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Deep Learning for Optical Tweezers

DeepCalib Implementation for Brownian Motion with Delayed Feedback
YANUAR RIZKI PAHLEVI

Department of Physics

Chalmers University of Technology

Abstract

Brownian motion with delayed feedback, theoretically studied to take control of
Brownian particle movement’s direction. One can use optical tweezers to implement
delayed feedback. Calibrating optical tweezers with delay implemented is not an
easy job. In this study, Deep learning technique using Long Short Term Memory
(LSTM) layer as main composition of the model to calibrate the trap stiffness and to
measure the delayed feedback employed, using the trapped particle trajectory as an
input. We demonstrate that this approach is outperforming approximation method
in order to calibrate stiffness and to measure the delay in harmonic trap case.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

ACF Auto-correlation Function
GRU Gated Recurrent Unit
LSTM Long Short-Term Memory
MSD Mean Squared Displacement
MSE Mean Squared Error

RNN Recurrent Neural Network

TSD Total Squared Displacement
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Nomenclature

Below is the nomenclature of indices, parameters, and variables that have been used
throughout this thesis.

Indices

Parameters

SN e 2

h(t)

T
w

Variables

Indices for iteration

Index for time step

Friction coefficient

Delay

Viscosity

Time scale

Bias

Activation Function

Hidden state of RNN at time ¢
Boltzmann Constant
Temperature

Weight

Force
Stiffness
Torque

2D Position

Position at time ¢

X1



xii

Gaussian random noise at time ¢

Velocity at time ¢
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1

Introduction

The basic concept of optical tweezers was introduced by Arthur Ashkin in 1986,
where he demonstrated that a focused laser beam can be used to stably trap
micrometer-sized particle, which later this trapped particle can be used as a can-
tilever to probe microscopic force fields. As a device, optical tweezers can be used
in many fields of physics and biology.

Despite how useful optical tweezers can be, most of the strategies used to ob-
serve it’s potential are not giving satisfying results. Most strategies using top-down
approach where everything start with human intuition on data analysis and then
the idea is tested in experiment or simulation.

In this thesis work, we are trying to use the opposite approach. But only just
a small part of the big idea of it. While common strategy using top-down thinking,
here we are trying to understand the phenomena using bottom-up thinking where
we start by analyzing the trapped particle.

The trapped particle in optical tweezers is not staying in the same position. It
is moving due to the Brownian fluctuations. But the movement is always around
the equilibrium point which depends on the trap type used. The movement also
depends on how strong is the optical force used to trap the particle.

In optical tweezers, calibrating how strong the force is one of an important task.
Succeed in this task will allow one to generate optical potentials optimized for specific
applications. In order to calibrate the force or the stiffness of the optical tweezers,
there are several methods available such as equipartition theorem, potential analysis,
mean squared displacement (MSD) analysis, etc [1]. Despite the advantages of each
method, we will face a problem if the force fields are non-conservative. To tackle this
problem, a study to use deep learning to calibrate the stiffness of optical tweezers
has been done and the results are more accurate than aforementioned methods[2].

Another application using Brownian motion as fundamental theory is navigating
active particle towards desired direction. Monitoring particle’s orientation of motion
in a real time condition is experimentally impossible. Theoretical study to propose
an approach to steer particle’s movement to desired direction using optical tweezers
with delayed position feedback gives promising result [3]. With delayed feedback,
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the next position of the particles determine by the position of earlier time x(t -
0). Optical tweezers with delayed feedback system is the basic ingredient of this
thesis project. But, if the mentioned study analyzing from theoretical side whether
applying feedback gives control to steer the trapped particle orientation or not,
here we analyze the trajectory of trapped particle in optical tweezers with delayed
position feedback for two objectives:

e To calibrate the optical tweezers
o To predict the implemented delay

This thesis report organized as follows. In section 2, we provide some theories
which fundamental for this thesis project. Then in section 3, we explain the methods
that used in order to achieve our objectives. Thereafter, we provide the results of
those methods in section 4 and discuss it in section 5. Finally, we conclude this
project in section 6.
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Theory

In this chapter we will give a brief explanation of some basic theory which are the
foundation of this thesis. We will start with the definition and simple example of
delayed-feedback system, then we will continue with basic understanding of optical
tweezers, Brownian motion and some brief explanation about machine and deep
learning.

2.1 Delayed-Feedback System

The most simple example of delayed-feedback system is our air conditioner system
at home or at our office. First, air conditioner have temperature target which set
by the user. If its environment temperature is not the same with the target, then
the machine will give response depends on the differences. If the environment’s
temperature is colder than the target, then the air conditioner will temporarily turn
off, the opposite, if the environment’s temperature is higher than the target, the air
conditioner will turn on.

When the environment’s temperature reach the air conditioner temperature tar-
get, the air conditioner will automatically turn off until the environment’s temper-
ature change and the same loop will be repeated as long as the air conditioner is in
stand by mode condition.

But, if we take a look more details, the air conditioner do not directly turn
off when the temperature is reached. It is still working to decrease environment’s
temperature until some time, and then it will turn off. This ’some time’ is what we
called delay, and this system is one simple example of delayed-feedback system.

In control system field, delayed-feedback is very useful. One unstable dynam-
ical system can be stabilized using delayed-feedback system by applying feedback
perturbation proportional to the deviation of the current state of the system from
its state in the past with some time difference [4].
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2.2 Optical Tweezers

Since the Brownian motion discussed in this thesis is happened in an optical trap,
it will be a benefit to put some basic information about optical tweezers. Optical
tweezers is a focused laser beam that can trap microscopic particles. We can build
optical tweezers by focusing a laser through a microscope. Optical tweezers set up
is consist of three parts: trapping, imaging and position detection [1]. Laser beam
used in optical tweezers is continuous wave with wavelength in the visible or near
infrared region spectrum. The power of laser beam is between 10 mW and 1W [1].

