing ratio is. Generally, the ratio is on the order of 100,
but it varies from sample to sample, therefore the displacement needs to be calibrated in
each measurement. One way to perform this calibration is to measure the decay of the
tunnel current with respect to the electrode separation.

Figure 2.4: Schematic design of a mechanically controlled break junction (MCBJ), taken
from [15].

Even higher stability can be achieved when fabricating MCBJ samples using electron beam lithography [6, 16]. This technique can be used to create suspended metallic
bridges, very close to the bending beam, providing a higher gearing ratio. However, the
disadvantage of this technique is that only a smaller number of traces (≈ 100 − 1000) can
be measured using these samples before they wear out.
The MCBJ technique was first used for the investigation of molecular junctions in
1997, by Reed et al. [17]. They performed current-voltage measurements on molecular
junctions, created by building a self-assembled monolayer of benzene-1,4-dithiol molecules
on the surface of atomically sharp electrodes that they formed by rupturing a gold wire
utilizing an MCBJ setup. Based on the observed characteristics, they concluded, that
using this technique, junctions can be created, with a single molecule bridging the gap
between the electrodes.

2.2.2

STM-BJ

The scanning tunneling microscope (STM) was developed by Gerd Binning and Heinrich Rohrer to investigate the surface of electronically conductive materials [18]. This
instrument employs an atomically sharp tip for scanning the surface of the sample.
8

During break junction measurements, a metallic junction is repeatedly formed and
ruptured by pushing a metal tip into a metal sample and retracting it. The recorded
conductance versus displacement traces are very similar to those measured with an MCBJ
setup. When examined at a large scale, there is a clear asymmetry between the sharp tip
and the flat sample. However, on the atomic scale, a sharp apex formes on the surface of
the sample when the junction is ruptured by retracting the tip. Therefore, in the region
that defines the measured conductance, the proposed junction geometry is similar for the
STM-BJ and MCBJ methods.

Figure 2.5: Schematic of an STM-BJ measurement, the single molecule junction is indicated by a red rectangle, taken from [19].

In the case of an STM-BJ setup, the displacement of the tip directly adjusts the
electrode separation, hence there is no need to calibrate the displacement in every measurement. On the other hand, without the gearing ratio, STM-BJ measurements are more
exposed to mechanical vibrations. It also requires cleaning procedures and more attention
to prevent the contamination of the tip and the sample before assembling the setup.
In 2003, Xu and Tao developed a method for performing reproducible measurements on
molecular junctions using an STM-BJ setup [20]. They investigated molecules containing
chemical groups, that are capable of forming a covalent bond with metal electrodes.
These groups are often referred to as linkers. A gold tip was pushed into a gold sample,
in a solution that contained the target molecules. Upon retracting the tip, conductance
plateaus were observed after the rupture of the metallic contact, indicating the formation
of molecular junctions.
Certain molecules can also be introduced to the junction by evaporating them onto
the surface of the sample [21].
9

2.2.3

I(s) technique

When utilizing an STM setup, molecules on the surface of the sample can be contacted
even without creating a metallic junction. First, the tip is brought into the close vicinity
of the surface, where a molecule can attach to the tip with one end. Then the tip is
retracted while measuring the current. This method is called the I(s) technique, where I
refers to the current and s to the tip-sample distance [22–24].

Figure 2.6: Schematic of an I(s) measurement, taken from [24].

When using this technique, the tip is never fully in contact with the sample, thus the
measured conductance traces start below 1 G0 conductance. The proposed geometry of
the measured molecular junctions also differs from those formed during break junction
measurements, as in the case of the I(s) technique, one of the electrodes is relatively flat
(see Figure 2.6).

2.2.4

AFM-BJ

A conducting atomic force microscope (AFM) setup can be utilized to simultaneously
measure the junction conductance and the force acting on the junction during the elongation process [25–28]. An AFM setup usually employs a silicon cantilever as the probe.
To enable the measurement of the junction conductance, the cantilever is covered with
gold. Figure 2.7/A shows the layout of such an AFM-BJ setup. A laser beam is focused
on the edge of the cantilever. The deflection of the cantilever is determined by measuring
the position of the reflected beam using a 4 quadrant detector [26].
The measurements and the dosing of the molecules are carried out the same way as
with an STM-BJ setup. Figure 2.7/B displays a pair of typical conductance and force
traces, measured during the elongation and rupture of a gold junction. The measured force
signal follows a sawtooth-like pattern. Upon stretching a stable junction configuration,
the force increases linearly, which corresponds to the elastic deformation of the junction.
A sharp drop is observed in the measured force signal, when the atomic structure of the
wire is rearranged.
10

Figure 2.7: (A) Schematic design of an AFM-BJ setup, the force is determined by optically
measuring the deflection of the cantilever. (B) A pair of typical conductance (red) and
force (blue) traces, measured during the rupture of a metallic junction. Taken from [26].

2.3

Statistical tools for the analysis of conductance
traces

Due to the stochastic nature of the rupture process, the junction can undergo several configurations resulting in a rich ensemble of recorded conductance vs. displacement
traces. In order to identify statistically significant trends, large amount of data needs to
be collected, thus the evaluation of break junction measurements heavily relies on data
analysis techniques. In the following, I introduce statistical methods that are commonly
applied during the analysis of break junction measurements.

2.3.1

Conductance histograms

Perhaps the most common statistical tool is the so-called one-dimensional conductance
histogram. As we saw earlier, during the elongation, the junction conductance changes
in a step-like manner, where each conductance plateau corresponds to a stable junction
configuration, and the jumps between these indicate atomic rearrangements. To determine
the average conductance of a certain junction geometry, one would need to calculate the
average position of the corresponding plateau. Due to the flat plateaus and the monotonic
nature of the conductance traces, this can be achieved very easily by calculating the
average histogram of the conductance traces (Figure 2.8/C).
The histogram is calculated by dividing the conductance axis into discrete regions,
called bins, and counting the number of data points in each bin. The histogram calculated using a single conductance trace (single trace histogram) is denoted with Ni (r),
which describes the number of data points in bin i on conductance trace r. The average
histogram is obtained by averaging the single trace histograms for a set of conductance
11

D
E
traces: Ni (r) , this is often simply referred to as the histogram of the corresponding
r
conductance traces. Peaks on the conductance histogram indicate the position of the
plateaus in the measured traces, thus the conductance of the stable junction configurations4 . The widening of the histogram peaks results from the variations in the sampled
junction configurations, these variations fall under two categories: junction to junction
variations and dynamic fluctuations. Each time a certain junction geometry is established, for example, a junction with 3 atoms in the narrowest cross-section, the measured
conductance slightly varies depending on the fine details of the atomic structure. On
the other hand, during a stable configuration, atoms changing positions on the surface,
close to the narrowest cross-section of the junction can introduce small fluctuations in the
measured conductance.

Figure 2.8: (A) A typical conductance trace, recorded during the rupture of a metalic
contact, and (B) the corresponding single trace histogram. (C) The average histogram,
calculated using all measured traces.

In the case of molecular junctions, the conductance is highly dependent on the orientation of the molecule, the length of the bond, the atomic structure around the attachment
point, etc. These parameters often change while the junction is elongated, therefore the
observed junction conductance can exhibit relatively large dynamic fluctuations and the
conductance plateaus are usually slightly sloped, indicating a decrease in the conductance
as the junction is elongated (an example is displayed on Figure 2.9/A with grey line). This
results in broad molecular peaks on the one-dimensional histogram (Figure 2.9/C).

2.3.2

Two-dimensional conductance histograms

Two-dimensional conductance histograms were introduced to investigate the evolution
of the junction conductance during the elongation process [29, 30]. Bins are defined
both along the conductance and the displacement axis, resulting in a two-dimensional
image, where each pixel encodes the number of data points at a given conductance and
displacement position. In order to compare the relative distance between different events,
conductance traces are aligned at a certain position. This position can be for example
4

Due to the long single-atom plateaus, often a split axis is used to display all of the histogram peaks
on a single plot with linear scale.
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the rupture of the metallic or the molecular junction (Figure 2.9/A and B, respectively).
This is achieved by defining a conductance threshold and setting the displacement on
each trace to be zero at the position where the measured conductance first crosses this
threshold.

Figure 2.9: Two-dimensional conductance histograms of 14000 conductance trace, measured with 4,4’ bipyirdine, using a room temperature MCBJ setup. The conductance
traces are aligned after the rupture of the (A) metallic (at 0.5 G0 ) and (B) molecular
(at 5 · 10−5 G0 ) junction. (A) An example conductance vs. electrode separation trace, exhibiting two molecular plateaus, is displayed with grey line. (B) The average conductance
trace is plotted with grey line, this is obtained by fitting each column of the two-dimensional
histogram with a Gaussian and taking the position of the center of the peak. (C) Onedimensional conductance histogram of the data set. The histogram peaks, corresponding
to the molecular plateaus, appear in the range between ≈ 10−4 G0 and ≈ 10−3 G0 .
The average conductance trace can be extracted by fitting each column of the twodimensional histogram with a Gaussian and taking the position of the center of the peak
(grey line on Figure 2.9/B). This average conductance trace displays the trend, how the
conductance is changing as the junction is elongated.

2.3.3

Plateau length analysis

When the one-dimensional histogram is integrated over a certain conductance range,
the result is proportional to the average length of the plateaus, observed in that conductance range. For example, in the case of a gold junction, the average displacement, that
is sustained by a single atom contact can be obtained by integrating the one-dimensional
conductance histogram over the region of the 1 G0 peak (we often use the 0.5 − 1.2 G0
range). If the displacement is calibrated, then we can obtain the average length in nm by
multiplying this integral with the amount the junction is elongated between two measured
data points.
We can extract more information, beyond the average length of a plateau, when plotting the distribution for the plateau length. This can be achieved by calculating the same
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integral for each single trace histogram and creating a histogram from the results. This
histogram is called plateau length histogram or step length histogram.
A notable application of the plateau length histogram was the discovery of an interesting phenomenon called chain pulling [31]. When a gold wire is ruptured at low
temperature, a single-atom contact can be so stable, that instead of rupturing, it is capable of pulling atoms from the electrodes to form an atomic chain connecting the electrodes.
During such a process, the junction is more likely to rupture when a new atom is being
pulled out of one electrode and it is quite stable once a chain with a certain length is
established. As a result, equidistant peaks are observed in the plateau length histogram
(Figure 2.10). The distance between these peaks matches the distance between neighboring atoms in the chain. Besides being interesting, this phenomenon is also very useful, as
it can be utilized for the precise calibration of the displacement during low temperature
measurements.

Figure 2.10: Plateau length histogram of single-atom gold contacts, measured at 4.2 K
using an MCBJ setup, taken from [31].

2.3.4

Conditional histograms

The term, conditional histogram, refers to a one- or two-dimensional conductance
histogram, which is created using a subset of the measured traces, that are selected based
on certain criteria. These conditional histograms can be used to examine different junction
trajectories.
A simple example is a break junction measurement with a molecule that does not
always attach between the electrodes. In this case, some of the measured traces exhibit a
molecular plateau, while others do not display molecular features. One can define certain
criteria for filtering out the traces without molecules and create conditional histograms
using only the traces with conductance plateaus.
More interestingly, certain junction configurations are not always observed. A molecule
might have various binding configurations with different junction conductance, some
traces might only exhibit one configuration or another. Or the length of the observed
plateaus in different conductance regions can be related in one way or another. Conditional histograms can be used to visualize these relations, however, there is a more
powerful tool: correlation analysis, that can be used to recognize them.
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2.3.5

Correlation analysis

Let us consider two quantities that we measure. These could be any properties, that
we calculate for a set of conductance traces. For example, the plateau length in different
conductance regions or the average conductance measured between certain displacement
positions, etc. The two selected quantities are denoted with X(r) and Y (r), with r
indexing the conductance traces. The covariance can be used to examine, whether these
two quantities are independent or related:
Cov(X, Y ) =

D

D
E 
D
E E
X(r) − X(r)
· Y (r) − Y (r)
.
r

r

(2.7)

r

The above expression includes an averaging over all of the traces in the data set.
A certain trace (r) increases the covariance if the two variables deviate in the same
direction from their average value, that is, either both are larger or both are smaller
than their average. On the other hand, a trace decreases the covariance, when the two
variables deviate in the opposite direction from their average value. The above formula
is equivalent with the following:
D

E
D
E D
E
Cov(X, Y ) = X(r) · Y (r) − X(r) · Y (r) ,
r

r

(2.8)

r

which shows that the covariance is zero when the two quantities are independent, that is
the product of their averages equals the average of their products. The correlation can
be obtained by normalizing the covariance:
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X(r) − X(r)
· Y (r) − Y (r)
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The value of the correlation is always between ±1, the absolute value measures the
strength of the linear relationship between X and Y . Perfect correlation (C = 1) or
anticorrelation (C = −1) indicates, that there are constants a and b, which satisfy
Y (r) = a + b · X(r) for every r [32].
Figure 2.11 displays six examples for the visual representation of the correlation between quantities X and Y . The mean value is zero for both quantities, in all of the graphs,
while the correlation is 0.66 for graphs A and B, −0.66 for C and D, and 0 for E and
F. These examples show, that in the case of a non-zero correlation, the data points are
scattered inside the contours of a tilted ellipse. However, the tilt angle, that is, the slope
of the linear relationship between X and Y does not influence the value of the correlation
(compare graphs A and B). Graph F is an example, that shows that while independent
quantities have zero correlation, the reverse of this statement is not necessarily true: zero
correlation does not imply that the quantities are independent. In this example, there
is a clear quadratic relationship between the X and Y values and yet the correlation is
zero. However, for jointly normally distributed variables, as in the case of graph E, zero
correlation indeed indicates independence.
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Figure 2.11: Examples for the visual representation of the correlation between data sets
X and Y .

The correlation analysis of conductance histograms was introduced by Makk et al.
[33]. In this method, the investigated quantities are the histogram bin counts on the
single trace histograms. The correlation is calculated between all pairs of conductance
bins:
D
D
E 
D
E E
Ni (r) − Ni (r)
· Nj (r) − Nj (r)
r
r
r
Ci,j = C(Ni , Nj ) = rD
(2.10)
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r

r
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The resulting correlation matrix can be visualized as a two-dimensional image, often a
non-linear color scale is employed to hide correlations below a certain threshold, where
only noise would be observed. The diagonal of the autocorrelation matrix always shows
perfect correlation, as it compares the same histogram bin (Ci,i = 1). The widening of
this feature results from the finitie slope of the observed conductance plateaus.
Figure 2.12 shows the application of this method for platinum junctions measured in
the presence of CO molecules [33]. The conductance histogram exhibits three peaks. The
peak around ≈ 2 G0 conductance (Region 3) corresponds to a single atom contact, while
the peaks at ≈ 1 G0 (Region 2), and at ≈ 0.5 G0 (Region 1) conductance correspond to
a molecular junction with the CO molecule oriented perpendicular and in parallel to the
contact axis, respectively. The correlation matrix reveals, that the two molecular configurations are uncorrelated, thus a CO molecule attached in the perpendicular orientation
does not affect the probability to form a junction with the molecule oriented in parallel.
Furthermore, both molecular configurations show an anticorrelation with the single atom
configuration, which indicates, that it is less likely for the CO molecule to bind between
the electrodes when a long single atom plateau was observed.
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Figure 2.12: Pt break-junction measurements in a CO environment. (A) Conductance
histogram (black area) and three conditional histograms (blue, green, and gray) constructed
for the orange, yellow, and red conductance regions, respectively. (B) autocorrelation and
(C) sample conductance traces. Taken from [33].

2.4

Machine learning for the analysis of break junction measurements

One typical data analysis task is the classification of the measured traces based on
the different junction trajectories. Until recently, feature filtering was the commonly used
method for identifying different trace classes in the measured dataset. This requires the
definition of certain features, for example the step length in a conductance range, the
slope of a line fitted on a conductance plateau, etc., which are able to identify targeted
motifs of the traces [34–45]. Then appropriate thresholds needs to be determined for
these features in order to properly classify each measured trace. The selection of these
different features and the proper tuning of the thresholds can be a difficult task, that
requires physical intuition about the trace classes present in the dataset.
Nowadays artificial intelligence methods are widely utilized in many fields of science
and technology providing a rapidly developing tool to recognize the relevant features in the
different datasets without the guidance by human intuition. Recently, machine learning
methods were also applied in the field of molecular electronics, we were among the firsts to
employ neural networks for the classification of conductance traces, in collaboration with
Prof. Gemma Solomon’s research group [4]. Others also implemented various machine
learning protocols and demonstrated their practicality in the analysis of break junction
data. These methods include: unsupervised vector-based classification [24], reference free
clustering method [46], fast data sorting with principal component analysis [47], deep
auto-encoder [48] and neural network-based classification [49, 50]. In the following, I
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summarize and compare the most relevant methods available in the literature, to date.
Our methods [4, 5] are described in more detail, in Chapter 6.
A traditional computer algorithm consists of a series of explicit commands, that performs a given task. Machine learning is a term that refers to more general algorithms,
which are not tailored to a specific task, rather these techinques enable the computer to
”learn” from a dataset that is presented to it. Machine learning can be employed to a
wide range of tasks, those we discuss here fall under the category of classification. In a
classification task, a label (or labels) needs to be assigned to every data point in a dataset.
Machine learning protocols can be categorized as supervised or unsupervised methods. A
supervised classification algorithm requires a training dataset, in which each datapoint
is labeled. Using this training dataset, the algorithm learns to identify the important
features that determine the label for a given data point. Then the trained algorithm can
be used to assign a label to any datapoint. In contrast, an unsupervised classification
algorithm does not require a labeled dataset for the training. In this case, the algorithm
compares various features of the data points and divides the dataset into classes that
contain data points with similar features, without the a priori knowledge of labels.

2.4.1

Vector-based classification

One of the earliest papers to apply machine learning techniques for the analysis of
conductance traces is by Lemmer et al. [24]. They introduced a vector-based classification
method and applied it on simulated and experimental conductance traces, recorded using
the I(s) technique. In this method, each measured trace is treated as an N dimensional
vector: Xn,m (n = 1, ..., N ), with N denoting the number of points on a conductance trace,
n indexing the data points and m indexing the measured traces. Due to the properties of
the I(s) technique, conductance traces start around the same conductance value and N
is the same for all measured traces, when the tip is retracted the same amount with the
same speed, thus there is no need for aligning the measured traces.
The first step is to define an N -component reference vector (R), the choice for this
vector depends on the classification task. In this paper, the authors choose a noise-free,
exponentially decaying reference vector, that is similar to a conductance trace without
molecular signatures. Then they calculate three features for each measured trace, using
the reference vector (R), these are: ∆Xm , θm and hm .
The first feature is the distance between the two vectors, that is the length of the
difference vector:
∆Xm = |Ym | = |Xm − R|
(2.11)
The second feature is the angle between the difference vector and the reference vector:
cos(θm ) = −

R · Ym
|R| · |Ym |.

(2.12)

The formulas used for defining the third feature are a little complicated, essentially it
counts the number of vector components in Xm which does not exceed the corresponding
component of R. Therefore, hm is the number of different values of n, for which the below
equation holds true:
Xm,n ≤ Rn .
(2.13)
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Using these features, each measured trace is represented by a point in a 3D feature
space. In the next step, a clustering algorithm5 is applied to this feature space to recognize
the groups of traces, that show similar values for these features.
One of the examples they present with experimental data, is the analysis of I(s) measurements with 1,8-octanedithiol (ODT) molecules, Figure 2.13 shows the results of this
analysis. They recorded a total of 70000 conductance traces. Using the vector-based
classification method, traces with molecular signatures are identified automatically (42%
of the measured traces in this dataset).

Figure 2.13: (A) Cylinder plot of the feature space with red/blue dots, indicating the
different clusters. (B) The same cylinder plot, viewed along the z axis. Two-dimensional
current histograms, for all traces (C), the traces in the blue (D) and red (E) clusters.
Taken from [24].

Although the authors claim this method is unsupervised, it still requires the definition
of a reference vector to generate the features. As they note, it is possible to automatically
generate the reference vector based on certain criteria, such as to maximize the variance
of the generated features. Soon after, generating an automatic reference vector was also
demonstrated [51].

2.4.2

Principal component analysis

Principal component analysis (PCA) was first applied to molecular electronics data by
Hamill et al. [47], they used this method for the automatic classification of conductance
traces. The dataset, used as the input for this method, contained single trace histograms
5

They use Gustafson–Kessel Fuzzy Clustering, that allows for the partitioning of ellipsoidal clusters.
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with 128 bins. Therefore, each measured conductance trace can be represented by a
data point in a feature space with 128 dimensions. In most cases, the data points are not
equally spread out along all dimensions, PCA can be used to reduce the dimensions of this
feature space by identifying those few directions along which the data points are spread
out the most. In other words, we are looking for those directions which produce the largest
variance upon projecting the data points onto these directions. A step by step derivation of
the PCA method can be found in [52], here I focus on its application for the classification
of conductance traces, as it was introduced in [47]. The first step is to calculate the
correlation matrix, introduced in Section 2.3.5 (Figure 2.14/B), the eigenvectors of this
correlation matrix are the so-called principal components. The relative magnitude of
an eigenvalue can be used as a measure of the variance captured by the corresponding
principal component:
λi
,
Vi = P
j λj

(2.14)

where λi is the eigenvalue that corresponds to principal component i. When the principal components are sorted in descending order, according to their eigenvalues, the first
principal component (PC1) shows the direction in the feature space which leads to the
largest variance when the data points are projected onto it. Since the correlation matrix
is symmetric, the principal components are orthogonal to each other. Therefore, the second principal component (PC2) shows the direction which leads to the largest variance
upon the projection of the data points, among those directions that are orthogonal to
PC1. This argument can be continued for the rest of the principal components. The
orthogonality of the eigenvectors also reveals the limitation of the PCA method: when
the structure of the dataset is such, that clusters of datapoints arrange in directions that
are not orthogonal to each other, only PC1 captures a meaningful direction [53].
According to the protocol, the next step is to select a principal component and project
each single trace histogram onto this direction. Then the conductance traces are split into
two groups based on the sign of the projection (Figure 2.14/D). Each principal component
sorts the data based on different criteria. This method is based on the assumption, that
large variances correspond to important features in the data. If this assumption holds true,
then meaningful classification should result from the projections to one of the principal
components among those with the largest eigenvalues. Generally, one can use the first 3−5
principal components to find out which one provides interesting/relevant trace classes.
The authors demonstrated this method on a break junction measurement using a
mixture of two different molecules. The first two principal components are displayed on
Figure 2.14/C, PC1 was selected for the classification, based on the observation, that
it exhibits a large change in the region of the molecular peak. Conductance histogram
for all of the measured traces is displayed on Figure 2.14/F. Red and green curves show
the histograms of the resulting trace classes. The positions of the histogram peaks are
different for the two molecules, nevertheless, there is a significant overlap between the two
peaks. Furthermore, the length of the molecular plateau, when measured in the entire
molecular conductance range, is very similar for the two molecules (Figure 2.14/E).
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Figure 2.14: Classification of conductance traces using principal component analysis. (A)
One dimensional single trace histograms of the measured conductance traces, the inputs
for this method, displayed using a two-dimensional image plot. (B) Correlation matrix.
(C) PC1 (blue) and PC2 (orange) plotted vs. the bin number. (D) Distribution of the
single trace histograms projected onto PC1. (E) Plateau lengths histograms. (F) Onedimensional conductance histograms of the resulting trace classes. Taken from [47].

The principal component analysis method is an unsupervised one with only a few
parameters to tune. It performed well on the classification task, that the authors used for
demonstration. However, when we applied the same method to other classification tasks,
we found, that although the principal components can be used to identify interesting
features, the accuracy of the classification is not satisfying when traces are split into
groups according to the sign of the principal component projection.

2.4.3

Reference-free clustering method

Another unsupervised method was introduced by Cabosart et al [46]. In the PCA
method, the single trace histograms are used as input, as a result, the displacement
information is discarded. In this reference-free clustering method, the authors wanted to
include this information as well in the analysis. To this end, they created two-dimensional
single trace histograms from each breaking trace (Figure 2.15), with the conductance
traces aligned right after the rupture of the metallic contact. They used 28 bins along both
the displacement and conductance axis, which results in a feature space with 28 × 28 =
784 dimensions. Then they used K-Means++ algorithm to find clusters of similar traces
in this high dimensional space.
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Figure 2.15: Reference-free clustering algorithm. Left: transformation of a breaking trace
into a single trace two-dimensional histogram. Right: reduced feature space. The blue,
green, and red points correspond to the three different clusters. The corresponding twodimensional conductance histogram are displayed for each cluster. Taken from [46].

K-means algorithm is an iterative process, that starts by placing a predefined number
of centers in the feature space. In each iteration, every point in the feature space is
assigned to the cluster which is centered closest to it. Then the new position of the
centers is calculated:
X
1
(t+1)
·
xj ,
(2.15)
=
mi
(t)
Ci
(t)
x ∈C
j

i

where t indexes the iterations, i indexes the different clusters, m denotes the position of
the centers, C the clusters and x the points in the feautre space. The process is repeated
until it converges to a solution.
K-Means++ is a modified version of the above described clustering method, which is
optimized to perform well with high dimensional feature spaces. The authors also note,
that they tested more advanced clustering algorithms, which take into account different
cluster shapes, but these algorithms failed due to the large numer of dimensions.

2.4.4

Introduction to Neural Networks

Artificial neural networks are a versatile, widely used machine learning tool. The
ability of these networks, to identify certain patterns in a dataset was also exploited in
the field of molecular electronics [4, 5, 48–50]. Before describing these methods, I give
a short introduction to this topic to explain the basic principles behind artificial neural
networks, and describe how these networks can be trained to perform classification tasks.
A more thorough introduction to this subject can be found in [54, 55].
Biological neural networks consist of neurons interconnected by a web of synapses.
Each neuron receives signals through the synapses connected to it, and it is able to
transmit a signal upon becoming activated. Artificial neural networks are inspired by
these biological networks of neurons but work differently.
An artificial neuron has many weighted inputs and a single output (Figure 2.16). Such
a neuron can be used to perform binary classification tasks. In our case, the objects we
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would like to classify are the measured conductance traces, each conductance trace is
represented by a single data point in an M dimensional space, where every coordinate
encodes different information about the conductance trace. This information can be any
feature that is calculated from the conductance trace (like average conductance, step
length in a certain conductance range, etc.) or even the raw data itself: the measured
conductance values. To classify a conductance trace, the coordinates of the corresponding
data point are fed to the inputs of the artificial neuron, then the neuron outputs a value
between 0 and 1. In the case of binary classification, this output can be interpreted as
the neuron assigning label ”A” when the output is below 0.5 and label ”B” when it is
above 0.5. Some of the information that the neuron receives on its inputs might be highly
relevant for determining the label of the conductance trace, while other inputs might
supply data that are not particularly useful for the neuron to predict the proper label.
Therefore, the neuron uses different weights on each input to distinguish between the
relevance of the various pieces of information it receives. The absolute value of a given
weight signifies the relevance of the information supplied by that input. The output of
the neuron is calculated the following way: the data is multiplied with the corresponding
weight on each input, the resulting values are summed up for all inputs, then another
value is added called bias and the resulting number is plugged into an activation function
which then produces an output between 0 and 1. A commonly used activation function
is the sigmoid function (f [x] on Figure 2.16), but other functions can also be used, in
general. The important property for the activation function is that it should output 0 for
a large negative number, 1 for a large positive number, and have a smooth transition in
between these values for the numbers around zero. The values for the weights and the bias
value are internal parameters of the neuron, these determine how the neuron classifies the
data points. Different weight and bias values perform classification according to different
criteria.

Figure 2.16: Schematic illustration of the working principle of an artificial neuron. On
the right: sigmoid activation function (f [x]).