I
DM : Position
= I detection
[E—

Trapping

I
| ]
| | -
= . ! Imaging
: ' M

1

Figure 2.1: Basic Optical Tweezers Setup. Figure reproduced from Ref. [1]

A basic optical tweezers setup are consist of three parts; trapping, imaging and
position detection. An example of basic optical tweezers setup can be seen in Fig.
2.1[1]. In the trapping section, we can see that the laser beam is expanded by
lenses (L1, L.2), and then directed by a dichroic mirror towards the objective. This
incoming laser beam then focused by microscope objective (O), this focal point is
the tweezers that can trap particle. As for imaging part, the concept is similar with
trapping part, but now we use light source (LS) so the camera can get clear view
for recording with enough lighting. To be able to use the trapped particle as a
microscopic force transducer, it is necessary to track its position. We can see the
particle’s movement using recorded image or video, or we can use position detector
(PD) which yield the time series of particle’s position. Position detector detect

4
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particle’s position trough condenser (C) which collects the forward scattered light.
The changes in scattered light pattern is due to particle’s movement[1].

2.3 Brownian Motion of Trapped Particle

in 1827, while looking through his microscope, Robert Brown observed something
interesting in his cavities. Particle trapped inside the cavities, pollen grains in water
were moving. During that time, he cannot explain the phenomena behind this move-
ment. This random movement later named after his name; Brownian motion. 80
years later, Albert Einstein published a paper which explain theoretically that what
Robert Brown observed was pollen particles moved by water molecules surround it.
This published article contained predictions that could be tested experimentally. On
1908, it was Jean Babstite Perrin who perform the experiment and prove Einstein’s
prediction. This experiment is important since then it is a proof of atom’s existence.
The same year, Paul Langevin presented a more straight-forward alternative way to
analyze Brownian motion|[5]

Zv(t) = —nu(t) + &(t) (2.1)

Where v(t) is particle’s velocity at time ¢, 7 is medium’s viscosity and &(t) is Gaussian
random noise at time ¢ with mean zero and variance one.

In an optical trap, the trapped particle is in dynamic equilibrium, where there
are two forces works on the trapped particle. The first one, is the thermal noise
which pushing the particle out of the optical trap, while the optical trap trying to
keep the particle in the equilibrium point of the optical trap. These two forces make
the trapped particle not stay in one position at all time. It always move according
to Langevin equation.

The movement of Brownian particle in an optical trap will also depend on the
type of the optical trap. Here we want to analyze both conservative and non-
conservative trap. Thus, we use two types of trap in the simulation for this thesis
project; Harmonic trap and Rotational Force trap. The latter is an example of
non-conservative force field where there is no straight-forward standard methods to
calibrate the force fields.

2.3.1 Harmonic Trap

As mentioned before, a trapped particle in an optical tweezers moves due to Brow-
nian fluctuations where these fluctuations depend on how strong the trap used also
the type of the trap. To start with, we will study the trap which there is a straight
forward standard method to calibrate the force fields, the Harmonic trap. Without
delayed feedback, Brownian particle trapped in a harmonic trap with over damped
limit described by [6]:
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d k 2kgT
G0 = ="+ [F2e) 22)

where x(t) is particle’s position with respect to the equilibrium (m), & is the stiffness
(N/m), yis the friction coefficient (kg/s), T is temperature (K) and £(t) is Gaussian
random noise with zero mean and variance equal to one. With delayed feedback,
the displacement of trapped particles will depend on earlier position. Thus, the
Langevin equation modified into:

d k 2kgT

gt (t) = —Salt =)+ [ =) (2.3)

Where § is the delay (s) implemented to the particle. To see the difference between
trapped particle trajectory with and without delay, we can see an example of each
case on Fig. 2.2. We can see the trajectory looks smoother when we implement
delayed feedback. Delayed feedback also loosen the stiffness of the trap to the
particle, as we can see that the maximum distance of particle from equilibrium point
with delayed feedback is higher than without delayed feedback. But, both cases still
shows that the particle’s movement converges around the equilibrium point, where
in Fig. 2.2 the equilibrium point is at x = 0 pm.

2.3.2 Rotational Force Fields

Beside Harmonic trap, we also consider a non-conservative force fields in this thesis
project, Rotational force fields which described by the following equation|2]

F(r) = —kr —w(r x 2) (2.4)

Where r is two-dimensional particle’s position subject to a restoring force with
stiffness k and torque w which equal to: 2y where €2 is torque’s frequency. Thus,
the Langevin equation of particle trapped in rotational force fields described as
follows:

d F(r) 2kpT
—x(t) = —
dtm( ) ¥ " Y

§(t) (2.5)

In rotational force fields, the particle’s movement depends on stiffness k& and
torque w. With delayed feedback, the Langevin equation modified into:

—x(t) =
dtﬂ) gl gl

£(t) (2.6)

With
F(r(t-0)) = —kr(t-0) — w(r(t-0) x z) (2.7)

Different from harmonic trap case, in rotational force fields we calibrate k£ and

w, also measure 9. A method to calibrate the torque w of Brownian particles is
available[7]. But it is to calibrate when there is no delayed feedback implemented.

6



2. Theory
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Figure 2.2: Trajectory example of trapped particle with £ = 30 fN/pm with (a)

6= 0 ms, (b) 6= 73 ms
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2.4 Deep Learning

2.4.1 Machine Learning and Deep Learning

If we want to teach a person about the differences between cakes, it will be easier for
that person if we give them an example. The example of the cake can be a picture
of each cake, or we just present all cakes that we want this person to learn. Because
by seeing directly how the cakes looks like, what is the shape or colors of the cake,
is easier to remember than if we only tell this person the details ingredients of each
cake. By seeing the example of the cakes, people can learn about different type of
cakes by recognizing different patterns between cakes.