The role of the bias value can be thought of as a comparison between the weighted
sum of the inputs and a threshold value, defined by the bias. If the weighted sum is
much larger than the threshold, the output of the neuron is 1, or the output is 0 if it is
much smaller than the threshold. Otherwise, the output is between 0 and 1, depending
on the difference between the threshold and the weighted sum of the inputs. This reveals
the limitation of a single neuron being used for classification tasks: it can only provide
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satisfactory classification results when the data points are linearly separable. This means,
that we can find a plane in the M dimensional space, which separates the data points in
a way, that all of the points that belong to class ”A” are located one side of the plane,
while all the points that belong to class ”B” are on the other side.
This limitation can be exceeded by building a network of artificial neurons. In general,
neurons can be connected various ways, there are no general design rules that would
determine the optimal network architecture for a given classification task. However, neural
network researchers developed certain architectures that are known to perform well for
specific tasks.
The simplest example for a neural network is a feed-forward architecture, as displayed
on Figure 2.17. The neurons are arranged in layers, in a dense network, each neuron
is connected to all neurons on the next layer. The first and the last layer is called the
input and output layer, while the layers in between are referred to as hidden layers, in
the example on Figure 2.17, there is a single hidden layer. Neural networks with a large
number of hidden layers are often referred to as deep neural networks. The number of
neurons on the input layer (M ) is the same as the dimension of the input data, these
input neurons do not calculate anything, they are simply used to feed the data into the
network. For a binary classification problem, a single neuron can be used on the output
layer, but generally, more neurons can be added, depending on the classification task.
There is a website, where one can easily experiment with a feed-forward neural network,
performing different classification tasks [56].

Figure 2.17: Schematic representation of a feed-forward neural network with a single
hidden layer and a single neuron on the output layer. M and H denotes the number of
neurons on the input and on the hidden layer.

After the network architecture is established, the next step is to adjust the weight and
bias parameters of the network to perform the desired classification. This adjustment is
called the training of the network. In a supervised learning scheme, the network requires
a set of labeled data points, which is referred to as the training set. The training starts
by randomly initializing the weight and bias values. Then the data points in the training
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set are fed through the network and the output is compared with the corresponding label
for each data point (0 or 1). During the training, the weight and bias values are adjusted
such, that the difference between the label and the output of the network is minimized.
The output of the network for a certain data point is often referred to as the prediction.
The closer the prediction is to 0 or 1, the more confident is the network about the assigned
label. A loss function is defined to measure how far away are the predictions of the
network from the labels available in the training set. This loss function depends on the
parameters of the network, which consists of the weight and bias values of all the neurons
in the network. The training of the network is effectively an optimization problem: we
search for the global minimum of the loss function, by changing the parameters of the
network. Very effective algorithms were developed for solving this optimization problem,
one that is commonly used is the so-called gradient descent algorithm. This is an iterative
process, in each iteration step, it calculates the gradient of the loss function and applies a
small change to the network parameters in the direction which reduces the loss function
the most. This is where the smoothness of the activation function becomes important, for
this algorithm to work a small change in the network parameters should produce a small
change in the output of the network.
The training procedure also has several parameters that need to be adjusted, these
are often referred to as hyperparameters. One such hyperparameter is the so-called learning rate, it sets how much the network parameters are changed in one iteration. More
precisely, the network parameters are changed as:
∆ν = −η · ∇L,

(2.16)

where ∆ν is the change of the network parameters, η is the learning rate, and ∇L is
the gradient of the loss function. Either a fixed number of iterations are executed or the
algorithm runs continuously until the loss converges to a value.
A commonly used loss function with sigmoid activation neurons is the so-called binary
crossentropy:
N
1 X
(yi · log(ŷi ) + (1 − yi ) · log(1 − ŷi )) ,
L(y, ŷ) = −
N i=1

(2.17)

where N is the number of data points in the training set, y is the correct label (0 or 1), and
ŷ is the prediction of the network (a value between 0 and 1). This loss function is designed
in a way, that when used with sigmoid activation function, the size of the gradient of the
loss is proportional to the difference between the prediction and the correct label, which
helps the algorithm to converge faster [54].
An interesting thing to point out, is that neural networks can have a large number of
neurons, therefore the number of network parameters that are adjusted during the training
can be as high as thousands or even millions in some cases. This makes calculating the
gradient of the loss function a highly computationally intensive task. However, a clever
algorithm called backpropagation can be used to perform this calculation in a very efficient
way. This algorithm repeatedly applies the chain rule of differentiation to calculate the
partial derivatives of the loss function with respect to the network parameters. The
backpropagation algorithm is discussed in detail in [54].
Another solution to speed up the training is using the stochastic gradient descent
algorithm. This works very similarly to the algorithm described earlier, with the difference
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that instead of calculating the precise gradient of the loss function, which would require
the consideration of all of the data points in the training set, it only approximates the
gradient using a limited number of data points that are selected at random from the
training set in each iteration. The number of data points it uses in one iteration is called
the batch size, which is another hyperparameter of the training procedure.
An important thing to keep in mind during the training of the network is to avoid
overfitting the training data. In this context, this means that the network learns the
training data itself, instead of identifying patterns in the data that can be used for determining the correct label for each data point. In this case, the network performs very
well on the training set, however, when presented with new data points, the performance
is significantly reduced. To avoid overfitting, we split the training data into two groups:
training set and validation set. The training set is used for minimizing the loss function
and finding the optimal network parameters, at the same time, the loss is also calculated
using the validation set. An example is displayed on Figure 2.18. At the beginning of
the training process, both the training and validation loss is decreasing. However, after
≈ 10000 iterations, the validation loss starts to increase while the training loss continues
to decrease. This indicates that the network starts to overfit the training data. There
are several solutions to prevent this from happening. One is called early stopping. Using this method, the validation loss is monitored and the optimization is finished when
the validation loss stops decreasing. Another solution to this problem is called learning
rate reduction. Instead of using the same learning rate during the training process, it is
reduced automatically as the network parameters converge towards the optimal values.
There are several ways to implement this method, the learning rate can be modified either after a predefined number of iterations or based on the change in the training loss or
validation loss. These methods can also be used in combination.

Figure 2.18: Training and validation loss, during the training of a neural network for the
classification of conductance traces, measured with 4,4’ bipyridine molecule (Section 6.3).
After ≈ 10000 iterations, the validation loss stops decreasing, which indicates that the
network starts overfitting the training data.

Although the validation data is not used for the direct adjustment of the network
parameters, the performance of the network on the validation set is used to tune the
hyperparameters of the training (number of iterations, learning rate, etc.). Therefore,
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to test the classification with completely new data points, the set of labeled data points
is often split into three groups: training set and validation set which are used during
the training and a holdout set that is used for evaluating the performance of the trained
network.
Beyond the feed-forward architecture, there are several, more complicated network
architectures. Generally, a network with a more complicated architecture requires higher
computational capacity to train and involve more parameters and hyper paramteres that
need to be adjusted according to the task at hand. Nevertheless, there are complicated
tasks which necessitate to employ large neural networks with special layout. One limitation of the feed-forward network architecture, that it handles the inputs independent
from each other, therefore it is not capable to take into account the sequence of the data.
Recurrent neural networks were developed to solve this problem. In these neural
networks, there are connections that feed back the output of a neuron to its input. In
the case of such network, the input data is propagated through the network in iterations.
The output of a recurrent unit in a certain iteration depends on the previously output
values. In the simplest case, a recurrent unit is a neuron which has a connection between
its output and its input. However, these simple recurrent units are not very useful in most
applications, because the effect of the neurons output in a certain iteration quickly decays
with the following iterations, thus they can only connect information that are relatively
close to each other in the sequence of the input data. To address this problem, Long Short
Term Memory (LSTM) units can be used (Figure 2.19). A LSTM unit uses a recurrent
neuron to store information and employs three neurons as gates to control the state of
this recurrent neuron. It stores new information, when the input gate is activated. The
forget gate clears the stored information, and the output gate controls whether to output
the stored information in a certain iteration. A good explanation of LSTM untis can be
found in [57]. Recurrent neural networks with LSTM units perform very well for tasks
that involve sequential inputs, such as language processing [58].

Figure 2.19: Schematic diagram of the LSTM recurrent unit. Taken from [55].
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Another frequently used architecture type is convolutional neural networks. These
networks are known to perform well for image recognition tasks. An image is a twodimensional matrix, where every element encodes the information of a pixel on the image.
During the convolution process, a smaller matrix called mask or kernel is shifted on top of
this image from left to right and top to bottom and multiplied with the image matrix at
each position. Depending on the utilized mask, different features can be extracted from
the image, like edges or even objects with certain shapes. A convolutional neural network
contains convolutional layers, that apply various filters to the image to extract different
features from it, then these features are fed through a series of feed-forward layers [54].
In recent years, neural networks were also applied for the automatic classification
of break junction data. We published the first paper on this topic, in collaboration
with Prof. Gemma Solomon’s research group [4]. We used a recurrent neural network,
employing LSTM units, to select conductance traces exhibiting molecular signatures.
In this work, Kasper Primdal Lauritzen performed the design and training of the neural
networks, and we provided the experimental data and analyzed the resulting trace classes.
Since then, several neural network based methods were demonstrated. We introduced an
unsupervised classification method that relies on the principal component projections to
create a training dataset, which is then used to train a feed-forward neural network [5].
This method is described in Section 6.1.6. In the following, I briefly describe the most
relevant papers: an unsupervised classification method relying on a deep auto-encoder
[48] and a supervised classification utilizing a convolutional neural network [50].

2.4.5

Deep auto-encoder K-means

An unsupervised algorithm was introduced by Huang et al. [48] for the automatic
classification of conductance traces. In this method, a neural network is used for generating features, followed by a K-means clustering on the feature space. The neural network
consists of two parts: an encoder and a decoder, the ”deep” term refers to the layout
of these networks, having multiple hidden layers each. The inputs to the encoder are
the measured conductance values, each trace is aligned to start after the metallic contact
ruptures, and cut to have the same number of points. The outputs of the encoder network
are the generated features. These are also the inputs to the decoder network which has
the same number of outputs as the number of points on the measured conductance traces.
The layout of an encoder network is designed such, that it introduces a bottleneck for the
information, as it propagates through the network. In a feed-forward network, this can be
achieved by decreasing the number of neurons on the hidden layers (see the layout of the
encoder and decoder networks on Figure 2.20). This layout enforces the network to compress the information, that the input data contains. During the training, the measured
conductance traces are propagated forward through the encoder and backwards through
the decoder to compare the results with the input data. The weight and bias values of
the neurons are optimized such, that the difference between the measured conductance
traces and the output of the decoder is minimized. Finally, the trained network is used
for generating the optimized features for each trace and the K-means algorithm is applied
to identify clusters in this feature space.
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Figure 2.20: Schematic illustration of the architectures used for the encoder and decoder
networks. The neural networks are used for feature extraction, then the K-means algorithm
is applied for feature clustering. Taken from [48].

The authors applied this method to three different data analysis tasks. In the first,
they use the algorithm to distinguish between conductance traces that show molecular
plateaus from those exhibiting exponential decay that is characteristic to tunnel junctions.
Then they separated conductance traces of two different molecules when measured in a
mixture. Finally, they performed an in-situ chemical reaction during the measurement,
and used the DAK K-means method to follow how the concentration of the reactant and
the product molecules change during the experiment.

2.4.6

Convolutional neural network

Convolutional neural networks were also applied for the classification of break junction traces [50]. These type of networks are often employed for image recognition tasks,
this method was inspired by the idea to treat the measured conductance traces as onedimensional images. Similar preprocessing was performed on the data as in the DAK
K-means method: traces are aligned to start after the rupture of the gold contact and the
first 2000 data points were used, which corresponds to 1 nm displacement. To focus on
the conductance range of the molecular junctions, they remove the data points below the
noise level and above 0.1 G0 conductance. Figure 2.21 shows the layout of the employed
convolutional neural network. It consists of 6 OctConv type convolutional layers and 2
fully connected layers with 1024 and 16 neurons. Each convolutional layer has two inputs
and outputs: a high frequency branch wich uses all of the data points, and a low frequency
branch, which uses half the number of available data points. The network is trained with
a set of labeled conductance traces.
The authors applied this method for the analysis of a series of break junction experiments: conductance traces of different molecules were separated when measured in
a mixture and during an in situ reaction as well. The network was trained on additional measured conductance traces that were recorded separately, with pure solutions,
containing only one type of molecule.
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Figure 2.21: Schematic of the convolutional neural network, used for the classification of
conductance traces. Taken from [50].

One drawback of such a complicated network architecture is that it is very hard to
examine what are the features that the network uses for the classification. The authors
suggest, that the convolutional neural network, they introduced, learns features that are
beyond the average conductance of the junction. They demonstrated this by subtracting
the average value from each conductance trace and showing that the performance did not
change significantly.

2.4.7

Comparison of the different methods

Based on the objective of our analysis, we can apply different machine learning algorithms. When the purpose is to classify the conductance traces of different molecules,
either measured in a mixture or following an in-situ reaction, a supervised learning method
can be applied. The convolutional neural network method, introduced in [50], was demonstrated to perform well for these classification tasks and can be trained on measurements
performed separately with only one type of molecule. On the other hand, an unsupervised
method is required when we do not know in advance about the different trace classes in
the investigated data set. This is the case when we want to extract classes of conductance
traces which correspond to different junction trajectories. For these tasks, the referencefree clustering method [46] or the DAK K-means clustering [48] can be applied. These
methods include both the conductance and displacement information, but due to their
complexity, it is hard to gain proper insight into the decision making aspects. To this end,
we introduced an unsupervised method for feature recognition in break junction data [5].
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Our method uses principal component analysis to recognize relevant trace classes in the
dataset, then we employ a simple feed-forward network to capture the characteristic features of these traces and classify the measured traces with high accuracy. Furthermore,
the simple layout of the neural network enables us to determine the key features that
identify the different trace classes, which helps us to get a better understanding of the
underlying junction trajectories. This method is introduced in Section 6.1.6.
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Chapter 3
Measurement system developments
During my BSc and MSc studies, I developed a measurement control program for break
junction measurements and also participated in building a scanning tunneling microscope
setup. During my Ph.D. studies, I developed several measurement control programs and
took part in building and upgrading different measurement setups. In this chapter, I
describe the most important developments and summarize the conclusions from these
works. I also participated in the upgrade of an MCBJ setup to add the capability of
evaporating molecules in-situ. On this upgrade, I worked together with Zoltán Balogh.
The dosing procedure is discussed briefly in Section 5.2.2, a more detailed description of
the system can be found in Zoltán’s Ph.D. thesis [59].

3.1

STM-BJ setups

Scanning tunneling microscopes are widely utilized for investigating the topology of
conductive surfaces. However, it is not the only possible application for such a setup, break
junction as well as point spectroscopy measurements can also be carried out using these
systems. Although in principle, lateral positioning is not necessary for these applications,
it is a great advantage of an STM-BJ setup over an MCBJ, that a new contact can simply
be created by moving the tip to a new location on the sample. In the following, I describe
the development of a room and a low temperature STM-BJ setup, that I developed
together with Anna Nyáry.
Figure 3.1 shows the main parts and the electronic connections of an STM-BJ setup.
For break junction measurements investigating single-molecule junctions, we use a goldcoated silicon wafer and a gold tip, sharpened from 100 µm diameter wire to form the
electrodes. One advantage of gold electrodes is that the junction stays clean even in
air. Before placing the sample and the tip into the sample holder, we use a UV/ozone
cleaner for 15 minutes to remove any contaminants from the surface. After the sample
and the tip are put in place and fastened with screws, the tip-sample distance is typically
a few millimeters. As the range of the piezo positioner is typically on the order of a few
µm, coarse positioning is also required for approaching the sample with the tip until the
tip-sample distance is reduced below this range. For this purpose, we use a step motor
(TRINAMIC - QSH4218-35-10-027), that rotates an axle which then moves the tip.
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Figure 3.1: Components of an STM-BJ setup. During the measurement of conductance
traces, the tip is controlled with a piezo positioner, while a step motor is used during
the initial approach when the tip-sample distance is reduced below the range of the piezo
positioner. The measurement control program runs on a PC and uses a data acquisition
device (DAQ) to record the measured data and generates the signals driving the piezo and
the step motor. A high voltage amplifier is necessary to amplify the signal controlling the
piezo. A current to voltage converter is used for amplifying and transforming the current
flowing through the junction.

3.1.1

Room temperature STM-BJ setup

In the room temperature STM setup, the rotation of the axle is converted to linear
movement using a Thorlabs DT12 translation stage which moves the tip, together with
the piezo positioner that is responsible for positioning the tip, perpendicular to the surface
of the sample. The step motor is controlled by digital pulses, for each pulse, the motor
rotates a small angle. The size of one such step is adjustable, it takes ≈ 12800 step for a
single rotation of the axle when using the finest setting.
Once the tip reaches the surface of the sample, the piezo positioner is used for controlling the tip-sample distance. In the room temperature setup, we use several shear piezo
actuators: an XY stage (PI, P-142.03) placed under the sample for lateral positioning
and another piece (PI, P-121.03) which moves the tip perpendicular to the surface of the
sample. Piezo actuators require high voltages. We typically use an amplifier with a range
of −20 − 130 V, which corresponds to 0.9 µm displacement in each direction using the
piezo positioners in our setup. On the other hand, very small currents are flowing between
the tip and the sample, therefore it is crucial to properly shield all the cables and the
piezoceramics as well to eliminate the cross-talk between the high voltage lines and the
lines that are connected to the tip and the sample. For this reason, the high and low
voltage cables are separated as much as possible: they have separate connectors blocks
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and the wires are routed on opposite sides of the sample holder.

Figure 3.2: Room temperature STM-BJ setup. The connectors and the step motor are
on the top plate of the vacuum chamber where the sample holder is also attached. The
step motor rotates an axle which drives a linear translation stage. The tip and the piezo,
responsible for positioning in the direction perpendicular to the surface of the sample, are
placed on top of the stage. The sample is placed on top of a piezo positioner that is
responsible for positioning in the lateral directions.

We use two methods to introduce molecules to the junction. The first one is to evaporate the molecules onto the surface of the sample. This is done using a hot plate, by
positioning the sample to face the beam of molecules that evaporate from the container
heated by the hotplate. For best results with 4,4’ bipyridine molecule, which we investigated, the hotplate was heated to 130 °C temperature and we evaporated the molecules for
10 seconds. Then the sample was also placed on the hotplate for 30 seconds to remove the
excess amount of molecules from the surface. The other method is to prepare a solution
that contains the target molecules and place a few drops onto the surface of the sample.
Typically, we prepare a solution with ≈ 1 mM concentration of the target molecules and
use 1,2,4-trichlorobenzene or a 1:9 ratio mix of tetrahydrofuran and mesitylene as the
solvent.
The sample holder is surrounded by a vacuum chamber, all of the connectors and the
step motor are on the top plate of the chamber where the sample holder is attached to.
This way, the sample holder can be easily removed from the chamber without the need
to disconnect any cables. This is especially useful during the dosing of the molecules,
when the sample holder is temporarily removed from the vacuum chamber to place a few
drops of solution, containing the target molecules, onto the surface of the sample. Even
if the measurements are carried out in air, the vacuum chamber provides good electronic
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shielding and also helps to maintain a constant temperature during the measurement
which minimizes drifts caused by the thermal expansion of the sample holder’s parts. In
order to decouple the system from the vibrations of the building, we place the setup on a
passive vibration isolation stage (Minus K, 350BM-1). Before starting the measurement,
this has to be aligned manually according to the weight that is loaded on top of the stage.
Since we developed the above-discussed room temperature STM setup, two other
setups were made with almost identical designs, that are now used in break junction and
points contact spectroscopy measurements.

3.1.2

Cryogenic STM-BJ setup

In the case of the low temperature STM setup, the sample holder is inside a vacuum
chamber, at the end of a long rod (see Figure 3.3). The sample holder is cooled down
by immersing the vacuum chamber in liquid helium which has a boiling temperature of
4.2 K. The vacuum chamber is placed inside a helium dewar and the rod is pushed down
to position the chamber below the liquid helium surface. All of the electronic connections
and the step motor are located on the other side of the rod. In the case of the low
temperature setup, the tip holder is attached to a lever that is pushed down by the profile
of a cone. The axle, rotated by the step motor, adjusts the position of the cone which
moves the tip in a direction, perpendicular to the surface of the sample. For the fine
control of the tip-sample distance, we use a 3D piezo positioner stage (microTRITOR
from piezosystem jena).

Figure 3.3: Low temperature STM-BJ setup. The sample holder is inside a vacuum
chamber, at one end of the rod. The sample is placed on a 3D piezo positioner stage.
The tip holder is attached to a lever that is pushed down by the profile of a cone, which is
rotated by the step motor.

During the development of this setup, we encountered several obstacles. The 3D
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piezo positioner stage we use is a commercially available solution, that is designed to
be employed in STM setups. To achieve a large displacement range, it is designed in
a way, that the displacement of the piezo is amplified by a lever. We found that it is
capable of maintaining stable tunnel junctions, however, when the tip is hard pushed into
the sample, as we do in break junction measurements, we observed oscillations with a
well-defined frequency. When we investigated this in detail, we have found, that these
oscillations originate from mechanical vibration and concluded, that it is probably due
to the resonance of the lever that moves the stage towards the tip (Z direction). The
3D positioner can be disassembled into three stages, responsible for the displacement in
each direction. These oscillations were eliminated once we replaced the Z stage of the
positioner with a piezo chip (Piezomechanik, PCh 150/5x5/2).
We found, that vibrations can also be introduced by the flow of the helium gas in the
recovery line. These vibrations disappeared immediately when the valve that connects
the dewar to the recovery line was closed. When this valve is closed, the pressure of the
helium gas is building up inside the dewar, so it is not possible to close it for the duration
of the measurement. We assumed, that the pressure is fluctuating inside the recovery line
and therefore the direction of the helium flow is alternating between the dewar and the
recovery which results in the observed vibrations. To eliminate this problem, we narrowed
the connection to the recovery by partially shutting the valve. This way, the pressure is
slightly increased inside the dewar and the direction of the helium flow is kept constant.
We use this method with MCBJ setups as well.
This low temperature STM setup also suffered from a cold leak that we were unable to
repair. A cold leak is a small crack that only opens when the vacuum chamber is cooled
down, which makes it very hard to locate it. Such a cold leak enables liquid helium to enter
into the vacuum chamber. When the vacuum chamber is removed from the dewar, the
liquid helium evaporates quickly, building up a large pressure inside the vacuum chamber.
There is a gas outlet below the electronic connectors, which opens to relieve the pressure.
Without the cold leak, the gas outlet would stay closed during the warmup. Despite
several attempts for fixing the cold leak, we could not get entirely rid of it. There are
measurements, where a cold leak does not necessarily introduce any problems. Filling the
vacuum chamber with liquid helium can even help to cool the system more uniformly.
However, we assume, that this can be a problem when measuring molecules evaporated
onto the surface of the sample. I performed several attempts to evaporate the molecules
onto the surface of the sample and then cool down the system. The conductance traces,
measured at low temperature, did not show molecular features, even when molecular
plateaus were observed using the same sample and tip, in vacuum, right before cooling
down the setup. From these experiences, we assumed that the liquid helium inside the
chamber might wash away the molecule from the surface of the sample. However, this
hypothesis was not confirmed, instead, we upgraded a low temperature MCBJ setup for
the in-situ evaporation of molecules. This setup did not suffer from cold leaks and the
in-situ evaporation technique has the benefit, that we can measure clean gold contacts to
establish that the junction was kept clean during cooling down the setup. Then we can
evaporate the molecules and investigate how the measured conductance traces change as
a result of the evaporation. The low temperature STM setup was later used for other
measurements.
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3.2

Electronics

During the rupture of the junction, the measured conductance changes several orders
of magnitude. The conductance of molecular junctions is typically between 10−5 and
10−2 G0 , while it is also important to measure the conductance of the metallic contact
to verify that the junction is clean and it is closed until sufficiently large conductance
≈ 50 − 100 G0 . With a bias voltage of 100 mV, around 10 pA current is measured
during a molecular plateau. We use a current to voltage converter (Femto DLPCA-200)
to amplify the measured signal, Figure 3.4/A illustrates the circuit diagram for this type
of amplifier.

Figure 3.4: (A) Simplified circuit diagram of a current to voltage converter. The gain
is determined by the value of the feedback resistor: Uout = −iin · R. (B) Voltage output
of the amplifier with respect to the measured conductance, when the gain is set to 106
and 100 mV is applied on the junction. Orange and red dashed lines indicate the voltage
resolution of a 16 bit and a 24 bit ADC when used with an input range of ±10 V.

The gain is determined by the value of the feedback resistor: Uout = −iin · R. Due to
the parasitic capacitances, this resistance also limits the bandwidth of the amplifier: the
larger the feedback resistance and thus the gain, the smaller the bandwidth. We also have
to take into account, that the output range of the amplifier is limited, therefore the larger
the amplifier gain, the smaller the maximum value of the current we can measure. Figure
3.4/B shows the relation between the voltage output of the amplifier and the junction
conductance when the gain is set to 106 and 100 mV bias voltage is applied. Without a
resistor in series with the junction, the maximum output voltage (10 V) corresponds to
1 G0 conductance. Using a resistor, in series with the junction, enables us to measure
larger conductance using the same amplifier gain. For a junction with large resistance
compared to the resistance in series, almost the entire bias voltage drops on the junction.
As a result, the measured current corresponds to the same junction conductance as in
the case without the series resistor. However, when the resistance of the junction is
comparable to the series resistance, the voltage drop on the junction is reduced. As a
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result, the same current corresponds to a larger junction conductance when compared to
the case without a series resistor.
In general, a resistor in parallel with the junction can also be used. In this case,
the voltage on the junction is reduced by a factor of RP arallel /(RSerial + RP arallel ), when
the junction resistance is large compared to the resistor in parallel. Such a bias division
circuit is often used to increase the precision of the voltage output. However, it is hard
to satisfy this approximation when the resistance of the measured junction changes over
such a large interval. For this reason, it is best to avoid using a parallel resistance in
break junction measurements.
The smallest conductance that we can measure is determined by the voltage resolution
of the analog-digital converter (ADC), that is used to measure the output of the currentvoltage converter. Orange and red dashed lines indicate the voltage resolution of a 16 bit
and a 24 bit ADC when used with an input range of ±10 V. The smallest measurable
conductance is just below 10−4 G0 with a 16 bit ADC, when the amplifier gain is set to
106 and 100 mV bias voltage is applied. In principle, we could increase the conductance
resolution either by applying a larger bias voltage or by utilizing a larger gain setting.
However, a large electric field between the electrodes could decrease the stability of the
molecular junction, which limits the maximum applicable bias voltage between a few
100 mV to 1 V, depending on the type of the metal-molecule bond [60]. On the other
hand, when using a series resistance, the resolution of the ADC also limits the accuracy at
high conductance values, due to the reduced voltage drop on the junction. This prevents
the proper resolution of the metallic conductance plateaus when utilizing an amplification
larger than 106 .
One solution for measuring conductance over such a wide range using a 16 bit ADC
is to utilize a current to voltage converter with a non-linear gain. This type of amplifier
employs a non-linear circuit element, in place of the feedback resistor. In our setups, we use
a tunable bipolar logarithmic current to voltage converter developed by Gábor Mészáros
[61], which utilizes a pair of diodes with exponential current-voltage characteristics (Figure
3.5/A). The principle of operation is based on the fact that the differential resistance of
the diode depends on the current flowing through the diode. As a result, the gain is also
dependent on the current: smaller currents are amplified to a greater extent. Due to the
parasitic capacitances, the differential resistance determines the time constant as well,
therefore the bandwidth of the amplifier also differs based on the measured current and
thus the junction conductance. In the case of small currents, the differential resistance
and consequently the time constant becomes extremely high. To overcome this problem,
the logarithmic amplifier has two settings, that need to be adjusted before starting the
measurement, these are referred to as ”Bias” and ”Feedback”.
The ”Bias” setting adjusts the voltage source (Ubias on Figure 3.5/A), which introduces
a quiescent current for limiting the differential resistance of the diodes. Figure 3.5/B
displays the relation between the output voltage of the logarithmic amplifier and the
measured current or the conductance when 100 mV is applied on the junction. Increasing
the ”Bias” setting changes the amplifier’s characteristic in the low current range. This
setting is adjusted to achieve an optimal balance between the current resolution and the
bandwidth, we usually set the ”Bias” to 0.1 V.
To minimize the effect of parasitic capacitances, an active compensation method is implemented in the circuit using capacitive feedback [62]. This adds a compensation current
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to the input of the operational amplifier for canceling out the parasitic capacitive current
of the diodes. The ”Feedback” setting adjusts the value of a digitally programmable capacitor. A large feedback capacitance value introduces oscillations at the output of the
amplifier. The ”Feedback” setting should be increased just below the value, where selfoscillations are observed. This setting does not change the characteristics of the feedback
diodes, thus it only increases the bandwidth of the amplifier without altering the gain
characteristics.
The logarithmic current-voltage converter is calibrated using a series of high precision
resistors. The amplifier’s characteristic is determined by fitting the calibration data with
a model, that contains 36 parameters. These parameters are saved in the measurement
control program and used for converting the measured voltage to current. The diode
characteristics are sensitive to temperature, therefore a heating element is used for keeping
the temperature of the diodes at a constant level. The temperature controller’s parameters
are hard-wired in the circuit of the amplifier, it is not necessary to adjust these. Since
the controller can only heat the diodes, the setpoint for the temperature is slightly above
room temperature. Therefore, when performing measurements, we have to wait until the
amplifier reaches operating temperature, ≈ 10 minutes.

Figure 3.5: (A) Simplified circuit diagram of the tunable logarithmic current to voltage
converter [61], a pair of diodes is used as the feedback element. (B) Voltage output of the
logarithmic amplifier with respect to the measured current or conductance with 100 mV
applied on the junction. Adjusting the voltage source (Ubias ) modifies the amplifier’s characteristic in the region of low currents.

Even with a properly calibrated amplifier, several offsets need to be compensated using
the measurement control program. The analog input and output channels of the DAQ
device usually have an offset on the order of ≈ 10 mV. This introduces an offset on the
bias voltage and the measured current signals. In the measurement control program, these
are compensated by subtracting an offset value from the bias voltage and the measured
current. When a series resistor is used, the exact value for this resistor also needs to be
determined and adjusted accordingly in the program. These adjustments are performed
before starting the measurement, using the following three steps. The first step is to set
the bias offset. The junction is closed and a resistor with a fixed value is connected in
39

series with the junction, we use 12900 Ω which corresponds to 1 G0 conductance. At this
point, the current offset is set to 0 A, in the case of such high conductance, the current
offset is negligible compared to the measured current. An offset on the output voltage
shifts the bias signal in one direction. As a result, the absolute value of the measured
current differs depending on the polarity of the bias voltage. We adjust the bias offset
such, that the absolute value of the measured current is the same when the same bias
voltage is applied with positive and negative polarity. In the second step, the value of
the series resistance is determined. When the junction is completely closed, its resistance
is small compared to the value of the fixed resistance. We set the value for the serial
resistance in the measurement control program such, that the measured resistance equals
exactly the value of the fixed resistance in series with the junction. The third step is to
determine the current offset. The fixed resistance is removed from the circuit and the
junction is ruptured completely. With sufficiently large electrode separation, there should
be no current flowing through the junction. Therefore the measured current equals the
current offset.

3.3
3.3.1

Measurement control programs
Program for point contact spectroscopy measurements

The experimental setup is shown on Figure 3.1, the measurement control program runs
on the PC, connected to the data acquisition (DAQ) device. We use the NI-6363 device,
but the program is compatible with other NI DAQ devices, that use the DAQmx driver.
The DAQ device is used to apply a bias voltage on the junction and measure the output
of the current-voltage converter to record the current flowing through the junction. An
analog output is used to adjust the displacement of the piezo positioner, while the step
motor is controlled using digital output channels.
In the case of point contact spectroscopy measurements, first, a junction is established
by pushing the tip into the sample. Then the resistance of this contact can be manipulated
by adjusting the tip position. After a contact with the desired resistance is achieved,
current-voltage measurements can be performed by varying the bias voltage and measuring
the current flowing through the junction.
The objectives for the measurement program is to visualize and record the data and
also to precisely manipulate the junction resistance by controlling the tip position through
adjusting the voltage on the piezo and driving the step motor. This control can be achieved
by a process, which reads the voltage from an input channel and compares it with a preset
threshold. In every iteration, the process adjusts the piezo position, until the threshold is
reached. Such a process is often referred to as a control loop. In our case, the input channel
used by the control loop is the one, where the current is measured and the control loop
either adjusts the output voltage that controls the piezo positioner, or it generates digital
pulses driving the step motor. If the control loop is implemented in the measurement
program running on the PC, the loop rate is limited by the speed of the communication
between the PC and the DAQ device: in every iteration, data propagates from the device
to the PC and back. The typical rate for such a control loop is ≈ 10 − 100 Hz. During
the initial approach, the tip starts from a few mm distance from the sample. This process
would take a very long time if the motor is slowed down to such speeds, that a control
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loop running on the PC would be able to stop the tip before crashing into the sample.
This problem can be solved by moving the control loop from the measurement program
to the DAQ device. We can achieve this by utilizing the hardware triggers available on
the device.
The NI-6363 device has two analog trigger terminals, these can detect when the measured signal crosses a specified threshold from above or below. To set up a trigger for the
measured current, we also need to connect the analog trigger terminal with the analog
input, where the output of the current-voltage converter is measured. Before starting the
approach, the measurement program configures the DAQ device to generate digital pulses
for driving the step motor and also sets up the trigger to stop the pulse generation, once
the measured voltage signal crosses the threshold, which corresponds to the resistance
configured by the user. This way, the motor stops immediately after the threshold resistance is reached, without any need for communicating between the PC and the DAQ
device.
During the manipulation of the contact, both the piezo positioner and the step motor
can be controlled using hardware triggers to automatically attain a junction with the
desired resistance. However, we found, that when only the step motor is used for the
initial tip-sample approach, the tip is often pushed further which results in an overshoot
of the junction resistance. In some cases, depending on the tip and sample materials, it
is important to minimize the extent to which the tip is pushed into the sample. For this
reason, a soft approach method is also implemented, which works similarly to the method
utilized by commercial STM setups, using both the piezo positioner and the step motor.
First, the tip is moved using the step motor while the piezo is kept fully retracted. Then
the piezo is extended while a trigger monitors the measured signal and stops the extension
when the surface of the sample is reached. If the piezo is fully extended without reaching
the surface, then it is retracted and the step motor is used again to move the tip. These
steps are repeated until the tip reaches the surface of the sample. When the parameters
are configured such, that the amount the motor moves in one cycle is less than the range
of the piezo positioner, the specified junction resistance can be attained precisely.

Figure 3.6: Screenshot of the user interface during current-voltage measurements on a
AgI sample.
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Figure 3.6 shows a screenshot of the user interface. The different functions can be
accessed from three pages, the above-discussed features for the junction manipulation
are available on the ”Search Contact” page. On the ”Measure IV” page, current-voltage
measurements can be performed at high speed. The user can set the parameters of the
triangular signal, that is generated on the bias voltage output. During this measurement,
it is important to precisely synchronize the measured current signal with the generated
bias voltage signal. There are two ways to achieve this, the first one is using a hardware
trigger. The output is configured such, that it waits for a digital trigger that signals
when the input starts measuring data points. This way, each data point of the current
signal is measured at the same time, when a new data point of the bias voltage signal
is generated on the output. When processing the measured data, it is important to take
into account, that it takes time for the output to stabilize when a new data point is
generated, therefore the measured signal needs to be shifted by one point with respect to
the generated signal. Since a high sampling rate is used, the bias is changed in relatively
small steps, therefore this shift by a single point does not introduce a large error. However,
it can be observed in critical measurements, unless it is compensated. I used the above
method in the measurement program for synchronizing the input and output signals. The
other method would be to use multiple input channels with the same sampling rate and
measure both the current and the voltage on the junction. In this case, there is no need
to shift the signals. The drawback is that both the voltage and the current signals have
added noise, hence the noise of the calculated resistance would be larger.
The data can be saved either in ASCII or binary format. The latter is more optimal
since it enables smaller file size or better precision when compared to ASCII format1 .
On the ”Bias Sweep” page, slower current-voltage measurements can be performed
where the voltage is controlled by a loop, that runs on the PC: in each iteration of the
loop, the current is measured, then a new value is set for the voltage. This means, that
the timing is less accurate and the loop rate is maximum ≈ 10 − 100 Hz. The benefit,
in this case, is that the user can have more control over the measurement: at any point
in time, the voltage signal can be paused or reverted, the size of the voltage steps and
the delay between the steps can be adjusted by the user. When a specified maximum
or minimum value is reached for the bias voltage, the program automatically reverts the
signal.
This program was used for the investigation of memristive nanojunctions [63, 64].

3.3.2

FPGA based program for Break Junction measurements

At first, I developed a similar program, with the same DAQ device (NI-6363), for controlling break junction measurements. Through utilizing the available hardware triggers,
it is possible to precisely control the electrode displacement and stop the movement of
the piezo, when a preset conductance value is reached. This enabled us to study contact
memory effects, which require measurements, where the junction is always closed until
the same conductance value. However, this DAQ device had several constraints: the resolution of the analog inputs is 16 bit, therefore the logarithmic current-voltage converter
1

In an ASCII file, each character is stored on 8 bit. This includes each digit, the decimal separator,
and the character that separates the different values in the file. This way, 72 bits are required per value
with 7 digits precision. In contrast, a floating-point number stored on 32 bit provides 7-8 digit precision
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is necessary for measuring the junction conductance over a wide range, which includes
the conductance of molecular and also metallic contacts. Another substantial limitation
is that once a trigger event is generated and the elongation is stopped, it takes a certain
time (≈ 0.5 sec) until the computer reconfigures the DAQ device for the next opening
cycle. We found, that a metallic junction with relatively large conductance (> 10 G0 ), is
stable enough, that the conductance does not change much during this time, even when
measured at room temperature. However, this delay became an obstacle later, when we
decided to investigate molecular junctions by stopping the elongation when a molecule
attaches between the electrodes and perform a series of current-voltage or noise measurements on the molecular junction. In this case, during the 0.5 seconds delay, the molecular
junction can change significantly or even break away. While the computer is reconfiguring
the DAQ device, the current measurement is also stopped, which means, that we are not
able to monitor what is happening to the junction during this time.
In the literature, there are examples of similar current-voltage and noise measurements
performed on molecular junctions, two different approaches are used for controlling the
electrode displacement. The first one is to elongate the junction very slowly [65]. In this
case, there is no need for hardware triggers since the measurement program is fast enough
to stop the elongation when the set conductance level is reached with only minor overshoots. Due to the long measurement times, fewer traces can be recorded this way, which
leads to less reliable statistics. The other solution is to simply pause the elongation at a
fixed displacement position [66–68]. In this case, there is no control over the conductance
of the junction during the period, when the junction is held steady. However, when a large
number of traces are recorded this way, there will be a portion where the elongation was
paused at the correct position, with a molecule bridging the gap between the electrodes.
These traces are then selected for the analysis, while the others are filtered out.
We wanted to perform break junction measurements in a controlled way, with the
ability to stop the elongation when a specified conductance is reached and vary the bias
voltage according to a predefined signal. At the same time, we did not want to significantly
reduce the elongation speed. To achieve this, the control loop needs to be implemented at
the hardware level. Such a control system becomes especially important when performing measurements at low temperature [2]. Under such conditions, the number of traces
showing molecular signatures is reduced, hence more traces are required to gather a sufficient amount, where a molecule was present. Without this level of control, even more
traces would have to be recorded to obtain a portion, where both a molecule was attached
between the electrodes and also the elongation was paused at the molecular plateau.
For this reason, I developed a new measurement control program, which uses a ”compact Reconfigurable IO” (cRIO) system as the DAQ hardware. Such a system can be
used to implement the control loop on the hardware instead of the software, that runs on
the PC.
The cRIO system has a controller module, a computer that runs a real-time operating
system. A real-time operating system is designed to execute a single program at a specified
rate, without interruption. On such a system, a certain operation takes the same time,
every time it executes which enables the synchronization of parallel loops as well as precise
timing, typically with ≈ 1 µsec accuracy. In contrast, a general-purpose operating system
runs many programs concurrently, which means, that the execution of a certain program
can be delayed at any time by the operating system. This leads to inaccurate timing,
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depending on the demand from concurrent programs.
The cRIO controller is connected to a chassis which includes an FPGA2 , a programmable chip containing inputs, outputs, logic blocks and programmable interconnects
(Figure 3.7/A). Instead of a series of commands executed by a CPU, a program for
an FPGA defines the connections between these inputs, outputs, and logic gates. Programming of the FPGA in the cRIO system is similar to writing an ordinary LabVIEW
program, with minor changes in the available operations. Once the program is loaded
to the FPGA, it acts as a hardware: there is no operating system that schedules the
execution of programs, no CPU, hence every independent operation runs in parallel.

Figure 3.7: (A) An FPGA is composed of configurable logic and I/O blocks tied together
with programmable interconnects [69]. (B) Configuration of the cRIO system, used with
the measurement control program.

In our cRIO system (Figure 3.7/B), there are four slots, where different input and
output modules are connected. An analog input module with 16 bit resolution and 1 MHz
sampling frequency, these inputs are used with the logarithmic current-voltage converter
for fast measurements. A second analog input module with 24 bit resolution and 50 kHz
sampling frequency, which is used with the linear amplifier. An analog output module,
that controls the bias voltage and the voltage on the piezo positioners. A digital I/O
module for controlling the step motor that is used for the coarse positioning.
In such a system, the measurement control program consists of three parts: the program for the FPGA, the program running on the cRIO controller and a program that
runs on the PC and interacts with the user. These parts of the program communicate
with each other to send and receive instructions and data.
Figure 3.8 shows the most important processes running on these three devices and the
way they communicate. The FPGA measures the inputs and generates the signals driving
the step motor, moving the piezo, and controlling the bias voltage. Each of these functions
is implemented by a separate ”Task”, that is controlled through a set of commands and
parameters that describe the details of each command. For example, the Bias Task
2

The abbreviation stands for Field-Programmable Gate Array.
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controls the voltage on the junction. To change this output, a ”Set Bias” command is
sent along with two parameters: the new value for the bias voltage and the speed of the
voltage change. Then the Bias Task ramps the output voltage with the specified speed
until it reaches the specified level. Additionally, there is a Trigger Task, that compares
the measured voltage on a selected input with a specified threshold. Depending on the
trigger condition, it signals to the other tasks when the voltage goes above/below the
set threshold. Let us consider another example, where the junction is elongated with the
piezo and stopped automatically when the measured conductance goes below a threshold.
This can be achieved by setting up the Z Piezo Task to elongate the junction with a
specified speed until a trigger signal is received, and also the Trigger Task to signal when
the current-voltage converter’s output drops below the value, which corresponds to the
specified conductance threshold. These tasks are running in parallel, synchronized to the
same 100 kHz clock signal. As a result, when a voltage value is measured that is below
the trigger level, the Z Piezo Task receives the trigger signal and stops the elongation
immediately. The commands along with the corresponding parameters for the tasks are
set up either by the program running on the cRIO controller or the ”Scheduler” process
on the FPGA, which can be used to schedule a series of commands for each task. In
the latter case, once the tasks complete the execution of the specified commands, the
Scheduler process automatically loads the next command for each task.

Figure 3.8: The measurement control system has three parts: FPGA, cRIO controller (with
real-time OS) and PC. Illustration of the most important processes running on these three
devices and the way they communicate.

The cRIO controller is connected to the local network and uses TCP protocol to
communicate with the program running on the PC. The main process that runs on the
controller is called ”RT Controller”. This receives commands from the PC and sets up
the tasks on the FPGA accordingly. The ”Data Handler” process on the FPGA sends
the voltages measured on the inputs along with the output voltages over a FIFO memory
to the ”Timed Loop” process on the cRIO controller. This is a time-critical process that
runs with high priority to prevent the overfill of the memory and ensure, that all data
points are received. Resources on the FPGA are limited, therefore the cRIO controller
is also used to perform calculations that are not time-critical. From the ”Timed Loop”
45

process, data is sent to the ”Data Handler” process, which preprocesses the measured
data. Then it selects those input and output channels that are requested by the program
running on the PC and sends these to the ”SPM controller” process. This process applies
the calibration to the measured data, calculates the conductance, and sends the calibrated
data to the other processes/windows that require it.
To perform a break junction measurement, a series of commands are scheduled for
the FPGA tasks. As an example, let us consider the measurement of opening/closing
conductance traces, with a current-voltage measurement during the opening part that
is performed at a specified conductance level. Such a measurement scheme contains 4
commands executing in a loop displayed on Figure 3.9/A. The signal during the currentvoltage measurement can be defined using the ”Waveform Editor” window. After the
signal is set up, the data is sent to the cRIO controller and stored in its memory. The
schedule of the tasks can be set up using the ”Scheduler Window” (Figure 3.9/B), on the
”Basic” tab, a typical beak junction measurement can be configured. The parameters
for the opening and closing directions can be set up independently. The excursion, that
is the amount the piezo moves, is either a fixed displacement or moved until a specified
conductance limit is reached. In either direction, optionally, the elongation can be paused
at a specified conductance level to record the junction conductance while the signal from
the cRIO controller’s memory is generated on the bias voltage output. On the ”Advanced”
tab, the schedule can be edited manually by defining commands for each FPGA Task
separately. Using this page, it is also possible to define commands, that only execute
during the first cycle or every nth cycle of the scheduled commands. This way, a wide
range of measurement schemes can be realized.

Figure 3.9: (A) Scheduled tasks for the measurement of opening/closing conductance
traces, with a current-voltage measurement during the opening part, performed at a specified conductance level. (B) Screenshot of the user interface when setting up this measurement scheme.

The program on the PC analyzes the data and visualize it on the user interface. The
main window is called SPM Controller, this launches all of the processes and also the
windows, where the user can interact with the program.
Figure 3.10 shows a screenshot of the ”BreakJunction” and the ”Mover” windows
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during a measurement. The Mover window can be used to send commands to the FPGA,
to move with the piezo positioner or with the step motor. This can be done either by
setting the position directly or using the trigger to move until a set conductance value is
reached. This window also displays the current position of the piezo.

Figure 3.10: Screenshot of the user interface during break junction measurement.

The ”BreakJunction” window has two pages, on the ”BreakJunction” page, the data is
displayed during the automated measurements. Along with the measured data, the FPGA
also sends metadata that describes for each point, whether it was recorded during the
opening, the closing, or the hold period. Based on this information, the data is displayed
on the corresponding graph. This window also performs basic analysis and displays the
one-dimensional conductance histogram of the measured traces. The conductance data
is automatically saved using a binary format. Optionally, a filter can be used to check
different criteria before saving a measured trace. This filter can verify, if the junction
was ruptured completely or if it was maintained during the hold period. The ”Scope”
tab can be used for ”manual” measurements. In this case, the user controls the electrode
displacement manually, using the ”Mover” window, and the ”BreakJunction” window
is used for controlling the bias voltage and to save the measured signals. There are two
graphs, which can be used to display any of the following signals during the measurement:
Current, Bias Voltage, Conductance, Resistance, Piezo position.
As an example, I describe one of the earlies current-voltage measurements, we conducted using the FPGA based measurement program, to perform current-voltage measurements on 4,4’ bipyridine molecule at 4.2 K, using a low temperature MCBJ setup.
We set up the measurement program, to stop the elongation of the junction when
the measured conductance reaches 10−4 G0 , which corresponds to the conductance of the
molecular junction. Then the bias voltage was varied linearly between −0.5 and 0.5 V. 5
bias cycles were measured, the length of the I(V) measurement took 2 seconds in total for
each trace. Finally, the junction is further elongated and ruptured. This last segment of
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the opening trace can be used to identify, whether a molecule was present during the I(V)
measurement, in which case, a clear drop is observed upon the rupture of the molecular
contact. We automatically recorded 3000 such traces. During this type of measurement,
at low temperature, the use of a hardware trigger is essential, since due to the low pick-up
rate, only a small portion of the traces exhibit molecular signatures. Without the ability
to stop the elongation at a predefined conductance value, the number of usable traces
would be even lower, as the hold period might not coincide with the molecular plateau.

Figure 3.11: Current-voltage measurement on BP junction. (A) opening conductance
trace, vertical dashed line indicates the position, where the elongation was stopped to perform the I(V) measurement. Applied bias voltage (B), measured current (C) and junction
conductance (D) versus time. (E) Current versus applied voltage during the 3rd voltage
cycle. Above a threshold voltage, rapid switching is observed between two conductance
states.

Here, I discuss the results of a single I(V) measurement on a molecular junction. Figure
3.11/A shows the recorded conductance trace, dashed vertical line indicates the position
where the elongation was stopped to perform the I(V) measurement. The bias voltage,
the measured current, and the junction conductance are displayed on Figure 3.11/B-D.
When the applied voltage is increased above a threshold value, rapid switching between
two conductance states is observed. Furthermore, the switching time, that is the time
between two switching events, seems to depend on the applied voltage: the larger the
applied voltage, the shorter the time that the junction spends in one conductance state.
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This is best shown by the current-voltage plot displayed on Figure 3.11/E, which shows
the 3rd voltage cycle of the I(V) measurement. During this cycle, the junction starts from
the high conductance state, at ≈ 4 · 10−4 G0 . After the first half of the bias cycle, the
molecule is switched to the low conductance state at ≈ 8 · 10−5 G0 , then at the end of the
cycle it switches back to the high conductance state again.
We observed similar switching behavior in many traces showing molecular signatures.
Gréta Mezei analyzed these in more detail and performed many more measurements,
to determine the distribution of the conductance values, that the junction is switching
between and to identify the relationship between the applied bias voltage and the switching
times [2]. Possible applications of such a two-level system include a voltage-controlled
molecular switch and the realization of a p-bit.
A probabilistic bit or p-bit stands in between a traditional bit, that stores either 0 or
1 and a quantum bit, which can be prepared in a superposition of the two possible states
[70]. A p-bit consists of a classical two-level fluctuator, with the ability to tune the time,
that it spends in each state. A network of these p-bits can be utilized to solve certain
problems more efficiently compared to traditional computer algorithms, one such example
is integer factorization [71]. For the realization of a single-molecule p-bit, one needs to
determine how the switching times can be tuned through the control of the electrode
separation and/or the applied bias voltage.

3.4

Conclusions

I participated in the development of a room temperature and a low temperature STMBJ setup. I developed measurement control programs to perform break junction and point
contact spectroscopy measurements. These enable the controlled investigation of metallic
and molecular junctions by opening and closing the junction until a preset conductance
value is reached. Closing the junction until the same conductance is especially important
when investigating temporal correlations and structural memory effects in metallic and
single-molecule junctions.
Using the FPGA based measurement program, automated measurements can be performed, with a wide variety of measurement schemes, defined by a sequence of commands.
These commands include custom conditions for stopping the elongation/compression of
the junction. Then a customized voltage signal can be applied on the junction, or the electrode separation can be further adjusted using the piezo positioner. Furthermore, filters
can be set up to check different criteria before saving a measured conductance trace. This
feature is especially useful when performing long measurements on molecular junctions,
held steadily. Using the filters, it is possible to skip the hold period and continue with
the elongation of the junction, when no molecular signatures are observed or when the
junction is not stable enough during the hold period.
We used this measurement control system to investigate gold–4,4’ bipyridine–gold
junctions at low temperature, by performing I(V) measurements and investigating the
bias dependence of the switching times [2]. In the latter case, molecular junctions were
held steadily for 1 minute while changing the applied bias voltage following a stepwise
signal. We are also planning to use this system for further I(V) and noise measurements
on molecular junctions at room temperature.
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Chapter 4
Electronic and mechanical
characteristics of stacked dimer
molecular junctions
Intermolecular-interactions are central in defining properties of materials for applications such as organic electronics and photovoltaics [72, 73] and more broadly in structurefunction characteristics of organic polymers [74]. In organic photovoltaics, device efficiencies depend critically on the intermolecular charge transfer which is often dictated by
π–π interactions. Although transport across bulk composites or monolayer films can be
used to infer electronic coupling in such dimers, break junction methods enable a direct
investigation of isolated π-stacked dimers.
Aromatic molecules, forming π-stacked dimers in break junction measurements were
first reported by Wu et al. [75] when investigating the conductance of molecular junctions formed by oligo-phenylene ethynylene (OPE) molecules. Other studies, involving
conductance [76–80] and also force [81] measurements showed similar results for different
compounds of OPE type molecules. In this study, we focus on two aromatic molecules with
amine linkers: 4,4”-diamino-p-terphenyl (DAT) and 2,7-diaminofluorene (DAF), chemical structures are shown on Figure 4.1/A and B. Break junction measurements on these
molecules show similar features that were previously associated to the formation of dimer
junctions in the case of OPE type molecules. Conductance measurements indicate the
formation of two distinct molecular junction configurations with approximately an order
of magnitude difference in the measured junction conductance. Based on a series of measurements with diamine molecules and the correlation of the measured conductances with
calculations [28], we associate the higher conductance junction with a junction configuration where a single molecule is bound with dative Au–N bonds to undercoordinated gold
atoms on the two electrodes (Figure 4.1/C). We hypothesize that the lower conductance
configuration corresponds to a junction where one molecule is bound to each electrode
and the two molecules are coupled through a molecule-molecule interaction as illustrated
on Figure 4.1/D. In the following, I will refer to these configurations as monomer junction
and dimer junction.
In this chapter, I demonstrate a detailed investigation of the aromatic coupling, responsible for the formation of dimer junctions. Using conductance and noise measurements,
I provide definitive evidence for the hypothesis of forming DAT and DAF dimers, then I
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investigate the characteristic properties of stacked dimer junctions using force measurements.

Figure 4.1: Molecular structure of (A) 4,4”-diamino-p-terphenyl (DAT) and (B) 2,7diaminofluorene (DAF) molecules. Schematic illustration of monomer (C) and dimer
(D) junctions.

The measurements, used in this study were performed in the laboratory of Prof. Latha
Venkataraman, at Columbia University. I carried out conductance and force measurements on both DAT and DAF molecules using an AFM-BJ setup, and performed noise
measurements on DAT molecule, complementing former noise measurements on DAF
molecule performed by Olgun Adak. In my analysis, I also used break junction data, that
was recorded previously by members of Prof. Latha Venkataraman’s research group.

4.1

Conductance measurements

Conductance measurements were performed using a room temperature STM-BJ setup
utilizing a gold tip, sharpened from a 100 µm diameter gold wire, and a gold-coated mica
substrate. 100 mV bias voltage was applied between the tip and the substrate and the
current flowing through the junction was recorded, while repeatedly forming and rupturing
a metallic contact inside 1,2,4-trichlorobenzene solution, containing the target molecules
(generally a concentration of 1 µM is used). Sample conductance versus displacement
traces are displayed on the inset of Figure 4.2/A and B. The formation of molecular
junctions is indicated by conductance plateaus appearing below the conductance of a
single atom diameter gold contact, that is below 1 G0 conductance.
Figure 4.2/B and D shows the one-dimensional histograms for DAT and DAF, respectively. The histogram exhibits two peaks for both molecules, as indicated by arrows
that are separated by roughly a factor of 10. Although one-dimensional histograms reveal
the conductance of the proposed monomer and dimer junctions, they don’t provide information about the junction elongation process, such as the order in which the molecular
plateaus show up on the measured traces. We can gain some insight to the observed
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junction trajectories through creating two-dimensional histograms by aligning all measured traces to have zero displacement after the rupture of the metallic contact, more
specifically at the location, where the measured conductance crosses 0.5 G0 . Using these
histograms, we can obtain information on the relative distance between the gold contact
rupture point and any other feature in the junction evolution process. Two-dimensional
histograms for the measurements on DAT and DAF molecules (Figure 4.2/A and C) reveal, that the lower conducting junction is observed at larger electrode separations when
compared with the higher conducting junctions. This is consistent with the following
junction evolution process: the metallic contact is ruptured and a monomer junction is
first formed. As this junction is further elongated, the molecule detaches from one electrode and couples through its π system to another molecule, which is bound to the other
electrode as illustrated on Figure 4.1/D. Such a dimer junction is able to span a distance
between the electrodes that is larger than the length of a single molecule. These features, therefore, indicate the presence of a stable junction that is longer than a monomer
junction.