The basic concept of machine learning is similar to that as well. Instead of cod-
ifying the details of knowledge into computers, machine learning technique seeks to
automatically recognizing meaningful patterns from examples and observations|8][9].
Even though machine learning technique is a powerful technique, not all problems
need to be solved using machine learning technique. Some suggestions on when we
should use machine learning to solve our problem are[10]:

» Traditional engineering flow is not applicable or is undesirable due to a model
or algorithm deficit.

« Sufficient training data exist or can be generated.

o The task does not require the application of logic, common sense or explicit
reasoning.

e The task does not require detailed explanation on how the decision was made

Machine learning employ artificial neural networks in it’s learning process. Arti-
ficial neural networks is a collection of nodes which consists of three type of layers; 1)
Input layer, 2) Hidden layer and 3) Output layer. In basic artificial neural networks,
each node on each layer connected to each node on an adjacent layer as shown in
Fig. 2.3

The connection between nodes on adjacent layers, has different adjustable weights
that will determine the output. The aim of machine learning is minimizing the dif-
ference between desired output value with current output value. We minimize the
difference by adjusting the value of the weights using backward propagation.

Each node in hidden layer has value. This value determine by the sum of
weighted input and bias of each node. This summation will be used as input to
some activation function. the calculation on each node is described by the following
equation:

Node'sValue = f(>_ x;W; + b) (2.8)

i=0
where f is some activation function, x; is the value of i-th input, and b is the bias of
the hidden layer node. Activation function can be a nonlinear activation function

8
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INPUT HIDDEN LAYER OUTPUT

Figure 2.3: Illustration of Fully Connected Neural Network with 4 input and one
hidden layer with 3 neurons

INPUT  WEIGHT BIAS ACTIVATION
FUNCTION

©

Figure 2.4: Illustration of activation function on each node in artificial neural
network with 4 inputs and 1 hidden layer



2. Theory

such as sigmoid function or hyperbolic tan function, and also can be a linear function
where f(x) = x. This calculation process illustrated in Fig. 2.4.

The terms Deep Learning, which consider as novel methodology to solve prob-
lems [12], correspond to Deep Neural Network. Where Deep Neural Network means
where we used a model which consist of more than one hidden layer. And the
activation function of each hidden layer can be different [8]. Deep Learning also
describes as a family of learning algorithms rather than a single method that can be
used to learn complex prediction using multi-layer and many hidden units[13]. To
conclude, the only difference between machine learning and deep machine learning
is the number of layers employed in the model. And most of the other things, such
as type of learning, are the same. Since in this thesis project we used more than one
hidden layer in our network model, thus, here we employ deep learning technique.

Primarily, there are three different type of deep learning [10][14], 1) Supervised
Learning, 2) Unsupervised Learning, 3) Reinforcement Learning. Each type used to
solve different kind of problem. Nowadays, we use supervised learning in most cases,
such as image classification and natural language processing problem, including this
thesis project is also one example of problem that can be solved using supervised
learning. Then, we only focus on supervised learning.

2.4.2 Supervised Learning

Supervised learning is a machine learning technique where we train the network
using training data set consists of pairs of input and desired output [15]. The
goal here is, as mentioned before, we want to minimize the differences between our
network output and desired output. The simplest example is image classification
problem, where we have sufficiently large data to train the network, and we also
already labeled each data to its classification (e.g. cats or dogs). Then we feed
the input to our neural network model and then adjust the weight and nodes value
using back-propagation technique based on our desired value. With this technique,
the network will recognize the pattern which differentiate between dog and cat and
create decision based on learned pattern.

There are so many artificial neural network architecture to be used in supervised
learning. We choose a specific architecture depends on the nature of the problem that
we are trying to solve. For example, if we want to solve an object detection problem,
then we can use convolutional neural network (CNN) as our base architecture[16].

Another example is predicting people’s home country based on their name. This
kind of problem classified as sequence problem, where basically we can guess some-
one’s origin based on the order of alphabets or character used in their name. Se-
quence problem require a network which able to keep information from past input
when it learns the new input. For this kind of problem, we can use Recurrent Neural
Network[17], because theoretically Recurrent Neural Network able to memorize the
pattern from past input.

10
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p

N

RNN > RNN

\T/ \/

INPUT . .

Figure 2.5: Simple RNN process, one input size and 2 different input

The input for our neural network in this thesis project will be the trajectory of
trapped particles, which we want the network to recognize any pattern for different
stiffness value and different delay from it. Thus, the problem of this thesis project
can be classified as sequence problem. If in predicting home country based on
people’s name we want the network to recognize the pattern in the order of alphabet
letters used in the input, here our initial guess is we want the network to recognize
and memorize the pattern between each data points such as, the distance or the
displacement of the particle. In order to do that, we can use Recurrent Neural
Network (RNN).

2.4.3 Recurrent Neural Network (RNN)

Recurrent Neural Network (RNN) is a type of neural network which uses sequential
data as an input. RNN commonly used for language translation, speech recognition
or anything which use sequence data as input. The key feature of RNN is the
'memory". RNN able to memorize previous input to analyze current input and
influence current output. Thus, the output of RNN also depends on previous input.
To be able to memorize past input, RNN has a feature called hidden state.

The process in simple RNN can be seen in Fig. 2.5. At time ¢ = 1, we can see
the first input fed to the RNN and then it gives an output. At time ¢ = 1, RNN
also update it’s hidden state according to:

hy = fw(ht—l,iUt) (2-9)

Then, at time t = 2, we can see that the RNN receive the second input and the hidden
state from previous time, represent by the arrow between the RNN, to calculate the
output at time t = 2. This process continue for all input, thus, the hidden state
will be updated for each time t. This is the mechanism that make RNN able to
memorize previous input.

11
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Figure 2.6: RNN Activation Function

in more details, the simplified mechanism inside RNN can be seen in Fig. 2.6.
Where U is the weight connection between input nodes and hidden layer nodes,
W is the weight connection between hidden layer and it’s hidden state, V is the
weight connection between hidden layer and output layer. The forward propagation
in RNN governed by following equations:

a(t)=b+ Wh(t—1)+ Ux(t)

h(t) = fu(a(t))
o(t) = ¢ + Vh(t)

y(t) = fu(o(t)) (2.13

Where a is hidden layer value, b is bias of hidden layer, h(t) is hidden state at time
t, o is output layer value, ¢ is output layer bias, f,, is activation function and y is
the output.

Even though hidden state in RNN is able to memorize previous input, but if
we take a look at equation (2.11) we can see that the hidden state is updated in
each iteration, which cause another problem, that is short-term memory problem.
If RNN trained with larger and larger data set, RNN will face vanishing gradient
problem. To overcome this problem, there are two versions of RNN created; 1)
Gated Recurrent Unit (GRU)[18] and 2) Long Short Term Memory (LSTM)[19].

LSTM has more features than GRU. If GRU has only two gates called Reset Gate
and Update Gate, LSTM also has two more gates called Forget Gate and Output
Gate. Gate is an additional artificial neural network which also has trainable weights
and biases. The Update gate will decide whether the output value should be updated
or not. The Reset gate will decide whether the previous output value is important
or not. Forget gate will decide how much information from previous state should be
kept. The Output gate will decide which value will be an output to hidden state,
and will determine the new value of hidden state.
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Figure 2.7: LSTM Basic Architecture, figure reproduced from Ref. [20]. In the
source article they use hyperbolic tan (tanh) and sigmoid (o) as activation function

The forward propagation in LSTM governed by following equations[20]:

Cy = fo(Wela(t — 1) + x(t)] + be) (2.14)
Ly = fu(Wala(t — 1) + z(2)] + bu) (2.15)
'y = fu(Wrla(t — 1) + z(t)] + by) (2.16)
Lo = fu(Wola(t — 1) + z(t)] + b) (2.17)
c(t) = 0,0y +Tye(t — 1) (2.18)

a(t) = Lo fu(c(t)) (2.19)

Where f,, is activation function, C, is hidden state as in RNN, I', is the update
gate, ['; is the forget gate, I', is the output gate, and a(t) is the output.

Due to the architecture of GRU has less feature than LSTM, in terms of per-
formance speed, GRU is 29.29% faster than LSTM. GRU performance surpass
LSTM in the scenario of long text and small dataset, but inferior to LSTM in
other scenarios|21]. Since our problem will use long trajectory and sufficiently large
dataset, we employ LSTM network as base of our model.

2.4.4 Hyperparameters Optimization

Despite many advantages of machine learning application, the designing and training
neural network is still challenging and unpredictable procedures, one of the reason is
tuning the hyperparameters part. Hyperparameters refer to artificial neural network
parameters that cannot be updated during the training of machine learning[22]. The
importance of hyperparameters listed as follows[23]:

e Learning rates

o Momentum for RMSprop

13



2. Theory

o Mini-batch size

o Number of hidden layers

o Learning rates decay

o Regularization, which is used to reduce variance and avoid overfitting
o Activation functions

o Optimizer (e.g. Adam, etc.)

Common and easiest method but take longer time to optimize these hyperparam-
eters is to tune it manually. So if we do not satisfy with our network performance,
we change the hyperparameters and then re-train the network to see whether its
performance improve or not. But, we can still reduce needed time by analyzing
which hyperparameters really important for our problem.
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Methods

In general, we want to calibrate the stiffness of the trap and to measure the delay
using the trapped particle’s trajectory. For harmonic trap with delayed feedback,
we use two methods. First, we use approximation method based. Second method,
we implement deep learning to calibrate the stiffness and predict the delay. After
getting good result in harmonic trap, we then implement deep learning method to
calibrate stiffness and predict the delayed feedback in rotational force fields.

3.1 Experiment Data

From experiment team, we receive four different files, each contain data points with
different delayed feedback; 0, 10, 30 and 40 ms. We use the data with 0 ms delayed
feedback to determine stiffness of the trap and friction coefficient used during the
experiment. This information is really important because we will train the network
using parameters that cover experiment parameters to ensure the network will be
able to predict stiffness and delay from experiment data.

The experiment records Brownian motion of an optically trapped polystyrene
sphere with diameter 200 nm, trap size 10pm, adjusted trapping power 10mW,
and the temperature during experiment is 300 K. Experiment data with Oms delay
contain 10° measurement points, which shown in Fig. 3.1. To estimate the trap
stiffness, we can use variance method on experiment data without delayed feedback
[24]:

kBT
<>

with kp is Boltzmann constant with value 1.38064852 x 10-23 m?kg/s*K. Before
we can use this value to estimate friction coefficient, we need to calculate the auto-
correlation function of the trajectory.