Figure 4.2: One- and two-dimensional conductance histograms of break junction measurements with DAT (A,B) and DAF (C,D) molecules. Typical conductance vs. electrode
separation traces are displayed on the insets on (A and C). After the rupture of the metallic wire, two molecular conductance plateaus are observed on these traces. The position
of the peaks on the one-dimensional histogram (B and D), indicated with arrows, shows
the most probable conductance of the different molecular junction configurations.

We note that to properly interpret distances from a two-dimensional histogram, the
size of the initial gap must also be considered, which results from the relaxation of the
gold electrodes after the rupture of the metallic contact. Therefore, the actual separa52

tion between the electrodes is larger than the displacement relative to the rupture of the
metallic contact, that is displayed on the X-axis of the two-dimensional histogram. Considering, that the size of the initial gap can be as large as 0.6 − 0.8 nm [31, 82], DAT
and DAF molecules show a lower conductance feature at an electrode separation that is
comparable to the length of the molecules (the N–N distance is 1.4 nm for DAT and 1.0
nm for DAF), but not significantly longer when the lengths of the N–Au bonds are taken
into account as well. Therefore, two-dimensional conductance histograms alone does not
provide evidence on the formation of dimer junctions, a more complex investigation is
required to support our hypothesis.
If the lower conducting configuration corresponds to a dimer junction, then we should
see that the probability to form such junctions depends on the number of molecules
available at the surface of the electrodes. We examined this by carrying out measurements
with varying the concentration of the DAF molecular solution from 1 µM concentration to
1 mM to see how the repetition rate of the lower molecular plateaus, thus the magnitude
of the lower conductance histogram peak evolves (Figure 4.3/A). A well defined molecular
peak is first observed at 10 µM concentration, however, this histogram does not show a
clear peak in the conductance region corresponding to the dimer junction. The dimer
peak first appears at 100 µM concentration and becomes significantly larger at 1 mM. In
order to compare the relative magnitude of these peaks, we created conditional histograms
by selecting traces that exhibit a plateau longer than 0.15 nm in the conductance region
of the monomer (Figure 4.3/B). These histograms clearly show that the ratio of the
magnitudes for the dimer/monomer peak increases with increasing concentration. Based
on these results, we conclude that it is more likely to observe dimer junctions at higher
concentrations, which is consistent with our hypothesis.

Figure 4.3: Break junction measurements on DAF molecule with varying the molecular
concentration from 1 µM to 1 mM in four steps. (A) Conductance histograms constructed
using all measured traces. (B) Conditional histograms of the traces, that show a conductance plateau longer than 0.15 nm in the conductance range from 10−2 G0 to 10−3 G0 .

To investigate the effects of the molecular structure on the formation of dimer junctions, we compare one- and two-dimensional conductance histograms of DAT and DAF
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molecules with the results of break junction measurements on other molecules. Figure
4.4/A-C displays the chemical structure and histograms of 4,4’-diaminostilbene. Similarly
to DAT and DAF, this molecule contains two aromatic rings and amine linkers on both
sides. The conductance histograms also display similar features: after the rupture of the
metallic contact, a molecular junction is formed with ≈ 2 · 10−3 G0 conductance, and
another molecular feature is observed around 10−4 G0 conductance, at a larger electrode
separation. Again, we associate the lower conductance feature with a dimer junction.

Figure 4.4:
One- and two-dimensional conductance histograms and molecular
structure of 4,4’-diaminostilbene (A-C); 4-amino-stilbene (D-F); ethyl-1,2-bis(4,4dimethylthiochroman-6-yl)ethane (G-I); 1,7-diaminoheptane (J-L).

First, we consider the impact of the amine group in forming dimer junctions, by
comparing the results of 4,4’-diaminostilbene with a similar molecule: 4-amino-stilbene,
that has the same molecular backbone and only a single amine linker on one side of the
molecule (Figure 4.4/D-F). We find that the two-dimensional conductance histogram for
this molecule shows a single molecular feature with an extension that is consistent with
the molecular backbone length. Furthermore, the conductance of the molecular junction
is not very well defined, a spreading peak is observed on the one-dimensional histogram.
The two-dimensional conductance histogram shows, that the conductance decreases by
more than one order of magnitude as the junction is elongated. This has been attributed
previously to the formation of a junction that is coupled through a linker-metal bond
on one side and a π-metal interaction on the other [83]. Therefore, we conclude that
dimer junctions do not form with aromatic molecules containing a single amine linker.
This implies, that the π-orbitals alone do not provide a sufficiently strong coupling to
create stable dimer junctions at room temperature with gold electrodes, although this
has been observed with platinum electrodes [84, 85]. As an additional control, we also
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consider junctions formed with thiochroman linkers (Figure 4.4/G-I). We do not observe
a signature of the dimer junction on the two-dimensional conductance histogram and thus
conclude that the N–π interaction is critical in our observations here.
To test the importance of the π-system in the formation of dimer junctions, we compare
these results with measurements on 1,7-diaminoheptane, an alkane molecule with amine
linker groups at both ends (Figure 4.4/J-L). A close examination reveals two conductance
peaks on the one-dimensional conductance histogram. However, the two-dimensional
histogram shows that both of these features start right after the rupture of the metal
contact, in contrast to the results with DAT and DAF molecules. Furthermore, the
conductance ratio of the two peaks is roughly a factor of 2, therefore we attribute these
two peaks to the formation of molecular junctions with either one molecule bridging the
gap between the electrodes or two molecules in parallel, with both molecules connected
to both electrodes. This result also supports, that a N-π interaction is responsible for the
stabilizing of dimer junctions with aromatic molecules containing amine linkers.
The attractive interaction between conjugated molecules, also known as π-stacking,
occurs in a geometry where the molecules are laterally offset to allow π electrons to
interact with the positive nuclear cores of carbon atoms [86]. In the case of amineterminated aromatic molecules, there are different motifs that could be used to rationalize
the interactions between dimers. First, the lone pair on the nitrogen atom can interact
with the center of the carbon ring. An example of such interaction can be observed by
examining the crystal structures of DAT [87] and 4,4’-biphenyldiamine (a shorter version
of DAT molecule, containing two carbon rings) [88]. Both molecules have a form of
crystallized structure, where the nitrogen atom on one molecule is approximately centered
above the carbon ring of another molecule. In addition, van der Waals corrected DFT
calculations for 1,4-benzenediamine (a single carbon ring with amine linkers on opposite
sites) on graphite substrate show that there is an energy minimum position for the nitrogen
atom approximately centered above one carbon ring with a binding energy on the order
of 0.5 eV [89]. We can, therefore, expect similar binding energy for dimers formed in-situ
in our experiments with DAT and DAF molecules. Second, there can be a hydrogenbonding interaction between the amine groups in the dimers, such interaction has been
found in aromatic diamines [90]. Although if the hydrogen-bonding would dominate the
interaction between the molecules in the dimer junctions, we would expect to observe
shorter conductance plateaus. However, such a motif has been shown to have a strong
electronic coupling, and could, therefore, play a role in stabilizing a dimer upon junction
elongation [91, 92].

4.2

Noise measurements

Current noise is often measured to gather more information on the junction structure
and transport characteristics. In the case of metallic point contacts, shot noise is indicative
of the number of open conductance channels and the value of their transmission [8, 93,
94]. More recently, noise measurements were also applied to molecular junctions [68, 95–
105]. At room temperature, the dominant noise source in a molecular junction originates
from the movement of atoms on the metal electrodes, which leads to a fluctuation of
the molecule-electrode coupling and hence the measured conductance [68]. The resulting
conductance noise power spectrum shows a 1/f n frequency dependence, this type of noise
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is often referred to as flicker noise or 1/f -type noise.
The electronic coupling between a molecule and a metal electrode can be characterized
as either through-bond or through-space coupling, depending on whether the electronic
orbitals responsible for charge transfer also participate in the formation of a chemical
bond or not [106]. Past work has shown that flicker noise measurements can be used
to probe the electronic interaction between molecules and metal electrodes [68]. It was
demonstrated that the relationship between the integral of flicker noise power (iP SD)
and the average conductance for the junction (GAvg ) follows a power-law dependence
(iP SD ∝ GnAvg ), with the scaling exponent (n) being indicative of the electronic coupling
type: n = 1 implies through-bond coupling while n = 2 is characteristic for through-space
coupled junctions. As an example, Figure 4.5 demonstrates the experimental results for
two different molecules: one with through-bond coupling on both sides (right) and another
with through-bond coupling on one side and through-space coupling on the other (left)
[68]. To illustrate the relationship between the integrated noise power and the average
conductance, a two-dimensional histogram is created from the measured quantities, with
the average conductance (GAvg ) displayed on the X axis (labeled ”Conductance”), and the
integrated noise power normalized with the average conductance (iP SD/GAvg ) on the Y
axis (labeled ”Noise”). This two-dimensional histogram shows a clear difference between
the two molecules. For the molecule with through-bond coupling on both sides, the
values are spread out symmetrically along the two axes, which implies that the displayed
quantities are independent, thus the value of the scaling exponent is n = 1. In contrast, for
the molecule that is through-space coupled to one of the electrodes, the two-dimensional
histogram indicates a non-zero correlation between the displayed quantities implying an
increased scaling exponent: n > 1.

Figure 4.5: Illustration for the relation between flicker noise power and junction conductance, taken from [68]. A two-dimensional histogram is created from the measured quantities: the average conductance (GAvg ) is displayed on the X axis (labeled ”Conductance”),
and the integrated noise power normalized with the average conductance (iP SD/GAvg ) on
the Y axis (labeled ”Noise”).

In this section, after describing this technique, I perform simulations to show that the
same technique can be used to differentiate between monomer junctions with throughbond coupling on both sides and dimer junctions with through-space intermolecular cou56

pling. Then I perform noise measurements, to provide further evidence for the existence
of dimer junctions formed by DAT and DAF molecules.
To introduce this technique, I first describe the case of a molecular junction, based on
the derivations in [68], where tunnel junctions and metallic junctions are also discussed.
Using Equation 2.6, the conductance of a molecular junction can be approximated as:
G = G0 ·

ΓL · ΓR
,
2

(4.1)

with the assumption, that the coupling strength between the molecule and the left/right
electrode (ΓL / ΓR ) is much smaller than the difference between the energy of the frontier molecular orbital and the Fermi level (). The variance of the conductance can be
calculated as:
h∆G2 i = hG2 i − hGi2 .
(4.2)
The average conductance is given by:
GAvg

Γ2Avg
hΓL · ΓR i
= G0 · 2 ,
= hGi = G0 ·
2


(4.3)

assuming that the values of the coupling strength to the left/right electrode are independent from each other and have the same average value: hΓL · ΓR i = hΓL ihΓR i = Γ2Avg .
We also need to calculate:
hG2 i = G20

hΓ2L · Γ2R i
.
4

(4.4)

The squares of the coupling strength values are also independent and their average value
can be expressed using their variance: hΓ2L/R i = h∆Γ2L/R i + hΓL/R i2 . Assuming that both
the average value and the variance of the coupling strength are the same on both sides:
hΓ2L i = hΓ2R i = h∆Γ2 i + Γ2Avg , we can write:
hG2 i = G20

Γ2Avg · h∆Γ2 i
(h∆Γ2 i + Γ2Avg )2
2
≈
2
·
G
·
+ G2Avg ,
0
4
4

(4.5)

using the first order approximation in h∆Γ2 i. Then we can calculate the variance of the
conductance according to Equation 4.2:
2

h∆G i = 2 ·

G20

Γ2Avg · h∆Γ2 i
·
.
4

(4.6)

The coupling strength is proportional to the overlap between the exponentially decaying tails of the wavefunctions, thus it depends exponentially on the separation between
the coupled sites (z):
Γ = A · e−βz ,
(4.7)
where β is the decay constant and A is a prefactor. DFT calculations on gold-benzenediaminegold junctions showed that the coupling strength depends weakly on the number of nearest
neighbors of the gold atom, where the molecule attaches to the electrode [36]. Therefore,
this pre-exponential factor can be regarded as an effective cross-section, near the attachment point of the molecule.
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In a through-space coupled system, fluctuations in the coupling strength are dominated
by the fluctuations in the distance between the coupled sites:
Γ = A · e−βz0 · e−β∆z ,

(4.8)

where z0 is the average value, and ∆z is the fluctuation of the separation between the coupled sites. The average of the coupling strength depends both on the average separation
(z0 ) and the exact distribution of the fluctuations:
ΓAvg = A · e−βz0 · he−β∆z i.

(4.9)
(∆z)2

1
· e− 2σ2 ,
For example, in the case of normally distributed fluctuations: p(∆z) = √2πσ
2
R∞
∆z 2
β 2 σ2
1
· e− 2σ2 dz = e 2 . However, it is not necessary to assume
and he−β∆z i = −∞ e−β∆z √2πσ
2
a certain type of distribution, the important part is that he−β∆z i has a constant value.
As a result, fluctuations in the coupling strength are proportional to the average coupling
strength:
e−β∆z
(4.10)
Γ = ΓAvg · −β∆z .
he
i

Consequently, the variance of the coupling strength depends on the square of the average
coupling strength:

 −2β∆z
he
i
2
2
2
2
− 1 = Γ2Avg · C.
h∆Γ i = hΓ i − ΓAvg = ΓAvg ·
(4.11)
−β∆z
2
he
i
Writing this into Equation 4.6 yields the result, that for a molecular junction with throughspace coupling to both electrodes, the variance of the conductance scales with the square
of the average conductance:
h∆G2 i = 2 · G20 ·

Γ4Avg · C
= 2 · G2Avg · C.
4

(4.12)

In contrast, for a through-bond coupled molecule, the chemical bond constrains the
distance between the coupled sites (z = z0 ), as well as other geometrical parameters that
affect the value of the coupling, such as the orientation of the molecule relative to the
electrode. Therefore, the fluctuations of the coupling originate primarily from the changes
in the atomic structure of the electrode, in the close vicinity of the atom, the molecule is
attached to. This can be described as the fluctuation of the effective cross-section:
Γ = (A0 + ∆A) · e−βz0 = ΓAvg + ∆A · e−βz0 ,

(4.13)

where A0 is the average value, and ∆A is the fluctuation of the effective cross-section.
This shows that fluctuations in the coupling strength are independent of the average value
for the coupling strength. Using that h∆Γi = 0 leads to h∆Ai = 0, we can write:
hΓ2 i = Γ2Avg + e−2βz0 · h∆A2 i,

(4.14)

thus the variance of the coupling strength:
h∆Γ2 i = e−2βz0 · h∆A2 i = C 0 .
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(4.15)

Again, we can write this into Equation 4.6:
2

h∆G i = 2 ·

G20

Γ2Avg · C 0
C0
·
= 2 · G0 · GAvg · 2 ,
4


(4.16)

indicating that the variance of the conductance scales with the average conductance, in
the case of a molecular junction that is through-bond coupled on both sides.
I performed Monte Carlo simulations, similarly to the simulations in [68], to demonstrate how the relationship between the fluctuations of the coupling strength and the
average value of the coupling strength affects the scaling exponent that describes the relationship between the variance of the conductance and the average conductance of the
junction. We assume that the conductance noise originates from the fluctuations in the
coupling strength parameters: ΓL and ΓR . These parameters have both junction to junction variation, that is responsible for the variation of the average junction conductance,
and dynamic fluctuations, which lead to the observed conductance noise. To simulate
junction to junction variations, we assign a value to each of these parameters from a
lognormal distribution with a median of Γ0 and a standard deviation of σ:
(ln(Γ/Γ0 ))2
1
· e− 2σ2 .
p(ΓL/R ) = √
Γ 2πσ 2

(4.17)

This way, the distribution of the average junction conductance replicates the experimental
observation, that logarithmically binned conductance histograms exhibit Gaussian peaks.
Dynamic fluctuations are simulated by adding noise to the average value of the coupling
parameters. The exact type of added noise depends on the interaction described by the
corresponding coupling parameter.
For a coupling parameter (ΓL/R ) that describes through-bond coupling, we add a
white Gaussian noise with zero mean and σN oise standard deviation. While in the case
of through-space coupling, we generate a Gaussian white noise with zero mean and a
standard deviation of σN oise , and multiply it with ΓL/R /Γ0 . This results in an added
noise that is proportional to the average value of the coupling strength ΓL/R . We divide
by Γ0 , so that the range of the fluctuations would be the same as the through-bond
coupled case, when ΓL/R = Γ0 .
Then a simulated conductance noise trace can be calculated according to Equation
4.1, using the generated ΓL and ΓR values. I performed three simulations: a molecular
junction with through-bond coupling on both sides, a hybrid junction with throughbond coupling on one side and through-space coupling on the other side, and finally
a junction with through-space coupling on both sides. In each simulation, I generated
10000 conductance traces, each consisting of 15000 simulation steps producing fluctuating
conductance values. A sample conductance trace is displayed on Figure 4.6/A. Then I
calculate two quantities for each simulated trace: the average conductance (GAvg , black
dashed line on Figure 4.6/A) and the variance of the conductance1 (h∆G2 i). According to
the power-law dependence, suggested in [68], the logarithm of these quantities are linearly
correlated: log[h∆G2 i] ∝ n · log[GAvg ].
1

This is equivalent to the integral of the spectral density of noise for the bandwidth of the measurement.
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Figure 4.6: Monte Carlo simulations of molecular junctions. (A) Simulated conductance
trace consisting of 15000 simulation steps, producing fluctuating conductance values. Two
quantities are calculated from each simulated trace: the average conductance GAvg (black
dashed line) and the variance of the conductance h∆G2 i. Two-dimensional histograms
of the h∆G2 i/GAvg and GAvg values for three types of simulated junctions: (B) throughbond coupling on both sides, (C) hybrid junction with through-bond coupling on one side
and through-space coupling on the other side, (D) through-space coupling on both sides.
(E) Correlation between h∆G2 i/GnAvg and GAvg as a function of n: through-bond coupled
junction (black line), hybrid junction (red line), through-space coupled junction (blue line).
The value of the scaling exponent can be determined from the zero crossing of these curves.
(F) Zoomed graph, displaying the regions around the zero crossings. Dashed lines indicate
the certainty of the correlation, calculated using Equation 4.18. The parameters in these
simulations are: Γ0 = 150 meV and σ = 0.4 for generating the average value both for ΓL
and ΓR , σN oise = 50 meV for simulating dynamic fluctuations and  = 1 eV.

The difference between the three simulations can be visualized on two-dimensional
histograms displaying log[h∆G2 i/GAvg ] vs. log[GAvg ]. In the case of the through-bond
coupled junction (Figure 4.6/B) values are spread out symmetrically along the X and Y
axis, indicating that there is no strong correlation between the displayed quantities. This
is in contrast with the case of the hybrid junction (Figure 4.6/C) and the through-space
coupled junction (Figure 4.6/D), where the values are scattered inside the contours of a
tilted ellipse, which implies non zero correlation between the quantities displayed on the
X and Y axis. These results are in qualitative agreement with the experiments illustrated
on Figure 4.5 [68].
According to the method introduced in [68], the exact value for the scaling exponent
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n can be determined by calculating h∆G2 i/GnAvg with respect to the value of n, ranging
from 0.5 to 2.5. For each value of n, a two-dimensional histogram is created with log[GAvg ]
on the X axis, and log[h∆G2 i/GnAvg ] on the Y axis. Then this histogram is fitted using
the bivariate normal distribution. An example for n = 1 is displayed on Figure 4.5,
contours of the fit are shown with black dashed lines. The parameters of this fit include
the expectation value and the variance for the quantities displayed on the X and Y axis,
as well as the correlation between these quantities. The value of n which leads to zero
correlation is the scaling exponent that describes the relation between h∆G2 i and GAvg .
Upon applying the same method, I experienced that slightly different fit parameters
are determined when fitting the same two-dimensional histogram multiple times, this
could be the result of the random initialization of the fit parameters. This introduces
some uncertainty to the calculated scaling exponent n. Therefore, I further improved this
analysis: instead of fitting two-dimensional conductance histograms, we can calculate
the correlation, introduced in Section 2.3.5, between the quantities log[h∆G2 i/GnAvg ] and
log[GAvg ] as a function of n. Again, we look for the value of n, where the correlation
crosses 0. For this n, log[h∆G2 i/GnAvg ] and log[GAvg ] are independent, which means that
this n is the scaling exponent describing the relation between h∆G2 i and GAvg . This
technique always provides the same result when using the same data, thus it is more
reliable in finding the correct value for the scaling exponent. Moreover, this analysis also
enables us to estimate the error of n using the formula for the standard deviation of the
correlation coefficient:
r
1 − C(X, Y )2
(4.18)
EC(X,Y ) =
N −2
where N is the number of points in the datasets X and Y [107]. Note, that this error
does not account for the uncertainty of the conductance measurement.
I used the above simulations to verify this technique, Figure 4.6/E shows the correlation as a function of n for the three simulations, along with the calculated errors which is
only visible on a zoomed graph (Figure 4.6/F). These show, that n ≈ 1 for the throughbond coupled junctions (black line), n ≈ 1.5 for the hybrid junctions (red line) and n ≈ 2
for through-space coupled junctions (blue line). We note, that in the case of the hybrid
system, we get n ≈ 1.5 because we used the same Γ0 , σ, σN oise parameters for both the
through-bond and the through-space coupled side of the junction. In general, these parameters can be different for through-bond (Γ0,bond , σbond , σN oise,bond ) and through-space
(Γ0,space , σspace , σN oise,space ) coupling, which yields a scaling exponent between n = 1 and
n = 2, depending on the ratio of σN oise,bond /σN oise,space , as this was demonstrated in [68].
The results of these simulations agree with the experiments, where this method was
used to identify through-bond and through-space coupled molecular junctions [68, 103–
105]. We expect, that the same method can be applied to distinguish between monomer
junctions and dimer junctions. In the case of a DAT or a DAF monomer junction, both
sides of the molecule are coupled through-bond to the metal electrodes, therefore we expect
a scaling exponent close to 1. By contrast, in case of a dimer junction, the molecule –
molecule coupling should include a through-space component, thus we expect the scaling
exponent to increase. I performed similar simulations to gain a better understanding of
what determines the scaling exponent in the case of dimer junctions. The model junction
is shown on Figure 4.7/A, we consider two molecules: each molecule is bound to an
electrode on one side, with coupling strength ΓL and ΓR . Between the two molecules,
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there is δ inter-molecular coupling. The conductance of such a model junction can be
calculated using a tight-binding calculation [38]. In the limit that δ is much smaller than
ΓL and ΓR and when transport is in the off-resonant regime, with the molecular frontier
levels being far from the electrode Fermi level, the conductance can be approximated as:
ΓL · ΓR · δ 2
.
(4.19)
4
I calculated 10000 conductance traces with generated noise. The electrode - molecule
coupling is through-bond coupling on both sides, thus we can use the same lognormal
distribution with a median of Γ0 and a standard deviation of σbond for assigning values
to ΓL and ΓR . Similarly, a value is assigned to δ from a lognormal distribution with
a median of δ0 and a standard deviation of σspace . To simulate dynamic fluctuations,
we add noise to each of the coupling strength parameters (ΓL , ΓR and δ). For ΓL and
ΓR describing through-bond coupling between electrode and molecule, we add a white
Gaussian noise with zero mean and σN oise,bond standard deviation. For δ, which describes
the through-space coupling between the molecules, we add a Gaussian white noise with
zero mean and a standard deviation of σN oise,space multiplied by δ/Γ0 , resulting in a noise
that is proportional to the average value of the coupling strength δ. We use the 1/Γ0
factor to ensure that fluctuations of δ are on the same scale as fluctuations of ΓL and ΓR
when δ = Γ0 and σN oise,space = σN oise,bond .
G = G0 ·

Figure 4.7: Noise characteristics in dimer junctions. (A) Schematics of the model used
for calculating conductance of dimer junctions. (B) Two-dimensional h∆G2 i/GAvg vs.
GAvg histogram of dimer junctions, constructed from 10000 simulated traces. Parameters
used in the simulation: Γ0 = 150 meV, σbond = 0.4, σN oise,bond = 50 meV, δ0 = 15 meV,
σspace = 0.6, σN oise,space = 20 meV and  = 1 eV. (C) Red squares: scaling exponent versus
σspace with σN oise,space fixed to zero. Blue triangles: scaling exponent versus σN oise,space with
σspace fixed to zero. The scaling exponent is between 1 and 2 depending on the value of
these two parameters. In the limit, when both parameters are close to zero (no junction
to junction variation and no noise introduced at the inter-molecular interface) the model
is equivalent to a monomer junction with through-bond coupling on both sides. If either
of these parameters is changed, scaling exponent increases, therefore we expect the scaling
exponent to be close to 2 in case of our experiments with dimer junctions.
Figure 4.7/B shows an example for the simulation of dimer junctions, a non zero
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correlation is indicated by the h∆G2 i/GAvg vs. GAvg histogram, the scaling exponent is
n = 1.84 in this example. Through these simulations, we find that the value for the
scaling exponent is governed by two parameters: σspace , which describes the junction to
junction variation of the inter-molecular coupling strength and σN oise,space which describes
the dynamic fluctuations in δ at the inter-molecular interface. Figure 4.7/C shows, how
the scaling exponent changes when varying these parameters. In the limit when the intermolecular coupling strength has no junction to junction variation (σspace = 0) and no
dynamic fluctuations (σN oise,space = 0), we get back the case of a monomer junction with
through-bond coupling on both sides which yields a scaling exponent n ≈ 1. If either
of these parameters is changed, the scaling exponent increases, therefore we expect the
scaling exponent to be close to 2 in the case of our experiments with dimer junctions.
Based on these simulations, we conclude that this method is capable of differentiating
between through-bond coupled monomer junctions and dimer junctions with throughspace inter-molecular coupling.

To provide further evidence for the existence of dimer junctions formed by DAT and
DAF molecules, I applied the above discussed method and performed noise measurements
on these molecules using an STM-BJ setup. The junction elongation process is paused for
150 ms and the conductance of the junction is recorded (sample trace shown on Figure
4.8/A). For the analysis, we select only those traces, where the junction was maintained
during the hold period. We verify this by comparing the conductance measured at the
beginning and at the end of the hold period and accept a trace for analysis when the ratio
of these is between 0.2 and 5. For each of these traces, I calculate two quantities from
the measured conductance while the electrode separation is kept constant: the average
conductance (GAvg ) and the integrated noise power (iP SD). To calculate the latter, we
integrate the discrete Fourier transform of the measured conductance between 100 Hz
and 1000 Hz (grey area on Figure 4.8/B). The lower frequency limit is constrained by the
mechanical stability of the setup, while the upper limit is determined by the input noise
of the current amplifier. We use the calculated iP SD as a measure of the variance of the
recorded conductance.