(3.1)

The auto-correlation method to estimate stiffness described by the following
equation[1]:

kgT
< x(t + At)z(t) >= %e*w (3.2)
where 7 is the timescale on which the trap and optical forces drive the particle
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Figure 3.1: Experiment trajectory with delay: 0 ms. It contains 10° data points.
Time between two measurement points is 10ms

towards the potential energy minimum[25].
r=1 (3.3)
Thus, by calculating auto-correlation then create the best exponential function fit,

one can estimate the value of 7 and . To calculate auto-correlation of the trajectory,
we use the following equation[26]:

r(t)z(t + At) > — <z >2
<1Z>—<z>2

ACF = = (3.4)

3.2 Delay Prediction Using Approximation Method

For Harmonic trap with delayed feedback, we try to predict the delay using approx-
imation method. In fact, there is no straight-forward formula to calculate delay
from Brownian trajectory. But, we will estimate the delay with some manipulation
steps to the Langevin equation. Suppose we have the Langevin equation of trapped
particle in over damped Harmonic trap:

First, we multiply both sides with z(t — T')

£(t) (3.5)

dx k 2kgT
ot =T) = =Zat —8)a(t =T
dt:v(t ) Vx(t Nax(t—T)+

§(t)a(t =T) (3.6)
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To get rid of the random noise, so we can get a direct formula to estimate the delay,
we take the average of both sides so the second term of right-hand side in equation
(3.6) vanish, because <&€> = 0

< Cf;x(t —T)>= kK <x(t—=0)x(t—=T) > 44/ ijT <Et)x(t—T)> (3.7)

g

< (Zx(t _T) = —i <a(t—8)a(t—T) > (3.8)

Delayed feedback in optical tweezers mean, the laser beam comes from the po-
sition of particle at t — . We assume that the displacement due to this beam is
the highest displacement because the incoming laser beam is the only thrust that
applied to the particle in optical tweezers. Thus, if we vary T and numerically
calculate equation (3.8), we can approximate that § = T when < %g(t — 7) > is
maximum.

3.3 Optical Tweezers Calibration and Delay Pre-
diction Using Deep Learning

This second method is the main work that we want to implement to solve this
problem, which is deep learning technique by using LSTM network as base of our
model. Training an LSTM architecture is basically following the same procedure
as training for other architecture. We start with processing the data, build the
network and choose all parameters needed, train the network then evaluate the
network performance. Here we employ DeepCalib software package[29].

3.3.1 Data Processing

For all deep learning or machine learning techniques, processing the data is one of
the fundamental things. Not only one need sufficiently large dataset, but also need
to ensure that the data has high quality so the network able to recognize and learn
the pattern that we want the model to learn. Here comes the very first challenge
of this project: data set, since we do not have that many trajectories of trapped
Brownian particle.

In order to overcome this problem, we build a trajectory generator function in
Python where we implement the delayed feedback and yield one dimension trajec-
tory. We generate a simulated trajectory using parameters which also cover param-
eters that used by the experiment team, so we do not need to re-train the network.
We generate simulated trajectories for training, and for performance test we gener-
ate new trajectories in order to avoid using same trajectory twice; during training
and during performance test.

We used different ways to generate stiffness and delay. We generate stiffness
in range value from 0.1 fN/pm to 350 fN/pm uniformly distributed in logarithmic
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scale, while we generate delay uniformly distributed in linear scale in range 0 to 100
ms. We generate friction coefficient uniformly distributed in logarithmic scale with
reference value : 67mnr[l], where r is the particle’s radius and 7 is the viscosity of
the medium. Other Physical parameters are fix value, temperature T is 300 K and
time step is 10 ms.

Another challenge for generating the trajectory is, there is possibility that the
trajectory does not converge. To make sure the trajectory do not become too large
to handle by our programming language, we set maximum and minimum position
using trap size as reference: 10 pm. So if the particle escapes as the feedback shots,
in trajectory generator function we set rules, that is, it will stay at maximum or
minimum position.

The summary on how trajectory generator works gives in Algorithm (1). This
function take number of trajectory that we want to create in one call, and will
gives array of 9, k and position of each particle. User can change how this function
calculate new position depends on the trap’s type being used. Some example of
trajectory generated by this function shown in Fig. 3.2.

Algorithm 1 Simulate Trajectory Function

1: Initialize physical parameters >k, vy, 0
2: Initialize delay array

3: initialize position array

4: for i in range equilibration steps do > each iteration represent 1 ms
5 calculate new particle’s position

6 if particle’s position > max position then

7: new particle’s position = max position

8 else if particle’s position < min position then

9: new particle’s position = min position

10: end if

11: update delay array

12: end for

13: for j in range data pointsxoversampling do > each iteration represent 1 ms
14: calculate new particle’s position

15: if particle’s position > max position then

16: new particle’s position = max position

17: else if particle’s position < min position then

18: new particle’s position = min position

19: end if
20: update delay array
21: if j % oversampling = 0 then

22: update position array
23: end if
24: end for

25: Return 0, k and position array
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Figure 3.2: Generated trajectory using Simulate Trajectory function, with
different force fields (a) Harmonic trap, (b) Rotational force fields, (¢) Double well
potential
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3.3.2 Build the Network

To build the network, we employ DeepCalib software package and use default setting
from it, especially create_network.py. Initially we used 3 LSTM layer as hidden
layers, each consist of 1000, 250 and 50 neurons respectively. In output layer, Dense
layer employed with number of neurons depends on type of trap currently analyzed.
But, at least number of neurons in output layer is 2, because we want to predict
stiffness and delay. As for the input, we use one node for each trajectory position.
In our default setting, we use 1000 trajectory points.

The nature of our problem is we have so many data variance that we want to
predict. one stiffness value have 100 different type of trajectory since we set our
delay in range [0, 100] ms. Using the method to generate stiffness and delay as
discussed in Section 3.2.1, the output will be in different range of number. One
neuron which will predict stiffness value will be in range [-3,3] while the other which
will predict the delay will be in range [0,1].

From the nature of the problems, we then can determine some hyperparameters.
First, learning rate. In fact, there is no reference on how we pick the best learning
rate for our model. The basic information is smaller learning rate will be slowing the
network’s learning process to reach saturation. Since the trajectory have so many
variances, we use le-3 as our learning rate. This is because 1le-3 is not too small to
ensure our training process do not take too long time to reach saturation, yet not
too large learning rate to ensure that our model able to recognize enough details.
Second, activation function at output layer. Seeing we will use different range of
value in the output neurons, the best fit for this problem is linear function, where:

fule) =2 (3.9)

We will then tune other hyperparameters after we get initial results to optimize our
model performance if necessary.

3.3.3 Train The Network

After we build the network, now we set how are we going to train the network. Some
suggest to use Stochastic Gradient Descent where we decrease learning rate during
training process|27], but increasing batch size with constant learning rate during the
training run actually gives better performance[28]. Thus, we use constant learning
rate and will increase the batch size. This strategy will start with small batch size,
then it will be increased after 1000 iteration for each batch size. So the network will
learn that there is a wide variation in the data set first, then it will learn the details
within increasing batch size. simulate_trajectory used to generate training data
set for each training iteration. We set the default for batch size in this order: 32,
128, 512, 1024. with at least 1000 iteration for each batch size. If the training
performance from this default is not saturated, we can continue the training process
with adding either more iteration for latest batch size, or larger batch size.

Ideally, we want the prediction of our network is the same as our target, as
illustrated in Fig. 3.3. Seeing the nature of how we want the prediction goes, it
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Figure 3.3: We want the network prediction fit to a linear line

is actually similar with linear regression problem. Thus, the best loss function for
the model is Mean Squared Error (MSE), where we try to fit our prediction to the
linear line as illustrated in Fig. 3.3. with MSE formula

MSE = * fj(yi —Y;)? (3.10)

" izo
Where Y, is the target value, Y; is the network’s prediction and n is number of data.

To do the training, we employ DeepCalib especially train_network.py func-
tion which accept network model, batch sizes in array form, number of iteration in
array form and simulate_trajectory function as input. Batch size will determine
how many trajectories generated in one training iteration. All training function
made using Keras library. The summary on how the training will work is shown in
Algorithm 2.

Algorithm 2 Training Function

1: Initialize batch size > default:(32, 128, 512, 1024, 2048)

2: Initialize number of iteration for each batch size > default:1000 for each
iteration

3: for i in number of batch size do

4: for j in number of iteration for current batch size do

5: generate trajectories as many as current batch size

6: feed trajectories into the network

7 calculate MSE and adjust trainable parameters

8: if j % number of iteration xverbose = 0 then

9: print MSE

10: end if

11: end for

12: end for
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3.3.4 Performance Test

After training, it is time to test the network’s performance using new generated
trajectories. The algorithm in this part is pretty much the same with training part,
but here the network do not adjust the trainable parameters. In order to do per-
formance test, we also employ DeepCalib especially plot_test_performance.py.
This function plot the prediction results directly after feed the newly generated
trajectories.

Algorithm 3 Performance Test

. Initialize number of trajectories
. generate trajectories using simulate_trajectory function
initialize empty array to save prediction result
: for i in number of trajectories do
feed ¢-th trajectory to the network
save the prediction result
end for
: plot prediction result

3.3.5 Optimization

Performance Optimization will be performed if the results are not good enough.
The optimization mostly will relate to hyperparameters. In this project, some hy-
perparameters considered: Activation Function, Regularization, Architecture such
as number of neurons in each layer and number of hidden layers. Comparison with
theory also need to be done to ensure we do not perform any unnecessary optimiza-
tion.
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Results

The results of all methods discussed in Section 3 present here. We start with the
results from analyzing experiment data. Then, the results separated based on trap
type. As mentioned before, there are two type of optical trap analyze in this thesis
project; Harmonic and Rotational force fields.

4.1 Experiment Parameters

+  ACF trajectory based
10 - ACF Polyfit Approximation

Autocarrelation

Iawg.-s
Figure 4.1: Calculated ACF and the best fit of exponential function

By calculating equation (3.1), the trap stiffness obtained is 8.49 N/m. Using
this result we then can continue to calculate auto-correlation function using equation
(3.4), the result of this calculation can be seen in Fig. 4.1. The exponential function
that’s the best fit for the calculated ACF is

y = 1.0441¢ 00503066 (4.1)

Thus, we can estimate ~, where

At
0.0503066 = — (4.2)
T
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With At = 10 ms and k£ = 8.49 N/um then

0.01

— (8.49)—
7 = (849) 55503066

(4.3)

And we obtain that y= 1.698 x 107 kg/s. As for others data from experiment, we
assume that experiment team used exactly the same parameters, the only difference
is the delayed feedback. Now we have to ensure that our trajectory generator do
cover these parameters.

4.2 Harmonic Trap with Delayed Feedback

For harmonic trap, we use both methods; approximation method and deep learning
technique.

4.2.1 Approximation Method Results

Approximation method as described in Section 3.2 gives result as shown in Fig. 4.2.
Some predictions are on correct linear line, but some others are predicted wrong.

Delay Estimation —
Approximation Method

100 4

estimated delay [ms]

40 &0
delay [ms]

Figure 4.2: Approximation Method estimating delay result

After we got estimated delay using approximation method, we can estimate
stiffness using variance method described by equation (3.1). This method also gives
good for some predictions, but gives not good results for some others. The result of
this stiffness prediction can be seen in Fig. 4.3.
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Figure 4.3: estimating stiffness result using variance method

4.2.2 Deep Learning Results

Here we used simulate_trajectory where we generate stiffness uniformly dis-
tributed in logarithmic scale, in range [0., 350] f{N/um for each iteration. As for
delay time, we generate uniformly distributed in linear scale in range [0, 100]. The
training end with final MSE 0.2784.

MSE

L] 1000 2000 3000 4000 5000 6000 7000

Epoch

Figure 4.4: Training performance

The network’s performance test gives great result for predicting stiffness. But,
for large stiffness the prediction has larger deviation with the truth value. As for
delay prediction, there are certain range that the network can not predict properly
and it just predicts to half of the maximum delay. These results can be seen in Fig.
4.5.