During the experiments, we apply a bias voltage of 250 mV on the molecular junctions
through a 100 kΩ series resistor. We measure the current flowing through the junction
using a current amplifier (FEMTO DLPCA-200) with 106 gain. To compare the noise,
measured on molecular junctions with the noise of the experimental setup, we replaced
the molecular junction with a 10 MΩ resistor (≈ 10−3 G0 , a typical value for a molecular
junction) and measured the output of the current amplifier using the same gain (106 )
and bias voltage (250 mV). The resulting spectrum is shown on Figure 4.8/C with black
line. At this gain
√ setting, the input noise of the current amplifier dominates the measured
noise (130 fA/ Hz, as specified by the manufacturer). To measure the thermal noise of
the 10 √
MΩ resistor, we had to switch to a gain of 1010 . The measured thermal noise was
40 fA/ Hz (brown line on Figure 4.8/C). As a comparison, the averaged noise spectrum
of DAT and DAF monomer and dimer junctions are also displayed on Figure 4.8/C. In
every case, the noise measured in the 100 − 1000 Hz bandwidth is at least 2 orders of
magnitude larger than the noise measured with the 10 MΩ resistor.
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Figure 4.8: (A) Sample conductance trace measured with DAT molecule (red line). During
the elongation of the junction, the piezo movement (blue line) is paused for 150 ms,
the conductance recorded during the hold period is highlighted with dark red line. (B)
Power spectral density (PSD) of the conductance measured during the hold period. Two
quantities are calculated for each trace: the average conductance during the hold period
(GAvg ) and the noise power (iP SD, grey area on B). The PSD, averaged for all monomer
DAT junctions is plotted with red line. Blue dashed lines indicate 1/f and 1/f 2 frequency
dependence. (C) Current noise spectrum of the experimental setup. Thermal noise (brown
line); noise measured on a 10 MΩ resistor with 106 amplifier gain (black line); averaged
PSD for DAT (red) and DAF (blue) monomer (solid) and dimer (dashed) junctions. (D)
Two-dimensional histogram of iP SD vs. GAvg for DAF molecule. Black dashed lines show
linear fits to the data in the regions of the high/low conductance molecular junctions.

We first sort the traces based on the average conductance measured during the hold
period. Since the elongation is stopped at a fixed displacement position, it is not possible
to directly control the junction conductance during the hold period. It can happen,
that we record the hold period either before the formation or after the rupture of the
molecular junction. However, in some cases, the junction elongation is paused when the
current flows through a molecular junction. Therefore we have to record a large number
of traces to have enough that shows a stable junction during the hold period and also
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the conductance of the junction falls in the regions of the histogram peaks corresponding
to the high and low conductance molecular junctions. In the case of DAT molecule, we
measured a total of 55000 traces, out of which ≈ 27000 showed a stable junction, with
comparable conductance at the beginning and the end of the hold period. Out of these
traces, ≈ 15000 has the average conductance of the junction during the hold period in
the region of the high conductance peak and ≈ 9000 in the region of the lower peak. In
the measurement with DAF molecule, we had to record even more traces to end up with
a similar amount that can be used for the analysis: 100000 were measured, out of which
≈ 7000 falls in the region of the higher and ≈ 17000 in the lower molecular conductance
peak.

Figure 4.9: Correlation between log[iP SD/GnAvg ] and log[GAvg ] as a function of the scaling exponent (n), for DAT (A) and DAF (B) molecules. The exponents describing the
relationship between noise power and average conductance are as follows. Monomer junctions: n = 1.16 for DAT and n = 1.05 for DAF. Dimer junctions: n = 1.78 in the case of
DAT and n = 1.76 for DAF. The estimated error of these scaling exponents is less than
0.05 in all cases.

The next step is to calculate the integrated noise power (iP SD) and the average
conductance (GAvg ) for each trace and examine the relationship between these quantities.
Figure 4.8/D shows the two-dimensional histogram of these quantities, measured with
DAF molecule. In this case, this raw data already shows a clear difference between the
regions that correspond to the high/low conductance molecular junctions. For a more
precise determination of the scaling exponent, we used the same technique as in the case
of the simulations: we calculate the correlation between log[iP SD/GnAvg ] and log[GAvg ]
and determine n, such that these two quantities are uncorrelated. Figure 4.9/A and B
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display the correlation as a function of n and the calculated error for DAT and DAF
molecules. The zero-crossing points determine the scaling exponent for the monomer
(blue line) and dimer (red line) junctions. The estimated error is less than 0.05 in each
case. For monomer junctions of DAT and DAF, n is 1.16 and 1.05, while for the dimer
junctions, n is 1.78 and 1.76, respectively.

Figure 4.10: Two-dimensional histograms of log[iP SD/GnAvg ] and log[GAvg ] with different
values for n, illustrating the difference between monomer and dimer junctions formed by
DAT (A,B) and DAF (C,D) molecules.

Apart from determining the exact value of n, Figure 4.9 also shows how significant
the difference is between monomer and dimer junctions. When n is chosen such that
there is zero correlation for monomer junctions, the examined quantities are strongly
correlated for dimers (C ≈ 0.5). The same argument is true for dimer junctions as well. To
further stress this difference, we created two-dimensional histograms of log[iP SD/GnAvg ]
and log[GAvg ] using different values for n, such that the displayed quantities would be
independent either for the monomer (Figure 4.10/A,C) or the dimer (Figure 4.10/B,D)
junctions. Independence is also reflected by the contours of a fitted 2D Gaussian in the
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corresponding conductance region. In every case, a clear correlation is visible between
the displayed quantities for the other junction type.
Based on the above results, we conclude, that monomer junctions are coupled throughbond to the electrodes, while dimer junctions show a relation between noise power and
average conductance, which is characteristic of through-space coupling. This is a result
based on two independent measured quantities (conductance and noise), which confirms
the hypothesis of dimer formation.

4.3

Force measurements

To gain more information about the structural evolution of these junctions, we performed AFM-BJ measurements on DAF and DAT molecules. We measure conductance
and force simultaneously during the elongation and rupture of the junctions, using a
custom-built AFM-BJ setup [26]. We use the measured conductance to identify the different junction structures such as metallic point-contact, monomer or dimer junctions,
then we analyze the measured force signal to determine and compare the mechanical
properties of these junctions.
Typical conductance and force traces are shown on Figure 4.11 measured with DAT
and DAF molecules. During the elongation of a stable gold contact, the measured force
increases linearly as the junction is elastically deformed until the atoms of the electrode
rearrange causing a sudden force drop. These repeated load and rupture events result
in a saw-tooth shaped pattern in the measured force signal. In the case of a molecular
junction, there are usually multiple load and rupture events present, which are generally
attributed to the linkers changing the attachment position on the electrodes [21]. The
last loading event before the rupture of the molecular junction corresponds to a junction,
where the molecule bridges the smallest gap between the electrodes and is being stretched
as the electrodes are further separated. We observe that even in the case of the dimer
junctions, the measured force does not go continuously to noise, instead, a clear force
loading is visible before the rupture of the dimer junction.
We explore the rupture force of the stacked dimers by examining the force necessary to
rupture the monomer and dimer junctions. We define the rupture force as the difference
between the force acting on the junction when it ruptures and the force measured after
the final rupture event when there are no mechanical connections between the sample
and tip. A commonly used technique for extracting the average rupture force of a given
junction structure is to construct two-dimensional force histograms. First, the measured
conductance is used to determine the displacement position of the rupture event. Then
the force traces are aligned at this point both along the displacement and the force axis:
each trace is offset to have zero displacement and zero force at the position of the rupture
event. One can extract the average force curve from such a force histogram by fitting
each vertical line with a Gaussian and overlaying the peak position on top of the twodimensional force histogram [26].
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Figure 4.11: Sample conductance and force vs. displacement traces for DAT (A,B) and
DAF (C,D) molecules. Regions of the monomer and dimer junctions are highlighted with
red and yellow background. Multiple load and rupture events are observed during a single
conductance plateau.

Figure 4.12 shows two-dimensional conductance and force histograms aligned at the
point of rupture for metallic, monomer and dimer junctions. In case the traces are aligned
at the final rupture event (Figure 4.12/F), the average rupture force can be determined by
measuring the drop of the average force curve after the point of the rupture. This method
can be used to extract the rupture force of the dimer junctions but not the monomers.
In the case of the monomers (Figure 4.12/D), when the junction breaks, a force loaded
dimer junction is formed. Therefore the drop of the average force curve, when aligned
at the monomer rupture point, will be smaller than the actual force necessary to rupture
these junctions.

Figure 4.12: Two-dimensional conductance and force histograms for DAF, aligned at the
rupture of the metallic (A,B), the monomer (C,D) and the dimer (E,F) junction.

Due to the monotonic nature of conductance traces, all three features (single atom
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contact, monomer, dimer) can be identified on all of the conductance histograms (Figure 4.12/A,C,E) and thus the evolution of the measured conductance can be inferred
independently of the alignment point. On the contrary, the measured force signal is not
monotonic, it shows several load and rupture events and the length of these events is
different on every measured trace. As a result, the overlaid traces quickly become blurred
when moving away from the alignment point. Thus the average force curve, extracted from
the two-dimensional force histograms, is only valid in the close vicinity of the alignment
point, the only valid information it provides is the amount, the force signal drops when
transitioning from one junction structure to the other. Therefore these force histograms
and the average force curve does not allow us to compare the force that is required to
rupture the different junction structures.
To overcome this problem, we construct a new type of scaled two-dimensional conductance and force histograms where we align the measured traces at multiple points along
the horizontal axis (Figure 4.13/A,B and D,E for DAF and DAT molecules). The alignment points are the rupture of the metallic, monomer and dimer junctions. To achieve
this, we need to scale the length of the conductance plateaus, such that the length of
the monomer/dimer junctions is the same on all of the overlaid traces. We scale each
molecular plateau so that the length would equal the average step length measured in the
corresponding conductance range, as determined from an analysis of plateau lengths (see
the inset on Figure 4.13/A and D). Thus we label the X axis as averaged displacement.
Force traces are also aligned along the vertical axis by offsetting each trace to have zero
force at the position after the final rupture event. Since the horizontal axis is scaled, the
relative displacement information is lost but force information is retained throughout the
rupture process: the resulting average force curve shows how the measured force changes
during the extension of the junction. Using such a two-dimensional scaled force histogram,
the rupture force for both the monomer and the dimer junctions can be determined by
simply evaluating the average force curve at the point where the corresponding molecular
junction breaks. In the case of the DAF molecule (Figure 4.13/B), monomer junctions
break at 0.72 nN, while dimer junctions rupture at a significantly lower force of 0.12 nN.
Similarly, DAT molecule (Figure 4.13/E) also shows a significant difference between the
rupture force of the monomer (0.43 nN) and dimer junctions (0.05 nN). In principle, a
dimer junction can either rupture at a molecule-gold bond on one electrode or at the
molecule–molecule interface. This significant difference in their rupture forces indicates
that the dimer junctions rupture at the inter-molecular interface.
A closer examination of the scaled conductance and the force histogram reveals that
during the elongation of the dimer junctions, both the average conductance and force are
decreasing. This is even more visible on a conductance versus force histogram obtained by
simply plotting the measured conductance against the force for each trace and overlaying
the resulting curves (Figure 4.13/C and F for DAF and DAT molecules) [27, 108]. In
the region of the dimer junction, there is a tilted elliptic feature indicating a positive
correlation between conductance and force. To determine the value for the correlation,
we fit the conductance region of the dimer junctions with a 2D Gaussian, contours of the
fit are indicated with dashed black line. From the parameters of the fit, we determine,
that the correlation is 0.31 and 0.34 for DAF and DAT dimer junctions, respectively.
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Figure 4.13: Scaled conductance and force histograms and conductance versus force histograms for DAF (A-C), DAT (D-F) and 4,4’ bipyridine (G-I) molecules. The inset on the
scaled conductance histograms shows the distribution of the plateau length, as measured in
the conductance region of the lower (red line), higher (blue line) histogram peak and in the
entire molecular conductance range (black). When constructing the scaled two-dimensional
histograms, the average values of the plateau length in the different conductance regions
are used for scaling the overlaid conductance and force traces.
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We used the monomer junctions to verify the significance of these levels of correlation.
Thus we performed the same fit for the region of the monomer junctions (see the contours
on Figure 4.13/C and F, in the conductance region of the monomers). The resulting correlations are 0.04 and 0.09, significantly smaller compared to the correlations determined
for dimer junctions. We identify the correlation between the measured conductance and
force signals as a characteristic property of dimer junctions. We expect that both conductance and force depend largely on the extent of the overlap at the molecule–molecule
interface, which results in correlated conductance and force signals.
To support the above statement, that the observed correlation is indeed characteristic
to dimer junctions, we compared the conductance and force histograms of DAT and DAF
molecules with measurements on a control molecule. Previous investigations on 4,4’Bipyridine (BP) have shown that this molecule exhibits a high and a low conductance
junction configuration. In contrast to DAT and DAF molecules in the case of BP, both
junction configurations correspond to a single molecule bridging the gap between the two
electrodes [21, 82]. Figure 4.13/H shows the scaled force histogram for BP junctions.
The rupture force of the final, low conducting configuration (0.26 nN) is significantly
larger compared to the rupture force of DAT and DAF dimer junctions. The scaled force
histogram also shows, that during the elongation of the low conducting configuration the
average rupture force is constant, in contrast to DAT and DAF dimer junctions which show
a decrease in the measured force signal during the elongation of the junction. Furthermore,
conductance versus force histogram (Figure 4.13/I) shows that both the high and low
conducting junctions exhibit uncorrelated conductance and force signals. The correlation
coefficient obtained from 2D Gaussian fits is less than 0.02 in both cases. This is negligible
compared to the correlation measured with DAT and DAF dimer junctions (around 0.3).

4.4

Conclusions

I investigated the formation of stacked dimers in break junction measurements with
DAT and DAF molecules, and compared their electronic and mechanical characteristics
with monomer junctions. The hypothesis of dimer formation is supported by conductance
and flicker noise measurements: (i) I showed that the probability to form dimer junctions
increases with increasing molecular concentration; (ii) comparison of the conductance
histograms for a series of molecules, implies that the amine linkers play an important role
in mechanically stabilizing the dimer junctions; (iii) I showed that the relation between
the noise power and junction conductance, can be used to distinguish between throughbond coupled monomer junctions and dimers with through-space intermolecular coupling,
then I performed noise measurements, confirming the hypothesis of dimer formation. I
performed force measurements indicating that a significantly smaller force is required to
rupture the dimer junctions when compared with the monomer junctions. This result
is consistent with a weak N–π interaction when compared with an Au-N donor-acceptor
bond. Finally, I demonstrated, that for these dimer junctions, conductance and force
decrease as the junction is elongated, which shows that the extent of the overlap between
the two molecules dictates both the electronic and mechanical characteristics of dimers.
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Chapter 5
Temporal correlations and structural
memory effects
The analysis of break junction measurements is a challenging task, as it is not possible
to directly inspect single-molecule junctions. Thus, the evolution of the junction geometry and the possible molecular binding configurations have to be determined using the
measured conductance traces. In Chapter 4, I showed that auxiliary measured quantities,
like force and noise, can be utilized to get an insight into the junction structures, corresponding to the observed conductance plateaus. Another approach is to employ advanced
data analysis methods to unravel hidden relationships inside the conductance data, which
can provide evidence to support the various hypothesized junction trajectories.
In break junction measurements, a metallic contact is repeatedly formed and ruptured
many times to collect a set of conductance versus displacement traces that is representative of the attainable junction geometries. Thousands of opening and closing conductance
versus displacement traces are recorded using the same metallic wire. This raises the question: to what extent are these subsequently measured conductance traces independent?
As an example, Figure 5.1/A shows 3-3 pairs of opening and closing conductance
traces measured sequentially, by repeatedly rupturing and reforming an atomic scale gold
junction using a cryogenic MCBJ setup. This experiment demonstrates, that under certain conditions, both deterministic and stochastic behavior can be observed: the 3 pairs
of opening/closing conductance traces on the left indicate identical opening and closing
junction trajectories, while the traces on the right exhibit a random variation in the
observed junction geometries.
One can take advantage of the fully reproducible motion of several atoms upon the
investigation of atomic-scale memories [109, 110]. Repeating traces suggest, that some
level of structural memory can be preserved, even after the rupture of the contact. Similar
structural memory effects can also be observed in conductance traces that are not entirely
deterministic: for example, the final part of an opening trace can determine the beginning of the subsequently measured closing trace. Although such memory effects do not
lead to repeating traces, the cross-correlation between the opening and the subsequent
closing trace can reveal the relationship between the different junction geometries. As
an example, Figure 5.1/B illustrates a process, where after the rupture of a molecular
junction, the molecule can either remain protruding from one electrode or it can relax
back to the electrode. Upon closing the junction, the same molecular configuration can
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be reestablished in the former case, while a metallic contact is formed in the latter. In the
former case, there is a positive correlation between the molecular conductance plateaus
observed during the opening and subsequent closing of the junction. Past work revealed
similar junction trajectories in Ag-CO-Ag [39] and Pt-CO-Pt [1] single-molecule junctions, utilizing the opening/closing cross-correlation method. In the latter case, it was
also shown, that monoatomic chain formation can destroy the structural memory of the
junction: CO molecule binds strongly enough to the Pt electrode, to pull a monoatomic
Pt chain out of the electrodes. Pronounced contact memory effects were found when the
single-molecule junction breaks before atomic chains are formed. In contrast, when chains
are pulled through the CO molecule, the random relaxation of the chain atoms and the
CO molecule, following the rupture, destroys the structural memory of the junction. This
study was performed by Zoltán Balogh, and it is discussed in detail in his Ph.D. thesis
[59].

Figure 5.1: (A) 3-3 pairs of opening and closing conductance traces, measured sequentially
(traces are horizontally offset for clarity). (B) Illustration of structural memory effects
in single-molecule junctions: after the rupture of a molecular junction, the molecule can
either remain protruding from one electrode or it can relax back to the electrode.

On the other hand, when examining conductance histograms or performing correlation
analysis, even a small portion of deterministic repeating traces is capable of introducing
unrepresentative histogram peaks or masking relevant correlations. A reliable conductance
histogram is based on a statistically diverse dataset, such that any large enough subset of
the traces (chosen without any specific selection criteria) would yield a histogram matching
that of the entire dataset. The simplest method of visualizing temporal inhomogeneities
of conductance traces is to plot the single trace histogram of each measured trace using
a two-dimensional image plot. This is also called the temporal histogram, as introduced
in [111]. Columns of the temporal histogram are single trace histograms of the measured
conductance traces. The histogram for the entire dataset can be obtained by calculating
the average of the values in each row of the temporal histogram. The temporal histogram
shows the temporal evolution of the individual traces. As an example, Figure 5.2 displays
the temporal histogram for an STM-BJ measurement with 2,7-diaminofluorene molecule.
During this experiment, the concentration of the target molecules is varied from 1 µM
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to 1 mM, this measurement is discussed in Section 4.1. Red vertical lines indicate when
the concentration of the solution was increased. The temporal histogram clearly indicates that the measured conductance traces change, when the molecular concentration is
changed. Apart from following temporal variations triggered by external events like the
dosing of molecules or changing the concentration of the investigated molecules, the temporal histogram can also be used to investigate the stochasticity of the observed junction
trajectories. In this example, the temporal histogram indicates that statistically homogenous conductance traces are measured, while the concentration is constant, this implies,
that the subsequently observed junction trajectories are independent.

Figure 5.2: Temporal histogram for an STM-BJ measurement, performed inside a solution
of 2,7-diaminofluorene molecule. The concentration of the target molecules is varied from
1 µM to 1 mM. This measurement is discussed in Section 4.1.

In this chapter, I first examine temporal correlations and structural memory effects in
metallic junctions. Through the comparison of room and low temperature measurements,
I investigate the effect of thermally induced structural rearrangements on the contact
memory of atomic-sized gold junctions. I demonstrate that temporal histograms can be
utilized to visualize temporal inhomogeneities, compromising the reliability of conductance histograms and correlation analysis. I introduce shifted correlation plots, that can
be applied for characterizing temporal inhomogeneities. Using these techniques, I investigate the conditions, necessary for statistically independent gold breaking traces. To get
more insight into the underlying junction trajectories, the experiments can be compared
with simulations, where the exact junction geometry can be investigated. Using the correlation analysis technique, I demonstrate that classical molecular dynamics calculations
on breaking gold nanowires1 reproduce the structural memory effects observed in our
experiments.
Then I analyze gold–4,4’ bipyridine–gold junctions, measured at 4.2 K temperature
using a cryogenic MCBJ setup, where molecules are introduced to the junction using an
in-situ evaporation technique. I compare the results of this analysis with those of a similar
1

These simulations were performed by Kasper Primdal Lauritzen.
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room temperature measurement. I use temporal histograms for the investigation of the
evaporation process and the correlation analysis method for examining structural memory
effects in these single-molecule junctions.

5.1

Metallic junctions

Let us start by comparing gold break junction datasets measured at room temperature and at 4.2 K. As an example, one typical opening/closing conductance trace is
displayed for each dataset on Figure 5.3/A,B. There are a couple of differences that can
be observed solely from these example traces. The hysteresis (light grey area) between
the opening/closing traces is significantly larger when measured at room temperature.
Furthermore, at low temperature, both the opening and closing traces contain plateaus,
while at room temperature, the closing trace does not exhibit plateaus at conductance
values below 10 G0 .

Figure 5.3: Opening/closing (blue/red) conductance vs. displacement traces measured at
room temperature (A) and at low temperature (B). Distribution of the displacement hysteresis (C) and the conductance hysteresis (D) for the room temperature (brown) and low
temperature (black) dataset. A threshold of 0.5 G0 conductance (dashed horizontal line)
was used for determining the position of the junction rupture and reformation. Displacement hysteresis on the example traces: the distance between the positions, where the dashed
horizontal line crosses the opening/closing traces. Conductance hysteresis on the example
traces: the conductance value, where the vertical dashed line intersects the opening trace.
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To test whether these observations are indeed representative of the entire dataset, let us
define two quantities describing the hysteresis between the opening and subsequent closing
of the junction: displacement hysteresis and conductance hysteresis. The displacement
hysteresis of an opening/closing conductance trace can be defined as the distance between
the positions, where the metallic contact breaks upon the opening, and where the contact
is re-established upon the closing of the junction. Also, we can define the conductance
hysteresis as the conductance value, which is measured during opening the junction, at
the displacement position where the contact is re-established upon closing the junction.
A threshold of 0.5 G0 was used, to identify the displacement positions for the rupture
and the reformation of the metallic contact. Figure 5.3/C and D show the distribution
of these quantities for the room (brown line) and low temperature (black line) datasets,
separately. These distributions confirm, that indeed, there is a clear difference in the
hysteresis of the opening/closing traces when measured at different temperatures.
These results can be explained by the temperature dependence of surface diffusion.
At low temperature, the sharp apexes, formed after the rupture of the wire, are relatively
stable. In contrast, when the wire breaks away at room temperature, the sharp structures
flatten out due to the rearrangement of the atoms at the surface [112]. In case, there is
no significant drift2 present, the displacement hysteresis is proportional to the amount of
flattening of the electrode surfaces.

5.1.1

Temporal histograms

Next, we investigate the plateaus, that appear in the measured conductance traces.
The usual approach is to study the conductance histogram of the measured traces, with
peaks indicating the typical conductance values, where plateaus appear. Figure 5.4/A,C
and E,G show the one-dimensional conductance histograms of the room temperature and
low temperature dataset, respectively. The histograms of the opening traces (Figure 5.4/A
and E) exhibit peaks for both datasets. In the case of the low temperature dataset, the
1 G0 peak is more pronounced. This is the result of the long plateaus, that originate from
pulling a chain of gold atoms [31]. On the other hand, in the case of the closing traces,
the histogram of the room temperature measurement does not show any peaks (Figure
5.4/C). Again, this results from the thermally induced flattening of the electrodes: as the
contact is re-established, two large surfaces are pushed together, resulting in a relatively
large measured conductance. In contrast, at cryogenic temperatures, the atomic structure
of the electrodes is so stable, that a single-molecule contact can be re-established between
the electrodes, upon pushing them together. This is reflected by the peak around 1 G0
conductance on the histogram of the closing traces (Figure 5.4/G).
To construct reliable conductance histograms, a homogeneous temporal histogram is
required, as shown in Figure 5.4/B,F for the opening and D,H for the closing traces of
the above-discussed room and low temperature datasets.
2

When the temperature is changing during the measurement, the thermal expansion of the measured
wire can lead to a slow but continuous displacement in one direction.
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Figure 5.4: Conductance histograms and temporal histograms of the room (A-D) and low
temperature (E-H) dataset. At low temperature, conductance histograms exhibit peaks in
both the opening (E) and the closing (H) direction. While at room temperature, peaks are
absent in the histogram for the closing traces (C).

In contrast, the temporal histograms in Figure 5.5 illustrate cases where this homogeneity requirement is not satisfied. Figure 5.5/A shows the temporal histogram for gold
opening traces, measured at low temperature with the junction always closed to a predefined setpoint value. This means, that each closing trace ends, and each consecutive
opening trace starts at a similar conductance value with minor overshoots. The closing
setpoint value was changed after every 500 measured traces between 3 and 15 G0 in 3 G0
increments. This temporal histogram exhibits segments with distinct horizontal lines instead of the random scattering of the data indicating that a diverse set of junctions is not
measured but rather measurements of a single junction structure are repeated multiple
times. This tendency is typical in low temperature measurements when junctions are
closed to 3 and 6 G0 conductance (see the first and second set of 500 traces in Figure
5.5/A) and is occasionally observed even with 9 G0 closing setpoint. We found that repeating traces are unlikely, even at low temperature, when the junction is closed above
9 G0 conductance.
To get more insight into the underlying junction trajectories, we compare the experiments with simulations. We use simulated normalized minimal cross-section (NMCS)
traces. These simulations were performed by Kasper Primdal Lauritzen using classical
molecular dynamics calculations on breaking gold nanowires, employing Langevin dynamics with T = 4 K temperature. During the simulation, a wire is elongated in small steps.
In each step, the contact geometry, that is the position of each atom, is determined. Since
it is a time consuming and computationally expensive task to calculate the conductance
from the junction geometry, instead, as a simple measure, he calculated the minimal
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cross-section (MCS) of the junction following the definition in [113]. The simulated MCS
data is then normalized according to the number of atoms in the smallest cross-section
(NMCS). For more details about the simulations, see Kasper’s Ph.D. thesis [114].

Figure 5.5: Temporal histograms of opening traces. (A) Gold junction measured at 4.2 K
with a closing setpoint of 3, 6, 9 and 15 G0 . (B) Simulated NMCS traces at 4 K with a
closing setpoint of 3, 6, 9 and 15 NMCS. (C) Gold and (D) platinum junctions measured
at 4.2 K with a closing setpoint of 20 G0 .

Figure 5.5/B shows the temporal histogram of the simulated opening NMCS traces, the
closing setpoint was set to 3, 6, 9 and 15 NMCS. Similarly to the experiments, repeating
traces are observed up to a closing setpoint of 9 NMCS, with occasional changes in the
repeating junction evolution dynamics. Whereas at higher closing setpoints a diverse set
of traces is obtained. Previously, it was shown, that for gold junctions, the NMCS is
close to the junction conductance measured in units of G0 [6], thus the threshold closing
setpoint for observing repeating traces is similar in the experiment and the simulation.
This agreement implies that the classical description with Langevin dynamics is sufficient
to give us some insight into the repeating tendencies of breaking metallic nanowires.
Using the simulations, it is possible to investigate the number of atoms that change their
position significantly during an opening/closing cycle. In the case of a junction geometry
with 9 NMCS, the number of atoms that define the minimal cross-section is 14. Naively,
one would expect that most of these atoms would show significant displacement when the
wire is ruptured and subsequently closed back to 9 NMCS. Instead, the simulation yields
only 4 significantly displacing atoms. We expect, that a similar number of atoms change
positions during the repeating traces in our experiments.
As another example, Figure 5.5/C shows the temporal histogram for gold opening
traces measured at 4.2 K with a closing setpoint of 20 G0 . In this case, subsequent traces
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are not reproducible, rather a diverse dataset is observed. However, at higher conductances, a waving of the typical plateau positions is observed on the scale of hundreds of
traces. This is attributed to the temporal variation of the typical junction structures. For
example, slow fluctuation of the dominant crystallographic orientation, the opening angle
of the junction, or other structural characteristics. Such a slow shift in the conductance
values smears the characteristic peaks in the histogram averaged for the entire dataset. A
similar feature is observed for platinum junctions measured at 4.2 K temperature (Figure
5.5/D), where the temporal variation of the plateau positions is even more pronounced.
This feature is generally stronger for d-metals than for noble metals, which can be attributed to the more sensitive dependence of the conductance on the details of the atomic
structure.

5.1.2

Shifted correlation plots

The above examples demonstrate, how correlations between the subsequently measured breaking traces, like short segments of repeating traces or slow variations of the
plateau positions, appear on the temporal histogram. To study temporal correlations in
more detail, we use a generalized version of the correlation analysis method described in
Section 2.3.5. We define the correlation function between bin i on a certain trace and bin
j on a trace shifted by s breaking cycles as:
D
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The correlation function for bins on the same trace (s = 0) gives back the autocorrelation function. As we saw earlier, the autocorrelation of single trace histograms shows distinct structures, including the evident perfect correlation at the diagonal (Ci,i (s = 0) = 1).
In contrast, the correlation function for shifted traces is expected to be zero for any i, j
pair, if the different traces are statistically independent. Thus, any nonzero value reflects
dependency between the traces.
To visualize the shifted correlation matrix, we concentrate on the diagonal correlations
and display Ci,i (s) on a two-dimensional image plot as a function of the trace shift (s) and
the conductance bin index (i). Figure 5.6/A and B displays the temporal histogram and
the corresponding shifted correlation plot of 1000 gold breaking traces recorded at room
temperature. This example demonstrates, that such a homogeneous temporal histogram
provides shifted correlation close to 0 for all conductance bins and trace shifts. Room
temperature measurements typically provide datasets with shifted correlation plots similar
to the above example, as the surface diffusion aids the statistical independence of the
conductance traces.
In contrast, low temperature conditions help to preserve the rigidity of the junction.
At low temperature, the independence of the traces is less obvious. When using low closing
setpoints, even a few tens or hundreds of repeating traces introduce strong features, as
demonstrated by the shifted correlation plot of a low temperature dataset with 6 G0
closing setpoint (Figure 5.6/D). When repeating traces are excluded by a higher closing
setpoint, like 20 G0 , a waving shift of the plateau positions can still be observed, which
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introduces significant correlations to the shifted correlation plot (Figure 5.6/F) in the
conductance regions where the waving is observed. The decay of these correlations with
s ≈ 200 is consistent with the typical period of the plateau position waving. To suppress
such temporal correlations, even higher closing setpoints are necessary, like 50 − 100 G0 .
As an example, Figure 5.6/H displays the shifted correlation plot of gold opening traces
measured at low temperature with 50 G0 closing setpoint.

Figure 5.6: Temporal histograms and corresponding shifted correlation plots calculated for
different datasets: gold wire measured at room temperature (A,B) and at low temperature
with a closing setpoint of 6 G0 (C,D), 20 G0 (E,F) and 50 G0 (G,H).
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5.1.3

Opening/closing correlation analysis

The observation that low temperature junctions, closed up to 9 G0 conductance may
exhibit completely reproducible opening traces (Figure 5.5/A) tells us that the complex
motion of several atoms in the junction follows a highly reproducible tendency. To study
this kind of contact memory, we can use a more general method, without the need to
stop the closing of the contact at a predefined conductance value. Even if the junction
is closed to a much larger conductance, where subsequent opening traces would not show
any correlation, the initial segment of the closing trace should show correlations with the
previous opening trace. These correlations are expected to extend to conductance values,
where a stopped closing followed by the reopening of the junction would yield repeating
traces or at least some repeating tendencies, like waving plateaus. On the other hand, the
opening-closing correlation is somewhat suppressed due to the evident hysteresis between
the opening and closing traces, therefore it is useful to study similarities between broader
conductance intervals than a single conductance bin. Accordingly, the opening-closing
correlation function is defined as:
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where N and N 0 correspond to the single trace histogram of the opening and closing
trace, respectively. When necessary, the
Ni (r) values can be replaced by a moving average
Pi+a
a
along the conductance axis, N̄i (r) = k=i−a Nk (r)/(2a + 1) to enhance the resolution of
possible correlations.
In room temperature measurements, pronounced opening-closing correlations are not
common due to the surface diffusion induced flattening of the contact surfaces, as demonstrated by Figure 5.7/A. In contrast, at cryogenic temperatures, the apexes of the broken
junction are more rigid. This is reflected by the small displacement hysteresis (Figure
5.3/C), the formation of single-atom contacts upon closing the junction as indicated by
the histogram of the closing traces (Figure 5.4/G), and the tendency for repeating traces
(Figure 5.5/A). The opening-closing cross-correlation for the statistically homogeneous
dataset in Figure 5.6/G indeed shows positive correlations at the diagonal (Figure 5.7/D).
Up to the correlated opening-closing conductances, some kind of contact memory is preserved, which would be reflected by repeating tendencies on a subsequent opening trace,
if the contact was not closed further than these correlated opening-closing conductance
values.
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Figure 5.7: Opening-closing cross-correlation of gold junctions measured at room temperature (A), and at 4.2 K (D). Conductance histogram of the opening (B/E) and closing
(C/F) traces for the room/low temperature dataset.

Similar features are also observed in the NMCS traces, simulated using Langevin
dynamics. The room temperature simulations reproduce the surface diffusion induced
contact flattening, yielding the absence of the 1 NMCS peak in the closing histogram
(Figure 5.8/C), and displaying only minor correlations in the opening-closing correlation
plot, that are comparable to the noise level (Figure 5.8/A). In contrast, the low temperature simulations reproduce the clear 1 G0 peak in the closing histogram (Figure 5.8/F),
and the opening-closing correlations around the diagonal (Figure 5.8/D).

Figure 5.8: Opening-closing cross-correlation of simulated traces with a temperature of
300 K (A), and 4 K (D). Histogram of the opening (B/E) and closing (C/F) traces for
the 300 K/4 K temperature dataset.

It is important to point out, that distinct features in the shifted correlation plots, like
the result of waving plateaus, are usually inherited by the opening-closing correlation plots
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as well. Therefore the opening-closing correlations are the most interesting in datasets,
where the shifted correlations are absent, as it is the case in Figure 5.6/A and G.

5.2

Single-molecule junctions

After examining metallic junctions, we move towards the study of gold–4,4’ bipyridine–
gold junctions at low temperature. The enhanced stability of low temperature measurements enables a more thorough examination of molecular junctions, as it is possible to
hold a stable molecular junction for several minutes. Such stable junctions allow us to
perform a more detailed analysis of current-voltage characteristics and noise properties.
In the following, I analyze opening and closing conductance traces recorded at 4.2 K
temperature using a cryogenic MCBJ setup, where molecules are introduced to the junction using an in-situ evaporation technique. I use temporal histograms for the investigation of the evaporation process and the correlation analysis method to examine the
relation between the different junction configurations. As a comparison, I perform the
same analysis on room temperature measurements as well.

5.2.1

4,4’ bipyridine molecule

The chemical structure of 4,4’ bipyridine (BP) is displayed on Figure 5.9/A. This
molecule consists of two pyridine rings, each ring contains five carbon atoms and a nitrogen atom, that is capable of forming a donor-acceptor bond with the atoms of a metal
electrode. BP was among the first molecules, investigated using the break junction technique [20, 25], and it continues to be a widely investigated molecule [21, 82, 115–121]. It
was revealed by previous studies, that BP molecules can attach to gold electrodes in two
different binding geometries, resulting in double-step molecular plateaus. Similar features
were observed with other pyridine linked molecules as well [115, 122]. It is suggested,
that at a smaller electrode separation, the molecule can bind on the side of the metallic junction, such that both the nitrogen linker and the aromatic ring are electronically
coupled to the metal electrode (Figure 5.9/B). Upon further pulling, the molecule slides
to the apex and only the linkers couple to the electrodes, yielding a decreased junction
conductance (Figure 5.9/C). In the following, I will refer to these two binding geometries
as HighG and LowG configurations. This hypothesis is supported by DFT calculations
of the proposed geometries [82, 115], as well as the experimental observations, that the
HighG binding configuration requires a smaller electrode separation [82] and a larger force
to break away [21] when compared to the LowG configuration. More recently, currentvoltage measurements also confirmed that the electronic coupling is reduced during the
elongation of a BP molecular junction [121].
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Figure 5.9: (A) Chemical structure of 4,4’ bipyridine molecule. Schematic drawing of the
HighG (B) and LowG (C) binding configurations. (D) Illustration of the in-situ evaporation technique and photo of the low temperature MCBJ setup, taken from [59].

5.2.2

Dosing of the molecules

Ideally, a few thousands of opening/closing traces are recorded before molecules are
introduced to the junction. This way, conductance histograms with good enough resolution can be produced to verify the cleanliness of the setup. Then several methods can
be used to feed molecules to the junction. Room temperature measurements are often
performed in a liquid environment. In such a setup, clean traces can be measured either
on air or in a clean solvent. Then a few drops of solvent is added, containing the target
molecules. In cryogenic environments, different dosing methods are needed. One solution
is to place a drop of solvent with the target molecules onto the junction and dry it up,
prior to cooling down the setup. However, this method does not allow for the control
measurement of clean breaking traces, once the setup is cooled down. Instead, we developed an in-situ evaporation technique (illustrated on Figure 5.9/D), which enables us
to cool down our MCBJ setup and dose the molecules only after the cleanliness of the
setup is verified. Furthermore, this method allows us to first cool down the setup and
then break the metallic wire for the first time, which helps to prevent the contamination
of the junction.
BP molecules come in the form of small crystals. These crystals are placed inside a
small quartz tube, facing the notched region of the sample wire. Once it is time for the
dosing of the molecules, the quartz tube is heated by driving a current of 1 − 2 A through
the tungsten spiral of a light bulb, wrapped around the quartz tube. After the quartz
tube is sufficiently heated up, BP molecules start to evaporate. We use a relatively long
tube with a small opening, which enables us to orient the molecules towards the notched
region of the sample wire. The amount of dosed molecules can be controlled by setting
the duration of the thermal evaporation process.
The choice of BP molecule seemed ideal in such an in-situ evaporation scheme, as
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it was demonstrated before, that BP can be introduced to the junction by thermally
evaporating the molecules onto a metal surface [21, 123].
We first tested this dosing technique under ambient conditions. We measured 1000
traces before starting the evaporation, the resulting conductance histogram (Figure 5.10/A)
does not show significant features below 1 G0 conductance. This is an indication of clean
junction rupture. Opening/closing conductance traces were measured continuously during evaporating BP molecules. The temporal histogram of the evaporation process is
displayed on Figure 5.10/B, molecular signatures are already visible within 20 openingclosing cycles after the heating of the quartz tube was switched on (dashed line). A part of
this delay is attributed to the thermal inertia of the heating tube. We have found, that in
room temperature measurements, around 10 s is required to heat up the quartz container,
in order to evaporate a significant amount of molecules. We set the speed of the electrode
displacement so that in each second, an entire opening/closing cycle was recorded. If the
tube heating was stopped after 9 s, no molecular signatures were observed on the traces.
However, an extra second of heating is immediately reflected by a molecular plateau on
the next recorded trace. 10 cycles later already almost all traces show a molecular signature. Even though the heating is switched off after the 10 s dosing period, there are
already enough molecules in the vicinity of the junction to observe molecular plateaus
for many thousands of conductance traces. During this measurement, we recorded 5000
traces after the evaporation process, Figure 5.10/C displays the conductance histogram
of the opening traces: a double peak feature can be observed that is characteristic of
gold–BP–gold junctions [82].

Figure 5.10: In-situ evaporation of BP molecule using an MCBJ setup at room temperature. (B) Temporal histogram of the evaporation process: heating of the quartz tube was
switched on at trace 200 (dashed line), while continuously rupturing and reforming the
junction. Molecular signatures appear shortly after the heating was switched on. Conductance histogram of the traces measured before (A) and after (C) the evaporation process.
Next, we turn to measurements performed at liquid helium temperature (4.2 K) using
a cryogenic MCBJ setup. We achieved the best results when the junction was kept open
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during evaporating the molecules. Figure 5.11/B shows the temporal histogram of the
evaporation process. After cooling down the setup, we start measuring opening/closing
conductance traces with clean gold wire. The corresponding histogram does not show
any features below 1 G0 conductance (Figure 5.11/A). Then we stop the movement of
the piezo and open the junction completely using the stepper motor, available for coarse
positioning. Next, we heat the tungsten spiral with 2 A current for 90 seconds. After
the evaporation, the junction is closed back and we resume the measurement of opening/closing conductance traces. The temporal histogram shows a significant change after
the evaporation (dashed vertical line), indicating that BP molecules reach the junction and
bind between the electrodes. We measured 5500 traces after evaporating the molecules,
the formation of molecular junctions is reflected by the peak that appears in the histogram
of the opening traces (Figure 5.11/C).

Figure 5.11: In-situ evaporation of BP molecule using an MCBJ setup at 4.2 K temperature. (B) Temporal histogram of the evaporation process: the measurement was stopped
after trace 500 (dashed line) and the junction was kept fully open during the 90 seconds
long evaporation. Conductance histogram of the traces measured before (A) and after (C)
the evaporation process.

The ratio of the measured traces showing molecular signatures, also known as the
pick-up rate, is very different in the two experiments. We find, that after successfully
evaporating the molecules at room temperature, almost all measured trace shows molecular plateaus, that is the pick-up rate is close to 100 %. This holds true even thousands
of opening/closing cycles after the evaporation. As opposed to low temperature measurements, where we observe a large number of traces without molecular signatures even
after the evaporation is completed, that is the pick-up rate is reduced significantly. When
molecules are absent, the tunneling current is measured between the electrodes, which
decays exponentially with the electrode separation. In the following, I will refer to the
traces with molecular plateaus or exponentially decaying characteristics as molecular or
tunneling traces.
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We also observed, that during continuously measuring thousands of opening/closing
conductance traces at low temperature, the pick-up rate can further decrease, molecular
traces can even disappear completely. We attribute this to the reduced surface diffusion
of the molecules. Upon a molecular junction breaks away, the molecule can escape from
the vicinity of the junction either by moving away from the surface of the electrodes
or by flipping back onto one electrode at a position further away from the apex. At
room temperature, thermal fluctuations enable molecules to change the position, where
they attach to the electrode surface, this mechanism can supply new molecules to the
junction. On the other hand, at low temperature, molecules are more rigidly attached to
the electrodes, hence the vicinity of the junction can be depleted.
There are two possible solutions for increasing the pick-up rate in low temperature
measurements: new molecules can be introduced to the junction either by a subsequent
evaporation process or by reforming the junction with a hard push using the coarse positioning stepper motor, which enables molecules that are attached further away from the
apex to get to the vicinity of the junction.
Due to the thermal expansion of the wire, we observed large drifts when the heating
of the quartz tube was switched on. This prohibits us from continuously evaporating
molecules while measuring opening/closing cycles as we performed earlier, using the room
temperature setup. We found, that the thermal expansion can even exceed the range of the
piezo positioner, to ensure that the junction remains open during the entire evaporation
process, the use of the coarse positioning stepper motor is required.
Since a hard push of the junction can change the gearing ratio between the movement
of the piezo positioner and the electrode displacement, it is better to avoid moving with the
coarse positioning step motor. For the proper calibration of the electrode displacement,
such a dataset is needed, where a decent pickup rate is achieved even without hard pushing
the junction.
To compare the room temperature and low temperature measurements in more detail,
Figure 5.12 displays one- and two-dimensional conductance histograms of these datasets
side by side. Note, that the speed of the junction elongation was different in the two
measurements, hence the number of points recorded in a certain distance also differs. As
a result, the absolute value of the histogram counts is not directly comparable between
the two datasets.
One-dimensional histogram of the opening traces (Figure 5.12/A) shows a double-peak
feature for the room temperature dataset, that corresponds to the HighG and LowG binding configurations of BP molecule. On the other hand, the histogram of the low temperature measurement exhibits one dominant peak at the conductance value corresponding to
the LowG configuration and shows only a slight shoulder around the conductance value
of the HighG configuration. The agreement of the peak positions suggests, that similar
junction geometries are sampled in the two measurements. However, the difference in the
relative magnitude of the peaks reflects, that either the length of the molecular plateaus
or the rate in which these plateaus occur changes at low temperature.
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Figure 5.12: One-dimensional conductance histograms of the opening (A) and closing (B)
traces for the room temperature (red) and low temperature (blue) measurements. Positions
of the molecular peaks are indicated with dashed lines. Two-dimensional conductance
histogram of the room temperature (C,D, 5000 traces in total) and low temperature (E,F,
5500 traces in total) measurement. Traces are aligned below the molecular plateau, at
3E − 5 G0 and 1E − 5 G0 conductance for the room and low temperature dataset.

Next, we examine histograms of the closing traces (Figure 5.12/B). During the closing
of the junction, smaller gaps can be realized between the electrodes, as a result, longer
molecular plateaus are observed. These plateaus also extend to higher conductance values
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when compared to the ones measured during the opening of the junction. When the gap
becomes small enough, direct tunneling between the electrodes can exceed the current
flowing through the molecule [124]. In the measured closing traces, this behavior is
reflected by two regimes: in the first part of the trace, after the contact is reestablished
and a molecule is bound between the electrodes, the conductance changes slowly with the
displacement and a plateau is observed. In the second part, the tunneling leakage current
becomes dominant and a rapid exponential increase of the conductance is observed as
the electrodes are closed further. Accordingly, in the closing histogram, a peak indicates
the most probable conductance of the junction when the transport is determined by the
current flowing through the molecule, while the tunneling leakage current dominated
regime is reflected by constant counts above the conductance of the molecular peak.
Furthermore, the peak positions on the closing histograms are shifted towards higher
conductance values compared to the opening histograms. This can be attributed to the
strain acting on the junction during the opening process.
There are clear differences between the two datasets in the closing direction as well.
At low temperature, the conductance value of the main peak is below the conductance of
the HighG configuration, as measured during the opening of the junction. Furthermore,
the histogram shows a sharp peak around 1 G0 conductance, revealing that a single atom
contact can also be established upon closing the junction. This could be an indication, that
similar junction trajectories are realized during the opening and the subsequent closing of
the junction. In contrast, the closing histogram of the room temperature dataset displays
the main molecular peak at higher conductance values, above the peak that corresponds
to the HighG configuration on the opening histogram, and does not show a clear 1 G0
peak. This indicates, that the junction geometry largely differs upon the opening and
closing of the junction. We hypothesize, that after the rupture of the molecular contact,
the molecule flips to one electrode and lays on a surface, which flattens out due to the
thermal excitations of gold atoms. Upon closing such a junction, the molecule most likely
binds in a small angle (HighG configuration). When the junction is pushed even further,
electrodes with large areas are pushed together forming a metallic junction with multiple
atoms in the minimal cross-section.
Two-dimensional conductance histograms (Figure 5.12/C,D and E,F for the room and
low temperature datasets) confirm, that molecular plateaus extend to longer displacement
during the closing of the junction. Furthermore, these two-dimensional histograms reveal,
that at low temperature, a significant number of traces are measured without molecular
signatures. This isn’t evident from the one-dimensional conductance histogram, since
tunneling traces don’t produce peaks. However, when the traces are aligned at a conductance value just above the noise limit of the measurement, tunneling traces overlay
onto a single exponential curve, due to their well-defined displacement characteristics. In
the case of a conductance axis with a logarithmic scale, tunneling traces show up on the
two-dimensional histogram as a narrow, sloped line. Such features can be observed on
the two-dimensional histograms of the low temperature measurement (Figure 5.12/E,F),
indicating that tunneling traces are measured in both the opening and the closing direction. In contrast, the two-dimensional histogram of the room temperature measurement
does not show signs of significant number of tunneling traces in either direction, indicating
that almost all opening and closing conductance trace exhibits molecular plateaus (Figure
5.12/C,D).
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5.2.3

Correlation analysis

To investigate the relation between the different binding configurations, as well as the
structural memory effects of molecular junctions, we apply the correlation analysis technique. Figure 5.13/A displays the autocorrelation plot of the opening traces measured at
room temperature. In addition to the evident perfect correlation in the diagonal, multiple
correlated conductance regions are revealed. Here we focus on the relation between the
HighG and LowG molecular configurations, the corresponding conductance ranges are
indicated with dashed lines, a negative correlation is observed between these two regions.

Figure 5.13: Autocorrelation (A) and opening/closing cross-correlation (C) of the conductance traces measured at room temperature, with BP molecule. Conductance histogram of
the opening (B,D) and the closing (E) traces. Conductance regions of the molecular peaks
are indicated with dashed lines.

In general, anticorrelation can originate either from the existence or from the length
of the plateaus. An example of the first case would be two molecular configurations that
exclude each other: either one or the other plateau is observed but not both. While in the
latter case, both plateaus are observed and the length of the plateaus show a dependence.
For example, if the sum of the plateaus lengths is constant, then a longer plateau in one
conductance region would yield a shorter plateau in the other region, hence a negative
correlation is introduced.
In the case of BP, it was shown by Makk et al. [33], that the anticorrelation between the
HighG and LowG conductance regions originate from the relationship between the lengths
of the plateaus, observed in these regions. They proved this by analyzing conditional
histograms: a subset of the traces was selected, showing a relatively large count in the
HighG region of the single trace histogram. Similarly, another subset with a large count
in the LowG region was also selected. Then the histograms of these two subsets of traces
were analyzed. Although the magnitude of the peaks was different for the two subsets,
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both showed clearly observable peaks in the HighG and in the LowG conductance regions
as well, indicating that the two plateaus occur simultaneously.
The next question is whether there is any relationship between the junction trajectories
during the opening and the subsequent closing of the junction. Such structural memory
effects can be investigated with the opening/closing cross-correlation (Figure 5.13/B).
Again, we focus on the conductance regions of the molecular plateaus, as indicated by
dashed lines. In the case of the room temperature measurement, there is no significant
correlation between the conductance range of the molecular plateaus as observed in the
opening and in the closing traces. This supports the hypothesis, that after the rupture
of the junction, the electrode structure flattens and the attached molecule relaxes on
the surface. During such rearrangement, information about the contact geometry is lost,
yielding a closing trajectory independent from the previous opening.
Next, we turn to the low temperature measurement, the autocorrelation plot (Figure
5.14/A) shows that the conductance regions of the HighG and LowG peaks are positively
correlated. This is in contrast to the traces measured at room temperature, where the
length dependence between the HighG and LowG plateaus introduce a negative correlation, as we saw earlier. At first glance, it would appear from these results that the
relation between the length of these plateaus is different from the one observed in room
temperature measurements. However, this is not necessarily the case, as these results
can be explained by the reduced pick-up rate at low temperature. The correlation examines the deviations of the single trace histograms compared to the average histogram. In
the room temperature dataset, almost all of the traces are molecular, hence the average
count in the region of a molecular peak corresponds to the average length of the plateaus
in that region. Consequently, the negative correlation indicates that when a plateau in
the HighG region, is longer than average, the LowG plateau is likely to be shorter than
average, and vice versa. On the other hand, apart from the molecular traces, the low
temperature dataset contains a significant number of tunneling traces as well. Therefore
the average histogram count in the region of a molecular plateau is in between the value,
that corresponds to the average length of the molecular plateaus (relatively high count)
and the value corresponding to the average length of the tunneling traces which don’t
exhibit plateaus (relatively low count). In this case, the positive correlation indicates,
that both plateaus appear simultaneously: when a plateau is present in the HighG region
it is likely that one will also be observed in the LowG region. This result is in agreement
with the conclusions derived from the room temperature dataset through the analysis of
the conditional histograms. However, as a consequence of additional tunneling traces in
the low temperature dataset, the same result shows up directly in the autocorrelation.
To investigate the relation between the length of the plateaus observed in the HighG
and LowG conductance regions at low temperature, we need to filter out the tunneling
traces and calculate the autocorrelation using only the molecular traces. If BP molecule
behaves similarly in the two measurements, the autocorrelation of the molecular traces
should display a negative correlation between the HighG and LowG conductance regions,
as it was the case with the room temperature dataset.
Similarly to the above argument, since tunneling traces are present among both the
opening and the closing traces, the cross-correlation (Figure 5.14/B) is indicative of the
relation between the existence of molecular plateaus during the opening and subsequent
closing of the junction. The conductance regions of the molecular histogram peaks (shown
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using dashed lines) are positively correlated, indicating, that it is more likely for a molecule
to appear during the closing of the junction when a molecule was also present in the
junction during the previous opening period. Based on these results, we can conclude,
that after the rupture of the molecular junction, the molecule is capable of staying attached
to one electrode.

Figure 5.14: Autocorrelation (A) and opening/closing cross-correlation (C) of the conductance traces measured at low temperature, with BP molecule. Conductance histogram of
the opening (B,D) and the closing (E) traces. Conductance regions of the molecular peaks
are indicated with dashed lines.
For a more detailed analysis of the molecular junction trajectories, we need to filter
out the tunneling traces from the dataset. In Chapter 6, I describe the difficulties of this
task and introduce an unsupervised method that can be used to perform this filtering task
automatically. More importantly, I show that we can also use this method to recognize
different junction trajectories which will also provide us with an explanation about the
different ratios of the HighG and LowG peak amplitudes on the conductance histograms
of the low temperature and room temperature measurements.

5.3

Conclusions

I demonstrated that temporal histograms and shifted correlation plots can be utilized
for visualizing and characterizing spontaneous or triggered temporal variations in break
junction data, like the waving of conductance plateaus, the appearance of repeating traces
as the contact is trained, or the emergence of molecular plateaus after molecular dosing.
I have shown, that any feature in the shifted correlation plot indicates statistically dependent conductance traces. The decay of these features, as the function of the shift
number (s), characterizes the length of the temporal correlations. Using these techniques,
I demonstrated that when atomic-sized gold contacts are ruptured at room temperature,
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the surface diffusion induced flattening of the electrodes helps to produce statistically independent conductance traces, whereas at low temperatures the rigid contacts are likely
to show repeating traces and waving plateaus as long as the closing setpoint is not high
enough. Using the opening/closing correlation analysis technique, I demonstrated that
classical molecular dynamics calculations on breaking gold nanowires reproduce the structural memory effects observed in our experiments. Based on these simulations, we expect
that only a few atoms change their positions during the deterministic repeating conductance traces, observed in our experiments.
I analyzed gold–4,4’ bipyridine–gold junctions measured at room temperature and
at 4.2 K, using an MCBJ setup and an in-situ evaporation technique for the dosing
of the molecules. I investigated the evaporation process using temporal histograms. I
demonstrated, that at room temperature, almost all opening and closing conductance
traces exhibit molecular plateaus after the successful dosing of molecules. Using the
opening/closing cross-correlation, I showed that the junction trajectories, observed during
the opening and subsequent closing of the junction, are independent. This result implies
that after the rupture of the junction, the electrode structure flattens and the attached
molecule relaxes on the surface, preventing contact memory effects. In contrast, at low
temperature, a reduced pick-up rate is observed, and correlated regions on the opening
and closing histograms indicate that after the rupture of the molecular junction, the
molecule is capable of staying attached to one electrode. In the next chapter, after the
introduction of an unsupervised classification algorithm, I continue the analysis of the low
temperature measurement and show that the altered electrode structure is responsible for
the difference observed in the room and low temperature conductance histograms.
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Chapter 6
Unsupervised feature recognition in
single-molecule break junction data
Single-molecule break junction measurements deliver a huge number of conductance vs.
electrode separation traces. The target molecules may attach to the electrodes in different
binding geometries, thus the evolution and rupture of the single-molecule junction can
also follow distinct trajectories. The unraveling of the various typical trace classes is a
prerequisite to the proper physical interpretation of the data.
Traditionally, this is achieved using custom feature filtering methods, that rely on the
definition of various quantities, that are able to identify targeted motifs of the traces.
In order to properly classify each measured trace, appropriate thresholds need to be
determined for each feature. The design of these different features and the proper tuning
of the thresholds can be a difficult task, that requires physical intuition about the trace
classes, present in the dataset. Furthermore, care has to be taken to avoid introducing
selection bias, which could lead to wrong conclusions. Manual classification is not only
against objective data handling but in many cases, we also lack the a priori knowledge
for judgment. Therefore we seek computer algorithms to automatically find the relevant
trace classes in our data.
In recent years, machine learning methods were also applied for the analysis of break
junction measurements, to recognize relevant trace classes and provide an unbiased selection, without the need for proper intuition about the characteristics of the different
junction trajectories. These methods are discussed in Section 2.4.
In this chapter, I first compare different classification algorithms, using the task to filter
out conductance traces, lacking molecular signatures. This task is a good candidate for
this comparison, as it is quite straightforward for a human to perform this classification
by visual inspection for each trace, thus we can manually label all traces and use this
labeled dataset to evaluate the performance of the different classification algorithms.
I demonstrate, that an artificial neural network employing recurrent LSTM units can
be applied for this task. Such a network is capable of taking into account the temporal
evolution of the recorded conductance traces. The network is first trained on a limited
set of labeled conductance traces, then it is used for sorting the rest of the traces in the
dataset. Although this method worked well for assigning trace classes, there was still
room for improvement: (i) this solution required the adjustment of a large number of
network parameters, which means it is hard to generalize this method, (ii) the complexity
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of the network makes it hard to identify the important features that determine the class
label, (iii) a set of labeled conductance traces are required for training the network.
Then I show that similar classification results can be achieved utilizing a much simpler
architecture: a feed-forward network. This was a surprising result because the inputs
for this network are the one-dimensional single trace histograms, therefore this method
discards the displacement information. Although most of the methods, available in the
literature, are designed in a way to incorporate this information as well, it turns out, that
due to the monotonic nature of the conductance traces, one-dimensional conductance
histograms contain enough information for most classification tasks. The benefits of such
a simple network layout are two folds: (i) it provides a more robust solution, as the
classification performance does not depend heavily on the network parameters; (ii) the
simple layout enables us to investigate the decision making aspects of the network and
determine the key features that identify the trace classes.
Finally, I introduce an unsupervised method for this task, which eliminates the need
for a manually labeled training dataset by using principal component analysis to generate
labels automatically for a set of conductance traces.
Then I apply this combined method for various classification tasks. The findings,
delivered by this unsupervised method will also provide us with an explanation about the
differences we observed between 4,4’ bipyridine molecule when measured at room and at
low temperature, completing the findings of the previous chapter (Section 5.2).