This performance still can be optimized by setting some parameters and change
on prediction value, so the network can learn easier. But, comparing these results
with Approximation method, is a promising proof that Deep Learning can be used
to predict the delay and calibrate the stiffness simultaneously.
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Figure 4.5: Prediction results using Deep Learning. Left-panel: Stiffness
prediction, Right-panel: Delay prediction

4.2.3 Analyze the Deep Learning Result

As shown in the right panel of Fig. 4.5, the delay prediction result is still not
good. It is like there is a region where the network can not predict the delay
properly. Thus, to investigate this region, using the same trained network, we feed
the network with trajectories with certain range of stiffness. First, we generate
trajectories with stiffness range [0,31] fN/pm and then feed generated trajectories to
the trained network to see how well the prediction is. Then, we repeat the same step
but different stiffness range. Here we investigate two other range of stiffness, which
is [32, 350] fN/pum and k larger than 50 fN/pm. Lastly, we compare the prediction
of trained network in these three different range of stiffness by making a plot of each
predicted stiffness and predicted delay to see how our network predictions relate to
different range of stiffness.

Apparently, the network cannot predict both stiffness and delay properly when
the stiffness value is below 31 fN/um. The prediction performance becomes better
and better with larger stiffness value. The comparison can be seen in Fig. 4.6.
From the same figure, we also can see that the trained network still able to predict
the stiffness properly even though we only train the network with stiffness range
[0, 350] fN/pm, this unique performance can be seen in the top row right-column
panel. Surprisingly, the delay prediction within this range also showing great results.
Unlike the previous stiffness range [31, 350] where the delay predictions gives wider
deviation from the truth value.

Now this become a problem since from Section 4.1 we know that the trap stiffness
used during experiment is 8.5 fN/pm, which unfortunately is in range where the
trained network cannot predict both stiffness and delay properly as shown in figure
4.6 left-column panel. Indeed, the network needs to be optimized to increase its
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Figure 4.6: Predictions using trained network with different range of stiffness.
left-column: k [0, 31] f{N/pm, middle-column: k [31, 350] fN/pm, right-column: k
[50, 350] fN/pm. top row is stiffness prediction, bottom row is delay prediction

performance.

Even though the trained network performance still needs to be optimized, this
performance already slightly outperform Approximation method and Variance method
in order to predict delay and trap stiffness respectively within certain range of stiff-
ness. One can compare Fig. 4.2 and Fig. 4.3 with Fig. 4.6.

4.3 Optimized Performance

Since the preliminary results are still not good enough, which is normal in ma-
chine learning technique, now we go through optimization in order to increase the
network performance. Here the optimization classified into two categories. First,
optimization on trajectory generator. Second, optimization on network’s side.

On trajectory generator, the change is on how the stiffness generated. Previ-
ously, it is generated uniformly distributed in logarithmic scale. We can see how
the generated value using this generator distributed in Fig. 4.5 left panel, where
small stiffness value are the most populated compare to higher stiffness value. Now
stiffness value generated uniformly distributed in linear scale in range[0,100] fN /pm.
Smaller range of stiffness used because this project does not really need stiffness
value in order of magnitude of 2, this change still cover parameter used in experi-
ment. This optimization will also reduce data variance.
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Figure 4.7: Training MSE performance. MSE saturated at 0.05. Black line is
MSE of each epoch, red line is MSE average measured with 100 epoch interval

Second optimization is on network’s side. Previously, neurons in the output
layer has different range of value. Neuron for predicting stiffness have value in
range [-3, 3|, and neuron for predicting delay have value in range [0, 1]. These two
different neurons will affect the state of previous layers trough back propagation
process during training. Here, we want to try using same range for output layer,
which [0, 1].

After modifying codes in accordance with above optimizations, we build a new
network with exactly the same architecture and train this new network using exactly
the same batch size and number of iteration as before, then test its performance.
The training progress shown promising performance as we can see in Fig. 4.7 the
MSE of optimized network saturated at low value compare with previous training
performance.
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Figure 4.8: Prediction results using Deep Learning after simple optimization.
Left-panel: Stiffness prediction, Right-panel: Delay prediction

The performance test results from these simple optimizations surprisingly greater
than previous results. as shown in figure 4.8, trained network able to predict with
smaller deviation from the truth targets value compare to previous results. This op-
timization already fix one issue: predicting stiffness value in range [0, 31]. Compare
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with figure 4.5 top-left panel, the optimized trained network already outperform
previous result and variance method in predicting stiffness value. Also of course
outperform Approximation methods in predicting the delay.

4.3.1 Experiment Data as Test Data Set
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Figure 4.9: Predicting stiffness and delay from experiment data. The first row is
predictions for data with 10 ms delay. The second row is predictions for data with
30 ms delay. The third row is predictions for data with 40 ms delay

With great result from optimized trained network performance test, now we can
try to predict stiffness value and implemented delayed feedback from experiment
data. To remind about received experiment data, we have three different trajectories;
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trajectory with 10, 30 and 40 ms delay. With 10° measurement points for trajectory
with 10 ms delay, 5x 10* measurement points for trajectory with 30 and 40 ms delay.

In order to predict stiffness value and delay from experiment data, we process
the data, so we have 1000 measurement points as single trajectory, in order to make
it receivable by the optimized trained network which receives an input with 1000
data points. Then, we just feed the data directly into the network, re-scale the
predictions into physical value, then create the plot to see the prediction results.

In general, optimized trained network able to predict the stiffness properly as
shown in Fig. 4.9. The optimized trained network able to predict stiffness properly
in all delayed feedback value. But unfortunately, the optimized trained network can
not predict the delay properly. But, even though the delay predictions look like
random, the mean value of these predictions is actually close to the truth value for
experiment trajectory with 30 and 40 ms delay, which the estimation is 29.3 ms and
40.92 ms respectively.