6.1

Automatic selection of molecular traces

When investigating single molecules using the break junction method, the first data
analysis task is to extract those traces where a molecule is present in the junction. In
the case of room temperature measurements, after proper dosing of the target molecule,
almost all trace contains molecular signatures and this task can often simply be skipped.
However, we observed that when performing measurements at cryogenic temperature,
the pick up rate is reduced and a significant number of traces emerge without a molecule
present in the junction. Furthermore, due to the large mechanical stability of the contacts
at low temperature, the size of the initial gap can be quite small, thus tunnel junctions
with high conductance values (≈ 0.01 G0 ) can be observed. This makes the task to
separate the two trace classes difficult: a single criterion is not sufficient to properly filter
out the tunneling traces. In the following, I use the molecular/tunneling classification
problem on a dataset measured with 4,4’ bipyridine (BP) at 4.2 K temperature as an
example for comparing the performance of the different classification algorithms.
To enable a simple comparison between these methods, I manually assigned a label
to each measured trace (5500 in this dataset). I used 3 types of labels: tunneling (59%),
molecular (34%), ill-defined (7%). The latter label implies, that it is not clear whether
a molecule is present in the junction. This can occur for example if there is an issue
with the mechanical stability or if some contaminant is present at the junction. When
evaluating the performance of the different classification methods, I use only the traces
that have a well defined label (tunneling/molecular). However, for the statistical analysis
of the resulting trace classes (conductance histograms, etc.), I use all traces including the
ones labeled ill-defined.
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6.1.1

Feature filtering based on step length

The simplest classification method is to apply a single criterion to a custom defined
feature: a quantity calculated from the measured conductance vs. displacement traces.
Oftentimes the feature used is either the step length in a selected conductance region, or a
very similar quantity: the integral of the single trace histogram in the same conductance
region. Figure 6.1 demonstrates the difficulty in applying this simple method to the
dataset measured at low temperature. Figure 6.1/A. shows 2-2 examples for the measured
molecular (dark/light red) and tunneling (dark/light blue) conductance traces. After the
rupture of the metallic contact, tunneling traces show a drop, that corresponds to the
formation of the initial gap, followed by an exponential decay. When the initial gap is
small, the exponential decay starts at relatively high conductance values (see the dark
blue tunneling trace). Molecular traces exhibit clean plateaus with a small amount of
noise. However, as a result of the junction to junction variations, the one-dimensional
conductance histogram exhibits a wide peak (see Figure 6.1/B.).
Let us first consider a conductance region which includes the entire histogram peak:
Region I. as highlighted on Figure 6.1/A-B. Traces are aligned at the point where they
leave the lower limit of this conductance region. It is easy to see, that the dark red
molecular and the dark blue tunneling trace have very similar step lengths in this region,
therefore it is not possible to differentiate between these types of traces using this broad
conductance region. Figure 6.1/C. shows the step length distribution of the traces in
Region I. Using the manually assigned labels, we are able to plot the step length distribution for the traces labeled as tunneling (blue) and molecular (red) separately. These
distributions confirm, that indeed there is a significant overlap between the two classes,
thus it is not possible to properly separate molecular/tunneling traces by applying a single
criterion: a threshold on the step length.
As a second approach, let us now consider a narrower conductance region, focusing
around the maximum location of the peak, highlighted as Region II. on 6.1/A-B. In this
region, the dark red molecular trace has a larger step length compared to the dark blue
tunneling trace, which makes it possible to differentiate between the two. However, due
to the large junction to junction variations, the light red molecular trace does not have
any points in this region and therefore it is not possible to differentiate it from the light
blue tunneling trace. The step length distributions calculated in Region II. show that
again, there is a significant overlap between the two trace classes (Figure 6.1/D.).
Several metrics can be used to evaluate classification results, one basic metric is the
accuracy: the percentage of correctly classified traces.
Accuracy =

TP + TN
,
TP + TN + FP + FN

(6.1)

with the below abbreviations:
 TP - true positive, number of molecular traces assigned to the molecular class
 TN - true negative, number of tunneling traces assigned to the tunneling class
 FP - false positive, number of tunneling traces assigned to the molecular class
 FN - false negative, number of molecular traces assigned to the tunneling class.

96

Figure 6.1: (A) Conductance versus displacement traces measured at low temperature.
Molecular traces (dark/light red) exhibit plateaus while tunneling traces (dark/light blue)
show a drop and an exponential decay. (B) One-dimensional conductance histogram calculated using all traces. (C-D) Step length distribution measured in the corresponding
conductance regions (Region I and Region II) as highlighted on (A-B). Grey area plot
shows the step length distribution for all traces, and separately for traces manually labeled
as molecular (red) and tunneling (blue).

In our case, a molecular/tunneling trace is correctly classified if the step length is
larger/smaller than the threshold. Using the labeled dataset, we can calculate the resulting accuracy when a certain threshold is applied. Figure 6.2/A and F displays the
classification accuracy with respect to the applied threshold using conductance Region I.
and Region II. These plots can be used to determine the optimal value for the threshold.
Conductance histograms of the resulting trace classes are displayed on Figure 6.2/B-E
(Region I.) and G-H (Region II.), when using the threshold that maximizes the classification accuracy.
Although misclassified traces are clearly visible on the 2D histograms (see the encircled
regions), in the case of Region II, the calculated accuracy is quite high, around 91%. In
order to capture the problem, let us use another metric, called sensitivity (also known as
recall). Sensitivity is the percentage of correctly classified molecular traces:
Sensitivity =

TP
.
TP + FN

(6.2)

Similarly, it would be possible to calculate the sensitivity for the tunneling traces, but
since we are more interested in the molecular traces and want to further analyse them, let
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us just use the sensitivity calculated for the molecular class. Trivially, 100% sensitivity
is achieved when all traces are classified as molecular but this does not provide useful
results. The goal is to achieve a classification with both high accuracy and sensitivity
to the molecular class. When two classification methods provide similar accuracy, we
prefer the one with higher sensitivity to the molecular traces. This metric now illustrates
the drawback of the classification method based on the step length measured in Region
II: although the accuracy is 91%, sensitivity is only 80% (orange line on Figure 6.2/F),
which means that 20% of the measured molecular traces are assigned to the tunneling
class. What makes the classification results even worse, that it is not random 20% of the
molecular traces that is left out, but all the traces that have a step length smaller than
0.08 nm. This selection bias could lead to problems upon further analysing the traces
classified as molecular.

Figure 6.2: Accuracy and sensitivity of the classification with respect to the threshold
applied on the step length measured in Region I. (A) and Region II. (F). Conductance
histograms of the resulting trace classes, when using the threshold corresponding to the
maximum accuracy: 0.28 nm in Region I. (B-E) and 0.08 nm in Region II. (G-H). The
encircled regions indicate falsely classified tunneling (B) and molecular (I) traces on the
two-dimensional conductance histograms.

It is important to note, that we can only determine the optimal threshold value be98

cause the entire data set is manually labeled. Without these labels, it can prove to be
challenging to determine optimal threshold values. Therefore the actual performance of
this classification method, based on the measured step length, could be significantly worse.

6.1.2

Feature filtering based on linear regression

Now let us turn to more sophisticated features for the classification of molecular/tunneling
traces. Instead of using the step length in a selected conductance region, we can design
custom features that can properly differentiate between the two trace classes.
Figure 6.3/A-B displays two tunneling traces, with a line fitted on the logarithm of
the measured conductance. The part that falls into conductance Region I is used for
the fit (highlighted region). The exponentially decaying tunnel current has a well-defined
relation to the electrode separation, thus the slope of the fitted line is very similar in the
case of tunneling traces. In contrast, when a molecule is connected between the electrodes,
conductance changes less with distance, hence the slope of the fitted line is significantly
smaller (Figure 6.3/C). Therefore, the slope of the fitted line is the first feature, that we
use for the classification.

Figure 6.3: Conductance versus displacement traces showing exponential decay of the
tunneling current (A-B) and molecular plateaus (C-D). A line is fitted to the logarithm
of the measured conductance values in Region I (highlighted area). The range of the
displacement axis is set to 0.4 nm in each panel to enable easier comparison of the slope
of the fitted line.

As we saw earlier in Section 5.2, BP molecule has two distinct binding configurations.
Accordingly, conductance traces can exhibit multiple plateaus (Figure 6.3/D). When fitting a single line to a molecular trace with two steps, the slope of the fitted line can be
comparable to the slope of the exponentially decaying tunnel current. This means that
using only the slope of the fitted line, it is not possible to differentiate between such a
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two-step molecular trace and a tunneling trace. However, considering the error of the fit,
there is a clear distinction between the two cases. Thus the second feature we use is the
mean squared error of the fit:

n

M SE =

2
1 X
Gi − Ĝi ,
n i=1

(6.3)

where n is the number of points used in the fit, G the measured conductance values and
Ĝ the values of the fitted line.
There are conductance traces without any data points in Region I, therefore it is not
possible to calculate the above features for all of the measured traces. Since Region I
covers the range of the entire molecular peak, we can automatically assign any trace with
less than 10 data points in this region, to the tunneling class.
The next step is to determine proper threshold values for the calculated features.
When setting a threshold, it can be useful to plot the distribution of the features for
the entire dataset. Figure 6.4/A-C displays the distributions of the slope and the mean
squared error of the fitted line separately and against each other. We can refer to this
as the feature space, where each data point represents a conductance trace. It is easy
to see, that these data points are gathered around two centers. Our task is to draw a
border that separates the data points into two groups. This can be performed either
manually by deciding the exact position of the border based on visual examination of a
few conductance traces that fall in the region between the two centers, or automatically
by utilizing a clustering algorithm, such as K-means, described in Section 2.4.3.
In the case of two centers, this algorithm provides a line, separating the two classes.
The resulting clusters are plotted with different background color (blue - tunneling, red molecular) on Figure 6.4/A. Figure 6.4/D-G displays the conductance histograms of the
resulting trace classes.
An important note about the application of the K-Means algorithm is that in order
for the algorithm to take into account each feature with the same significance, the relative
magnitudes of the data in each dimension should be the same. To this end, I scaled the
values of the slope and the logarithm of the mean squared error to the range [0, 1].
This classification achieved 95 % accuracy with 94 % sensitivity to the molecular
traces. Although these classification results are rather satisfying, there are two important
drawbacks of feature filtering algorithms: (i) they usually have many parameters that
have to be tuned correctly to get proper results, (ii) physical intuition is necessary to
define features that properly separate the relevant trace classes. In the following, we turn
to machine learning techniques to facilitate an easier classification method with fewer
parameters to tune and more importantly, without the need for human intuition or prior
knowledge about the dataset.
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Figure 6.4: (A) Feature space: the slope of the fitted line versus the logarithm of the mean
squared error of the fit. The side panels show the distribution of the features. The color
of the markers indicate the manually assigned label: blue - tunneling, red - molecular, and
grey - ill-defined. Background coloring shows the assigned trace class: blue - tunneling, red
- molecular traces. Conductance histograms of the molecular (B-C) and tunneling (D-E)
trace classes.

6.1.3

Classification using recurrent neural network

At the time, when I was working on a feature filtering algorithm to properly classify
molecular/tunneling traces measured at low temperature, Kasper Primdal Lauritzen utilized neural networks for the investigation of the breaking structure of gold nano-junctions
using simulated and experimental data. We suggested him to also apply this technique for
the molecular/tunneling classification problem. In this work, Kasper Primdal Lauritzen
performed the design and training of the neural networks, and we provided the experimental data and analyzed the resulting trace classes. His approach was to use a complex
neural network, with multiple layers and recurrent units, that is capable of analyzing the
measured conductance versus displacement traces with only minimal preprocessing of the
data. A recurrent network seemed like an optimal solution for this task, as it can handle
the sequence of the input data: the series of the measured conductance values.
In our measurements, the junction is elongated until a predefined conductance level
is reached. This network architecture also enabled us to use conductance traces with
different number of data points. There is no need for aligning the conductance traces, the
only necessary preprocessing is to cut off those data points that are below the noise level
of the measurement.
For training the network, we manually selected 320 traces (120 tunneling and 200
molecular) as a training set that is representative of the tunneling and molecular trace
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classes. Several networks, with different architectures, were trained and the results were
evaluated. The best performing network was one with 2 recurrent layers utilizing 8 LSTM
units, followed by feed-forward layers with 8 and 2 nodes, respectively (Figure 6.5/A).
Upon the classification of the entire data set, the trained network achieved 94 % accuracy and 93 % sensitivity to the molecular class. The resulting conductance histograms
are shown on Figure 6.5/B-E.
These results are comparable to the ones obtained using the feature filtering algorithm
based on linear regression. The benefit of using this method is that it does not require
the definition of custom features or the adjustment of threshold values. The network
parameters are optimized automatically during the training process. The parameters we
have to adjust, are the layout of the network and the details of the training. In this
regard, there is still room for improvement as we have tried several network architectures
for different tasks and found a great deviation in the performance of these networks,
depending on the details of the classification task.

Figure 6.5: (A) Schematic illustration of the recurrent neural network’s architecture, taken
from [4]. L represents a recurrent layer with 8 LSTM units. At each time t, the input xt is
fed to the first recurrent layer L, together with the output of L at t − 1. After the network
received all of the data points from the conductance trace, the output of L is used as
the input to the feed-forward layers (D) using SoftMax activation function. Conductance
histograms of the traces classified as molecular (B-C) and as tunneling (D-E).

This suggests, that the network architecture that performed best during the classification of tunneling and molecular traces does not necessarily provide satisfying results
when applied for other tasks, such as the recognition of different junction trajectories.
Furthermore, when analyzing break junction data, our goal is not simply to classify
the measured conductance traces but also to determine the key features, that identify
the resulting trace classes. This could help us in understanding the underlying physical
processes. However, the complexity of the recurrent neural network (large number of
102

network parameters, recurrent layers) prevents us from getting insight into the decision
making. Such a recurrent neural network works similarly to a ”black box”, which assigns
a label to each trace, but does not tell us anything about the features that determine the
label for a given trace.

6.1.4

Classification using feed-forward neural network

As an improvement in this direction, we decided to use a much simpler network architecture: a feed-forward neural network with one hidden layer. Another simplification
is that instead of the measured conductance versus displacement data, now we use onedimensional single trace histograms as the inputs to the neural network. It is important
to note that this choice excludes some of the information: the temporal evolution of the
conductance traces. In principle, there could be examples, where this information is important to distinguish between trace classes. However, the measured conductance traces
usually evolve in a monotonic fashion, with the position of the conductance plateaus decreasing as the junction is elongated. In the case of such ”quasi” monotonic signals, the
one-dimensional histogram alone contains the information about the sequence of the observed plateaus. Therefore, in most cases, single trace histograms should contain all the
necessary information to recognize various trace classes within the data.
I was the co-supervisor of Nóra Balogh during her TDK work [125]. We were working
together on optimizing the parameters for the neural network and the training, and also
on examining the weights of the trained network to identify the important features that
the network uses for classifying the measured conductance traces.
We used the same network architecture as the one displayed on Figure 2.17. The
inputs to the network are single trace histograms with 100 bins, using the conductance
range from 10−6 to 10 G0 conductance, cutting off the data above the noise floor of the
measurement. These histograms are fed to the input layer, which contains 100 input
neurons (M ). There is no generally applicable rule for the optimal number of neurons
on the hidden layer (H), we used H/M = 1.5 ratio but a broader region around this
value produces similar results. Each neuron on the hidden layer sums up the incoming
data using the weights of the connections, adds a value called bias, and then applies a
sigmoid activation function which produces an output value between 0 and 1. This value
is then passed to a single neuron on the output layer, which calculates its output the
same way: summing up the weighted incoming values, adding the bias, and applying the
sigmoid activation function. When the output of the network is less than 0.5, the trace
is classified as tunneling otherwise, it is classified as molecular.
We used the same 320 manually selected traces for training the network as before,
conductance histograms of the resulting trace classes are shown on Figure 6.6/A-D. The
feed-forward neural network achieved 95% accuracy and 91% sensitivity. Furthermore, no
significant amount of misclassified traces are visible on the two-dimensional conductance
histograms. These results are comparable to those obtained using the more complex
recurrent neural network. Moreover, there are several advantages of using this simple
feed-forward network architecture:
1. It is a robust solution: there are fewer parameters to adjust and the classification
results do not depend heavily on the exact choice of these parameters (the number
of histogram bins, neurons on the hidden layer, etc.)
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2. As we will see later, neural networks with the same feed-forward architecture can
be applied to tasks, other than classifying tunneling and molecular traces.
3. The simple architecture of the feed-forward neural network enables us to get insight
into the decision-making process, which can help us understand the underlying
physical processes.
In order to understand the key features that the network uses to identify a tunneling
or a molecular trace, we can analyze the weights that connect the neurons of the trained
network. One important question is, which part of the input data (e.g. what conductance
regions) are relevant when deciding about the trace class? As the simplest measure, we
can calculate the summed weight products (SWP) for all the routes between a certain
input and the output:
H
X
(1)
(2)
SWPi =
Wi,j · Wj .
(6.4)
j=1

A certain input holds useful information if the absolute value of the SWP is large for
that input. In this specific case, if the SWP is a large positive number for a certain
input, that is a certain histogram bin, then a large number of counts in that bin shifts
the neural network towards labeling the trace as molecular. On the other hand, in case
of a large negative value of the SWP for a certain input, a large number of counts in
the corresponding bin shifts the decision towards the tunneling label. If the SWP is
around zero, the histogram bin does not contain relevant information about the trace
class. Figure 6.6/E. shows the SWP plot for the trained network, this highlights that
two conductance regions are used, with different signs. Based on this, we conclude, that
the network checks a combined criteria when deciding about the trace class. In order for
a trace to be classified as molecular, it is not enough to have a large number of counts
in the conductance region of the molecular plateau, the trace should also exhibit a small
number of points in the region below this.

Figure 6.6: Conductance histograms of the traces classified as molecular (A-B) and as
tunneling (C-D) using the feed-forward neural network. (E) SWP plot of the trained
network.
It is important to note, that a large value of the SWP for a certain input, alone does
not necessarily mean, that the information is relevant. Take the following example: in
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our specific case, there are very low histogram counts in the region between 0.01 and
0.1 G0 . In case there would be a single trace in the training set, that has a large number
of points in this conductance region, the network could use high weights on the histogram
bins in this region to correctly classify this single trace. There would be no ”penalty”
for assigning large weight values for these bins since all the other traces have a small
count in this region, thus the weights on this input do not affect the predicted label
for the other traces. The resulting SWP plot would have a high absolute value for this
region even though the information from these bins is irrelevant for all except one trace.
Therefore, the SWP plot and the average conductance histogram together should be used
for determining the relevant conductance regions.
We investigated the effect of varying the number of bins for the single trace histograms.
Figure 6.7. shows the accuracy and sensitivity of the classification when the number of
bins is reduced from 100 to 2. The accuracy slightly increases until around 10 bins,
then it starts falling. However, once we know the important conductance regions for the
classification from the SWP plot, we can define custom bins that focus on these regions.
The red cross on Figure 6.7. shows that when using only two inputs: two custom bins
based on the regions determined from the SWP plot, the classification accuracy increases
to around 93 %. This result is similar to that of the previously used network with 100
input bins.

Figure 6.7: Accuracy and sensitivity of the classification when changing the number of
bins of the input histograms from 100 to 1. Red and green X marks the accuracy and
sensitivity when using two custom-sized bins determined based on the SWP plot.

There are a couple of adjustments that could be applied to improve the performance
of the network:
1. Normalization of the input data: input data is normalized based on the training
dataset. For each input, separately, the mean value is subtracted and the data is
scaled to have unit variance. This can help the training to converge faster.
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2. Using two neurons on the output layer: in this case, the proper output is [0, 1] for a
tunneling and [1, 0] for a molecular trace. This could make it easier for the network
to learn the features that identify the different trace classes.

3. Label smoothing: instead of 0 and 1, 0.1 and 0.9 are used for labeling the training
dataset. This can help the network to correct for bad labels in the training dataset.

4. Regularization: this sets a penalty for large weight values. During the training, the
network parameters are adjusted to minimize the loss function. When regularization
is used, a second term is added to the loss function which gives a contribution
depending on the magnitude of the weight values. This can help avoid overfitting
the training data.

I investigated the effects of these adjustments and found, that in this specific case,
they do not improve the classification results significantly. We decided to use the simplest
method that provides satisfactory results, since our goal is not to achieve the best possible
accuracy but to have a general solution, which can be applied to multiple tasks, without
many parameters that are sensitive to tuning.
For the implementiation of the neural networks, we used the TensorFlow machine
learning platform [126].

6.1.5

Classification using principal component analysis

Next, we wanted to eliminate the need for the manually labeled training set. To this
end, we applied the principal component analysis method (PCA), introduced by Hamill
et al. [47] (this method is described in Section 2.4.2).
Similarly to the feed-forward neural network, this method also uses the one-dimensional
single trace histograms for the classification of the measured conductance traces. The first
step is to calculate the correlation matrix (Figure 6.8/B) and its eigenvectors, also known
as the principal components. These principal components determine the directions with
the largest variance in the histogram bins space.
Figure 6.8/C shows the relative magnitude of the 20 largest eigenvalues in descending
order (the relative magnitude is calculated using Equation 2.14). These indicate the
amount of variance, captured by the corresponding principal components. This plot
shows that the first 3 principal components combined, describe around ≈ 30 % of the
variance in the dataset, while the contribution from the rest of the principal components
is less than 5 % each. This demonstrates another application for PCA: dimensionality
reduction. Instead of using the histogram bins space with 100 dimensions, we could
use only 3 dimensions to represent the dataset. This reduced representation would still
capture 30 % of the variance in the original dataset.
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Figure 6.8: Temporal histogram (A) and correlation matrix (B) of the measured traces.
First 20 eigenvalues in decreasing order (C) and the principal components corresponding
to the 5 largest eigenvalues (D). Each principal component classifies the measured traces
according to different criteria. In this specific case, PC1 separates traces with short/long
step length in the conductance range between approximately 10−6 G0 and 10−1 G0 . As it
is shown later, PC2 performs the tunneling/molecular classification.

According to the classification protocol, introduced in [47], the next step is to project
the single trace histograms onto a selected principal component, then separate the traces
into two groups based on the sign of the projection. Each principal component sorts
the data based on different criteria, we have to identify the principal component that
performs the classification of interest (tunneling/molecular traces in our case). If we
are indeed searching for relevant trace classes, then the appropriate principal component
should be among the first few with the largest eigenvalues. Figure 6.9/A displays the onedimensional conductance histogram, calculated using all measured traces and the second
principal component (PC2) side by side. PC2 has large positive values in the conductance
region of the molecular peak and large negative values below this region. This suggests,
that PC2 performs the classification of tunneling/molecular traces.
Figure 6.9/C-F. shows the conductance histograms of the resulting trace classes, when
the principal component projections distribution is cut at 0. Although classification accuracy is 90 %, a significant number of tunneling traces are included among the traces
classified as molecular (see the encircled region on Figure 6.9/C). The reason for this
becomes clear, upon investigating the distribution of the PC2 projections (Figure 6.9/B).
Using the manually assigned labels, the distributions are also plotted separately for the
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molecular (red) and tunneling (blue) traces. It is clearly visible from this plot, that 0 is
not the proper threshold to separate molecular and tunneling traces. Tunneling traces
are still highly dominant at the 0 line: 76 % of the traces with 0 projection to PC2 are labeled as tunneling. This is well above the overall 59 % ratio of the tunneling traces in the
dataset. Due to this improper threshold, 11 % of the tunneling traces are misclassified.

Figure 6.9: (A) Conductance histogram (left) and second principal component (right).
Regions with large positive/negative values of the principal component are highlighted with
red/blue background. (B) Distribution of the single trace histograms projected to PC2.
The distributions are plotted separately with red/blue for the traces manually labeled as
molecular/tunneling. Traces are assigned to groups based on the sign of the projection
to PC2. Conductance histograms of the resulting trace classes: molecular traces (C-D)
and tunneling traces (E-F). A significant number of tunneling traces appear on the 2D
conductance histogram of the molecular class (see the encircled region).

As an alternative choice, the maximum location of the PC projections distribution
could be used as a threshold. However, this would assign even more tunneling traces
to the molecular class and further reduce classification accuracy. Without the manually
labeled data set, it is not possible to determine a better threshold than 0.
We investigated this in detail by examining different classification tasks, and concluded, that splitting the PC projections at 0 does not provide satisfactory classification
results, in general.
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6.1.6

Classification using a neural network combined with principal component analysis

As we saw earlier, principal component analysis, as introduced in [47], does not provide satisfactory classification results, when used for the task to separate tunneling and
molecular traces. On the other hand, it is clear from Figure 6.9/B, that the two sides of
the PC projections distribution contain solely molecular or tunneling traces. Our idea is
to exploit the ability of neural networks to identify the relevant features in a training set,
which contains only the traces with extreme PC projections. Then the trained network
could be used for the classification of the entire data set.
To this end, we selected 20 % of the traces with the smallest and 20 % with the
largest projection to PC2 (light blue and light red area on Figure 6.10/E). These traces
are used for training the same feed-forward neural network as before, using the singletrace histograms with 100 bins as input, employing 150 neurons on the hidden layer, and
a single neuron on the output layer. Then we use the trained network to classify all traces,
including the remaining 60 %.

Figure 6.10: Conductance histograms of the traces classified as molecular (A-B) and tunneling (C-D). (E) distribution of the single trace histograms projected onto PC2. All traces
(black), traces classified by the network as molecular (red), tunneling (blue). Traces used
for training the network

When comparing the classification results, with those of the neural network trained
on a set of manually labeled conductance traces, we find that the accuracy did not change
much (93% vs. 95% in the case of the latter), while the sensitivity to the molecular traces
shows a slight decrease (86% vs. 91%). Since we used the same network architecture and
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the same protocol for the training, the difference can be attributed to the different training
data sets. Although training on manually labeled traces provided better classification
results, using the extreme PC projections as training data possesses the advantages of
unsupervised classification methods. Despite slightly worse classification results, this
method also provides satisfactory results, as the conductance histograms of the traces
classified as molecular (Figure 6.10/A-B) and as tunneling (Figure 6.10/C-D) does not
show signs of misclassified traces. These results confirm that indeed, traces with extreme
PC projections are representative enough so that the neural network is able to learn
the identifying characteristics of tunneling and molecular traces. The SWP plot (Figure
6.10/F) shows, that this network works similarly to the one trained on manually labeled
traces: it checks a combined criteria with two important conductance regions: the region
of the molecular peak and another region below this.
The shape of the SWP plot looks very similar to PC2 and the distribution of the PC
projections (Figure 6.10/E) displays a sharp transition between tunneling and molecular
class labels. These suggest, that the trained neural network performs a calculation that
is similar to PC projection. In this case, the benefit of using a neural network is, that
during the training, the network automatically determines the proper threshold for the
PC projections, which separates tunneling and molecular traces with high accuracy.

Figure 6.11: Conductance histograms of the traces classified as molecular (A-B) and as
tunneling (C-D) traces by the neural network, trained using automatically labeled traces
based on the step length. (E) Step length measured in the conductance region of the entire
molecular histogram peak (from 2 · 10−5 to 8 · 10−3 G0 conductance). All traces (black),
traces classified as molecular (red) and as tunneling (blue) trace. (F) SWP plot of the
trained network.
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It is important to note, that this method has some limitations. In order to properly
train the network, the training set has to be representative of the trace classes. Depending
on the quantity used for the automatic labeling (PC2 projections) or the amount of traces
used for the training (20 % from both sides of the distribution), this requirement might
not be fulfilled. I demonstrate this with the following example. Let us consider the
step length, measured in the conductance range of the entire molecular histogram peak,
and use 20 % of the traces with the shortest and 20 % with the longest step length.
Although the training data was labeled correctly using this feature, it is clear from the
conductance histograms (Figure 6.11/A-D), that the tunneling/molecular classification
fails. In one class, there are only tunneling traces while in the other both tunneling and
molecular traces can be found. This problem is caused not by falsely labeled traces in the
training set, but because of the type of traces the training set contains. More specifically,
the training set does not contain any tunneling trace with a long exponentially decaying
segment, hence the network is not able to learn the features that would differentiate an
exponentially decaying tunneling trace from a molecular trace exhibiting a plateau.

6.2

Unsupervised recognition of distinct junction trajectories

After the proper classification of molecular and tunneling traces, we can continue with
the analysis of the low temperature dataset, measured with BP molecule (Section 5.2).
Figure 6.12/A displays the one-dimensional conductance histogram of the opening
traces, classified as molecular (red) and tunneling (blue), using the combined classification
method introduced in Section 6.1.6 (Figure 6.10). Outside the conductance range of
the molecular plateau, the opening histograms are almost identical. In contrast, the
histograms of the corresponding closing traces show a clear difference in the magnitude of
the 1 G0 peak as well (Figure 6.12/B). This suggests, that the structure of the reformed
metallic junction depends on whether a molecule was present in the junction or not.
Furthermore, two-dimensional conductance histograms reveal that when a molecule is
observed during the opening of the junction (Figure 6.12/D,E), the molecule can either
stay at the electrode or flip out. In the former case, a molecular plateau is observed, while
in the latter, the measured conductance increases exponentially as the gap between the
electrodes is decreased. In contrast, the two-dimensional histogram of the tunneling traces
clearly indicates, that when molecules are absent during the opening of the junction, no
molecular signatures can be observed during the closing either (Figure 6.12/F,G). This
suggests, that molecules can only get into the junction from the surface of the metallic
wire, prior to its rupture and the formation of the electrodes. Therefore, three types of
opening/closing cycles are observed in our measurement, as it is represented by example
traces, on Figure 6.12/C.
Next, we use the correlation analysis technique to investigate the molecular traces in
more detail. Figure 6.13/A shows the autocorrelation for the traces that exhibit molecular
plateaus during the opening of the junction. This reveals, that the conductance regions
of the HighG and LowG peaks are anti-correlated. Since all opening traces, used in the
analysis, contain molecular plateaus, the negative correlation indicates a dependence between the length of the plateaus observed in the HighG and LowG regions. A longer than
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average plateau in the HighG region yields a shorter than average plateau in the LowG
region and vice versa. This is the same relation that was observed in room temperature
measurements [33]. This suggests, that the binding configurations for BP molecule are
similar in both room and low temperature measurements. However, if this is the case,
how can we explain the large difference between the conductance histograms (Figure 5.12)
of the room and low temperature measurements?

Figure 6.12: Opening (A) and closing (B) one-dimensional conductance histograms of the
traces classified as molecular (red) and as tunneling (blue). (C) Example traces representing the three types of opening/closing cycles observed during the measurement: molecules
are absent during both the opening and closing (67%), the opening trace exhibits a molecular plateau while only tunneling current is measured during the closing (18%), and molecular signatures are observed in both directions (15%). Two-dimensional conductance histograms of the molecular (D,E) and tunneling (F,G) traces in the opening and closing
directions. Traces are aligned below the molecular plateau, at 10−5 G0 conductance.

The opening/closing cross-correlation (Figure 6.13/C) raises another question. It reveals positive correlations between the regions of the molecular peaks, as measured during
the opening and the closing. Does this imply a relationship between the junction trajectories observed during the opening and the subsequent closing of the junction? To enable
the examination of such structural memory effects, we first need to filter out those traces,
where the molecule flips out of the junction, to concentrate on those where a molecule is
observed during both the opening and the closing.
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Figure 6.13: (A) Autocorrelation of the traces classified as molecular. Conductance regions of the HighG and LowG peaks are anti-correlated, characteristic to BP molecule.
(C) Opening/closing cross-correlation of molecular traces. Conductance regions of the
histogram peaks are indicated with dashed lines.

To investigate the first question, we use the combined neural network and principal
component analysis method to identify different junction trajectories, among the traces
that were previously classified as molecular. We repeat the same steps as before and
calculate the principal components for this restricted dataset, using the autocorrelation
displayed on Figure 6.13/A. In this case, we don’t have any intuition about the features
of the different trace classes present in our data set, and simply select the principal
component that corresponds to the largest eigenvalue (PC1, black line on Figure 6.14/A).
We project the single trace histograms to PC1 and select 20 % of the traces with the
lowest, and 20 % with the highest PC projection (red and blue area on Figure 6.14/B).
Then we use these traces for training the feed-forward neural network. Conductance
histograms of the resulting trace classes are displayed on Figure 6.14/C-F, the light blue
and light red regions indicate the conductance range corresponding to the HighG and
LowG configurations of BP molecule respectively. There is a clear difference between
the trace classes revealed by the analysis: two-dimensional conductance histograms show,
that after the rupture of the metallic contact, molecular plateaus can either start in
the LowG region or in the HighG region. This observation is also confirmed by the
initial configuration histograms of the trace classes (Figure 6.14/G). These histograms
are constructed using only the data points within the first 0.1 nm displacement after
the rupture of the gold nanowire. According to this distinction, in the following, we
refer to these traces as LowG Start and HighG Start traces. We fit the one-dimensional
conductance histogram of both trace classes with double Gaussians (see black lines in
Figure 6.14/D and F). The histogram of the LowG Start traces is clearly dominated by
a single Gaussian, positioned in the LowG region. On the other hand, both Gaussians
provide a major contribution to the conductance histogram of the HighG Start traces.
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The HighG Start traces resemble the ones measured at room temperature, with double
molecular plateaus corresponding to the HighG and LowG configurations of BP molecule.
In contrast, LowG Start traces represent a trace class, where BP molecule only attaches
to the electrodes through the LowG configuration. These traces are not common in room
temperature data.

Figure 6.14: (A) PC1 and SWP plot of the trained network. (B) PC1 projections distribution. The neural network was trained using the two sides of the distribution (light
red/blue area). Conductance histograms of the identified trace classes: (C-D) LowG Start,
(E-F) HighG Start traces. (G) Initial configuration histograms of the HighG Start and
LowG Start traces. (H) Step length distribution of the 1 G0 plateau calculated using all
molecular traces (black line) and also separately using only the LowG Start (red line) and
HighG Start (blue line) traces.

Upon examining the SWP plot (area plot on Figure 6.14/A), it draws our attention
towards an interesting feature: it has large negative values around 1 G0 conductance.
This indicates, that the network is more likely to assign the LowG Start label, when a
metallic contact, with a single atom in the narrowest cross-section, is sustained during a
long displacement. This implies, that there is a precursor that can determine the binding
configuration of BP molecule even before the rupture of the metallic contact. To test
this consideration, we plot the step length distribution of the 1 G0 plateau (black line on
Figure 6.14/H), the emerging double peak is a clear indicator of atomic chain formation
[31]. After decomposing the step length distribution according to the two trace classes,
it becomes clear that there is indeed a difference: the second peak on the step length
distribution is suppressed for the HighG Start traces. This indicates that these traces
dominantly appear when the single-atom gold contact breaks without chain formation.
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In contrast, for the LowG Start traces, the first peak of the step length distribution is
suppressed, and the second peak is enhanced. This means, that it is more likely for BP
molecule to bind in the LowG configuration when an atomic chain was already pulled
before the rupture of the gold wire. In this case, the chain atoms relax back to the
electrodes, opening a significantly larger initial gap between the apexes when compared to
the case without chain formation. This finding is consistent with the characteristics of the
binding geometries of BP molecule. In the HighG molecular configuration, the aromatic
ring also binds to the side of the electrodes, which requires a smaller electrode separation
compared to the LowG configuration, when the molecule is stretched between the apexes
of the electrodes. Due to the enhanced mechanical stability at cryogenic temperatures,
a sufficiently large portion of the traces exhibit atomic chain formation, which explains
the clear dominance of the LowG molecular peak in the low temperature conductance
histograms, as opposed to the dominance of the HighG peak at room temperature.
This analysis demonstrates that the combined classification algorithm automatically
identified the two relevant trace classes of LowG Start and HighG Start traces. Furthermore, the SWP plot of the trained network revealed that at cryogenic temperature,
atomic chain formation dictates the binding configuration of BP molecule.
Besides highlighting the importance of the 1 G0 region, the SWP plot clearly defines four distinct conductance regions that significantly contribute to the network’s decision. These regions (R1–R4) are indicated on Figure 6.14/A, the regions highlighted
with blue/red area push the decision towards HighG Start/LowG Start label, respectively. Similarly to the customized bins, used in our previous analysis (Figure 6.7), here
we can also reduce the input dimension of the original network with 100 input bins by
using regions R1–R4 as four customized bins. This simplified network with four inputs
reproduces the classification of the original network with 87.5 % accuracy. One can also
use the R1, R2, R3, or R4 regions as a single input bin of the network. In this case, the
original network’s classification is reproduced with 74.9 %, 81.5 %, 65.4 %, and 61.7 %
accuracy, respectively. This shows that R2 is the most important region, while the 1 G0
region (R1) is a rather good precursor of the molecular trace classes, whereas regions R3
and R4 are less significant.
Finally, we investigate the structural memory effects of gold-BP-gold junctions by
analyzing the traces where BP molecule stays in the junction during the entire opening/closing cycle. To select these traces, we apply the combined classification algorithm
on the conductance traces recorded during the closing of the junction. The autocorrelation of the closing traces is displayed on Figure 6.15/A, we use PC1 (black line on Figure
6.15/B) for generating a training set with 20 % of the traces from both sides of the PC
projections distribution. Histograms of the resulting trace classes are displayed on Figure
6.15/C-H. The one-dimensional conductance histograms of the opening traces are almost
identical for the two classes. This implies, that there is no precursor during the opening
that would indicate whether the molecule will flip out or stay in the junction.
On the other hand, the closing histograms significantly differ even in the conductance
range that corresponds to the metallic contact. The SWP plot of the trained network also
captures this difference, as it shows significant values at 1 G0 conductance and above (red
and blue area plot on Figure 6.15/B). The closing traces exhibiting molecular plateaus
still show a distinct 1 G0 peak on the histogram, but the magnitude is much smaller
compared to those where the molecule flips out of the junction. This suggests, that a
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single atom contact can be established upon closing the junction, even with a molecule in
between the electrodes, but the presence of the molecule has an impact on the structure of
the reformed metallic contact. This finding and the observation, that molecular plateaus
extend to longer distances upon closing the junction (Figure 6.15/E,F) suggest, that as
the electrodes approach, the molecule wedges between the apexes. Further compression
of the junction leads to the distortion of the electrodes structure.

Figure 6.15: Classification of molecular traces based on the closing of the junction, using the combined classification method. (A) Autocorrelation of the closing traces. (B)
PC1 (black line) and the SWP plot of the trained neural network (red/blue area). Onedimensional opening (C) and closing (D) conductance histograms for the traces exhibiting
molecular (red line) and tunneling (blue line) signatures during the closing of the junction.
Two-dimensional conductance histograms of the traces classified as molecular (E,F) and
tunneling (G,H) based on the closing trace.

Next, we investigate the relation between molecular plateaus, that appear during the
opening and subsequent closing of the junction. First, we compare the two-dimensional
conductance histograms of the opening and closing traces. We can extract the most
probable conductance at each displacement point, by fitting a Gaussian to each column
of the two-dimensional histogram and plotting the peak location with respect to the
displacement. This curve is often referred to as the average conductance trace. Figure
6.16/A shows the average conductance trace during the opening (black solid line) and the
closing (black dashed line) of the junction. Two-dimensional histograms of the opening
(blue) and closing (red) traces are interlined on the same plot. To compare the end of the
molecular plateau before the rupture with the start of the plateau after the reformation
of the contact, traces are aligned below the molecular plateau, at 10−5 G0 conductance.
This plot shows, that the average conductance trace has a similar curvature in the region
of the molecular plateau for both directions.
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Figure 6.16: (A) Interlined two-dimensional histograms of the opening (blue) and closing (red) traces, that exhibit molecular plateaus in both directions. Traces are aligned at
1E − 5 G0 . Average conductance trace during the opening (solid black line) and closing (dashed black line) of the junction. (B) opening/closing cross-correlation, showing
positive correlation between the conductance regions that correspond to the same binding
configuration on the opening and closing traces.

We also analyze the opening/closing cross-correlation of the traces that exhibit molecular signatures during both the opening and the closing of the junction (Figure 6.16/B).
The position of the peaks are slightly different on the one-dimensional conductance histograms for the opening (Figure 6.16/C) and the closing (Figure 6.16/D) traces. However,
in both directions, the dominant peak corresponds to the LowG binding configuration of
BP molecule, while the second peak, belonging to the HighG configuration, shows up
as a shoulder on the side of the main peak. The cross-correlation plot shows a positive
correlation between the conductance regions that correspond to the same binding configuration on the opening and closing traces. That is, the LowG/HighG region on the
opening traces correlate with the LowG/HighG region on the closing traces. Since all
traces, used in this analysis, exhibit molecular plateaus in both directions, the positive
correlation indicates, that the length of these plateaus is correlated. Therefore a longer
than average plateau in the LowG/HighG region on an opening trace makes it likely that
a longer than average plateau will also be observed in the LowG/HighG region during the
closing of the junction. As we saw earlier, the length of the HighG and LowG plateaus,
observed during the opening, show an anticorrelation (Figure 6.13/A). Since the length of
the plateaus in the two directions is correlated, this negative correlation is also inherited
to the opening/closing cross-correlation.
We conclude, that the similarities and the correlations of the opening and closing
junction trajectories imply, that after the rupture of the molecular junction, it is likely
that the molecule stays protruding from one electrode, thus the same molecular junction
is reestablished when the electrodes are closed again. This behavior provides enhanced
stability against environmental perturbations, as the particular single-molecule junction is
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not irreversibly lost upon a temporary disconnection of the junction. This enables a more
detailed study of the noise and the current-voltage characteristics of molecular junctions,
which requires a junction kept steady during the prolonged time of these measurements.

6.3

Unsupervised feature recognition using auxiliary
force measurements

In the previous examples, for the applications of the combined classification method,
we used the extreme values of the principal component projections for generating a training set. In the following we demonstrate, that additional measured quantities, like rupture
force data, can also be used to identify trace classes according to the distinct values of
these auxiliary measured quantities. Such selected traces can be used as training sets for
the feed-forward neural network. This training might empower the network to recognize
the typical motifs of the classes, solely in the conductance data, such that the auxiliary
quantity is only required for the training, but not for the inference. To demonstrate this
scheme, we use room temperature AFM-BJ measurements with BP molecule, extended
by force data. These measurements were performed in Prof. Latha Venkataraman’s laboratory, by Sriharsha V. Aradhya [21].
The measured force signal follows a sawtooth-like pattern: the force linearly increases
while elastically stretching the junction until the rearrangement of the junction geometry
occurs and a sudden drop is observed in the measured force signal. During the elongation
process, multiple consecutive load and rupture events take place (see Figure 6.17/A).
The force, required to rupture the molecular junction, corresponds to the drop in the
measured force signal when the junction breaks away completely. In order to extract this
information from each trace, we first use the conductance to locate the point of the final
rupture event by determining the displacement position, where the measured conductance
drops below the noise level. Then we measure the drop in the force signal at this position.
The exact algorithm is described in more detail in [21].
The black line on Figure 6.17/D shows the distribution of the rupture force values,
calculated for all traces. For the training dataset, we select traces with outstandingly
large/small rupture force. More specifically, we select traces for which the rupture force
is larger than 2.4 nN or less than 0.6 nN (light red/light blue regions on Figure 6.17/D).
This corresponds to the top/bottom 20 % of the entire force range of 0 − 3 nN. In this
special case, the top 20 % of the force range contains almost an order of magnitude less
traces than the bottom 20 %. It is not necessary for the training dataset to contain
the same number of traces from both classes, however, a great imbalance can make it
difficult to properly train the network. There are two easy solutions to this problem:
we can either randomly discard traces from the class having too many members (this
is called undersampling) or we could duplicate the traces in the class that has too few
members (oversampling). Here we select the latter option and duplicate the traces with
large rupture force to ensure a balanced training set. We use the single trace conductance
histograms of these traces, with 100 bins, for training the feed-forward network. Then the
trained network classifies all of the conductance traces. The conductance histograms of
the resulting trace classes reveal two distinct junction trajectories: traces breaking from
the HighG configuration (HighG rupture traces, Figure 6.17/F-G) and traces breaking
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from the LowG configuration (LowG rupture traces, Figure 6.17/H-I). The distribution
of the rupture force values (Figure 6.17/D) for HighG (red) and LowG (blue) traces clearly
indicate, that on average, a larger force is required to break away a molecular junction
from the HighG configuration, compared to breaking the molecule from the LowG binding
configuration. These findings are in full agreement with the conclusions of Aradhya et
al. [21], where this dataset was first analyzed. Again, we can state that the combined
classification method, using the simple feed-forward neural network, could automatically
identify the relevant trace classes in the dataset.

Figure 6.17: (A) Example conductance (black) and force (blue) versus displacement trace.
The rupture force is calculated by fitting a line to the final rupture event, and determining
the drop in the measured force signal. (B-C) Conductance histograms of the measured
traces (12000 in total). (D) Distribution of the measured rupture force: all traces (black),
HighG rupture (red) and LowG rupture (blue) traces. (E) SWP plot of the trained network.
Conductance histograms of HighG rupture (F-G) and LowG rupture (H-I) traces.

It is interesting to point out, that the rupture force distributions of the resulting trace
classes show significant overlap. This indicates, that it would not be possible to achieve
this classification by simply setting a threshold for the rupture force value. However,
the neural network, trained on the traces with extreme rupture force values, was able to
identify the important features in the conductance data and generalize these on the rest
of the conductance traces.
The SWP plot (Figure 6.17/E) shows that the most relevant part of the input data
comes from the conductance range corresponding to the LowG configuration. Again, we
can use the most relevant conductance intervals highlighted by the SWP plot as customized bins (R1 and R2 on Figure 6.17/E). In this case, the reduced network with these
two inputs reproduces the decision of the original 100 input network with 83 % accuracy.
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6.4

Conclusions

I used the classification task of tunneling versus molecular traces to compare the
performance of different algorithms, using a manually labeled dataset. I demonstrated,
that a recurrent neural network employing LSTM units, capable of taking into account
the temporal evolution of the conductance traces, or a simpler double-layer feed-forward
network, using the one-dimensional single trace histograms as input, both perform well in
this classification task. This also demonstrates, that due to the monotonic nature of the
measured conductance traces, one-dimensional conductance histograms contain all the
relevant information for this classification task. In comparison to the recurrent network,
the simpler feed-forward layout provides a more robust solution, as the classification
performance does not depend heavily on the network parameters. Furthermore, the simple
layout enables us to investigate the decision making aspects of the network and determine
the key features that identify the trace classes. I showed that the summed weight product
(SWP) of the trained network can be used to highlight the relevant conductance ranges
that contain important information about the trace classes.
The training of these neural networks requires a set of labeled conductance traces.
Manual classification is not only against objective data handling, but in many cases, we
also lack the a priori knowledge for judgment, and therefore we seek computer algorithms
to automatically find the relevant trace classes, which would help us to understand the
various possible junction configurations. To this end, we have developed a combined
method, which automatically generates training data according to the extreme values
of the principal component projections, then the network captures the features of these
characteristic traces and generalizes its inference to the entire dataset. Using this combined method, we achieved classification results, comparable to the networks trained on
manually labeled traces.
Then I used the combined classification method to recognize different junction trajectories in gold–4,4’ bipyridine–gold break junction data, measured at low temperature.
This analysis revealed, that at cryogenic temperature, the atomic chain formation dictates
the binding configuration of bipyridine molecule. Then I applied the combined classification method for the closing traces to select the conductance traces that exhibit molecular
signatures during both the opening and the subsequent closing of the junction. The similarities and the correlations of the opening and closing junction trajectories imply, that
after the rupture of the molecular junction, it is likely that the molecule stays protruding
from one electrode, thus the same molecular junction is reestablished when the electrodes
are closed again. Finally, I demonstrated that auxiliary measured quantities, like rupture
force, can also be used for generating labels for the training of the neural network.
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Chapter 7
Summary and thesis points
I summarize the results of my work in the following thesis points:

1. Measurement system developments
I developed measurement control programs to perform break junction and point contact spectroscopy measurements. Through the utilization of hardware triggers, these programs enable the controlled investigation of metallic and molecular junctions by opening
and closing the junction until a preset conductance value is reached. During point contact
spectroscopy measurements, this can be used to automatically prepare a junction with
a predefined conductance to perform current-voltage measurements. In break junction
measurements, closing the junction until the same conductance is especially important
when investigating temporal correlations and structural memory effects in metallic and
single-molecule junctions [1].
I developed an FPGA based measurement control program, which can be used to
perform automated measurements with a wide variety of measurement schemes, defined
by a sequence of commands [2]. These commands include custom conditions for stopping
the elongation/compression of the junction. Then a customized voltage signal can be
applied on the junction, or the electrode separation can be further adjusted using the
piezo positioner. I demonstrated the application of this measurement control system by
performing automated I(V) measurements on gold–4,4’ bipyridine–gold junctions, at low
temperature.

2. Investigation of dimer molecular junctions
I investigated the formation of stacked dimers in break junction measurements with
4,4”-diamino-p-terphenyl, and 2,7-diaminofluorene molecules, and compared the electronic and mechanical characteristics of dimer and monomer junctions. I showed that
the probability to form dimer junctions increases with increasing molecular concentration. A comparison of the conductance histograms for a series of molecules implies that
the amine linkers play an important role in mechanically stabilizing the dimer junctions.
I showed that the relation between the noise power and junction conductance can be
used to distinguish between through-bond coupled monomer junctions and dimers with
through-space intermolecular coupling. Then I performed noise measurements, confirming
the hypothesis of dimer formation. I performed force measurements to demonstrate that
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a significantly smaller force is required to rupture dimer junctions, compared to monomer
junctions. This result is consistent with a weak N–π interaction when compared with
an Au-N donor-acceptor bond. Finally, I demonstrated, that for these dimer junctions,
conductance and force decrease as the junction is elongated, which implies that the extent of the overlap between the two molecules dictates both the electronic and mechanical
characteristics of dimers [3].

3. Temporal correlations in metallic junctions
I demonstrated that temporal histograms and shifted correlation plots can be utilized
for visualizing and characterizing spontaneous or triggered temporal variations in break
junction data, like the waving of conductance plateaus or the appearance of repeating
traces as the contact is trained. I have shown, that any feature in the shifted correlation
plot indicates statistically dependent conductance traces. The decay of these features, as
the function of the shift number (s), characterizes the length of the temporal correlations.
Using these techniques, I demonstrated that when atomic-sized gold contacts are ruptured
at room temperature, the surface diffusion induced flattening of the electrodes helps to
produce statistically independent conductance traces, whereas at low temperatures the
rigid contacts are likely to show repeating traces and waving plateaus as long as the
closing setpoint is not high enough. I showed that the closing setpoint, required to produce
statistically independent conductance traces, can be determined using the opening/closing
correlation analysis technique [1].

4. Structural memory effects in Au–4,4’ bipyridine–Au junctions
I analyzed gold–4,4’ bipyridine–gold junctions measured at room temperature and at
4.2 K, using an MCBJ setup and an in-situ evaporation technique for the dosing of the
molecules. I demonstrated, that at room temperature, almost all opening and closing conductance traces exhibit molecular plateaus after the successful dosing of molecules. Using
the opening/closing cross-correlation, I showed that the junction trajectories, observed
during the opening and subsequent closing of the junction, are mostly independent. This
result implies that after the rupture of the junction, the electrode structure flattens and the
attached molecule relaxes on the surface, preventing contact memory effects. In contrast,
at low temperature, a significant amount of tunneling traces are observed. Through using
the combined classification method to recognize distinct junction trajectories, I demonstrated that the atomic chain formation, observed at cryogenic temperature, dictates the
binding configuration of bipyridine molecule [5]. I further analyzed the conductance traces
that exhibit molecular signatures during both the opening and the subsequent closing of
the junction. The similarities and the correlations of the opening and closing junction
trajectories imply, that after the rupture of the molecular junction, it is likely that the
molecule stays protruding from one electrode, thus the same molecular junction can be
reestablished upon closing the junction.
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5. Unsupervised feature recognition in single-molecule break
junction data
I used the classification task of tunneling versus molecular traces to compare the performance of different algorithms, using a manually labeled dataset. These include feature
filtering algorithms based on the measured step length or linear regression, as well as neural networks with different architectures. I demonstrated, that a recurrent neural network
employing LSTM units, capable of taking into account the temporal evolution of the conductance traces, or a simpler double-layer feed-forward network, using the one-dimensional
single trace histograms as input, both perform well in this classification task [4, 5]. This
also demonstrates, that due to the monotonic nature of the measured conductance traces,
one-dimensional conductance histograms contain all the relevant information for this classification task. In comparison to the recurrent network, the simpler feed-forward layout
provides a more robust solution, as the classification performance does not depend heavily
on the network parameters. Furthermore, the simple layout enables us to investigate the
decision making aspects of the network and determine the key features that identify the
trace classes.
The training of these neural networks requires a set of labeled conductance traces.
Manual classification is not only against objective data handling, but in many cases,
we also lack the a priori knowledge for judgment, and therefore we seek computer algorithms to automatically find the relevant trace classes, which would help us to understand
the various possible junction configurations. To this end, I have developed a combined
method, which automatically generates training data according to the extreme values
of the principal component projections, then the network captures the features of these
characteristic traces and generalizes its inference to the entire dataset. The classification
results obtained using this combined method are comparable to the results when using
networks trained on manually labeled traces. Finally, I demonstrated that auxiliary measured quantities, like rupture force, can also be used for generating labels for the training
of the neural network [5].
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