4.4 Rotational Force Fields

Since in general we already have great result for harmonic trap, now we present the
result of predicting stiffness and implemented delay in non-conservative force fields.
If in harmonic trap, the force that constraining the particle is represented by k, in
rotational force fields, the trapped particle is subject to restoring force which not
only depends on stiffness k, but also torque w, as described in Section 2.3.2. Thus,
in this case, we build the exact same model, but with different number of neurons in
the output layer, since now we have to measure three variables; stiffness k, torque
w, and delay §.

Stiffness k, and w is uniformly distributed in logarithmic scale with range [0,200]
fN/pm and [-40, 40] fN/um respectively. As for delay, we generate it uniformly
distributed in linear scale in range [0, 100] ms. The final MSE of training process is
0.1480.

o 1000 2000 3000 4000 5000 €000 000 8000

Epoch

Figure 4.10: Training MSE performance for rotational force fields

The performance test’s results are not bad compare to the Harmonic trap case.
The trained network able to predict stiffness k, torque w, and delay 6 with a wide

range of error, but the major trend direction are correct. The results shown in Fig.
4.11.
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Figure 4.11: Prediction results for Rotational Force Fields. left-panel: stiffness k
predictions. mid-panel: wpredictions. right-panel: dpredictions. M in the
middle-panel represent w

4.4.1 Optimized Performance

From the left-panel of Fig. 4.11 we can see that the network predicts the stiffness &
with wide range of predictions for large k. We also can see that small k generated
more than large k. Here we try the same approach as on the harmonic trap case, we
optimize the trajectory generator function, so it will generate the stiffness k£ and the
torque w uniformly distributed in linear scale. We also reduce the stiffness range to
[0, 100] fN/um, but still generate torque in range [-50, 50] fN/u and delay in range
[0,100] ms.

Predictions N +  Predictions
Ground Truth

Predictions i
Ground Truth

Ground Truth

Predicted k [fN/um]

Predicted M [fN/pum]
Predicted delays

. =, s
] % ED )
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@ @ ] % @
k [fN/um] M [fN/pum] delays

Figure 4.12: Predictions results for Rotational Force Fields with optimized
trajectory generator. left-panel: stiffness k predictions. mid-panel: wpredictions.
right-panel: dpredictions. M in the middle-panel represent w

The results of this optimization, even though the stiffness k predictions still have
wide range of deviation for large k, but w and delay predictions gives better result,
as shown in Fig. 4.12.
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Discussion

5.1 Why The Network Cannot Predict Delay Prop-
erly?

From Section 4.3.1, we know that even though the optimized trained network able
to predict experiment trap stiffness from experiment trajectories, it still cannot pre-
dict delay properly. Optimization by tuning hyperparameters were also performed,
but the optimized trained network still can not predict delay on experiment data
properly. Hyperparameters that tuned are:

o Network Architecture. the latest architecture is using 3 LSTM layer as hidden
layer, with number of neurons 4096, 1024, 256 respectively. final MSE still the
same as previous architecture.

o Implement regularization terms. We try to implement regularization terms in
order to make the weight values on each node small. But it gives not a better
result.

o Change activation function on LSTM layer into ReLu. It also gives not a
better result.

To investigate why the network cannot predict delay properly, we start with the
basic of deep learning technique. As in Section 2.4, deep learning technique basically
trying to recognize pattern from data and making decision based on that recognized
pattern for another data set. Then, in a sense, deep learning technique will be hard
to gives proper decision or prediction if the pattern is unrecognizable or if the data
has similar pattern. The big question is, is our problem really has unrecognizable
pattern? Then, we will continue with analyzing prediction results from Section 4,
and we end with analyzing the similarities between trajectories.

5.2 Different Approach with Deep Learning
If previous approach we train a network which has two output; stiffness and delay;,

in this section we try different approach. Here we build new network, with the same
architecture which gives the best result on previous approach, but now we only use
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5. Discussion

one neuron in output layer to predict only the delay.

We set the parameters as in the experiment, stiffness is 8.5 fN/um and friction
coefficient is 1.698 x 107 kg/s. And we generate delays uniformly distributed in
linear scale. The purpose is, we want to know whether the network able to recognize
any pattern or not. Then, we train the network with more than 3 x10° generated
trajectories. The training performance saturated at MSE around 0.02.
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Figure 5.1: Predictions result with new approach: only using one output neuron
to predict delay, and set the trajectory generator with the experiment parameters.

Performance test with another 1000 trajectories shows that the network still
predict poorly. But, it is actually recognizing a pattern, seeing the major trend of
the predictions is following the ground truth values, even though the results has
wide range of error, for example, trajectories with 20 ms delayed feedback predicted
in range of [10, 50] ms. Which also means, trajectories with delay in range [10,50]
ms has similar pattern that recognized by the network. Thus, if we look at Fig. 5.1
we can conclude that for trajectory with specific delay, has a range of another delay
values which gives similar pattern.

5.3 Prediction Result’s Analysis

The particle’s movement in over damped harmonic trap is depends on the stiffness
of the trap. From equation (2.2), with same value of ~, the displacement will be
smaller with large stiffness compare with small stiffness.
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5. Discussion

Now, the system that used in this project is described by equation (2.3), where
the delayed feedback position also affect how the particle’s movement. An example
of this can be seen in Fig. 3.2, where the trapped particle’s trajectory with delayed
feedback implemented move in wider range of position even though the stiffness used
in the simulation is the same. And since our model able to predict the stiffness prop-
erly even though the delay is different, now we compare how our model performance
to predict the delay with constant stiffness value: 25.5 fN/um. From this compari-
son, there are two different regions within our network predictions. The first region
is where the delay predicted properly, the other region is where the delay predicted
poorly. To gain better understanding, we feed the model with 100 trajectories with
different stiffness 85, 50 and 8.5 fN/um each with different delay in range[0,100].
The comparison between delay predictions of these four different stiffness value can
be seen in Fig. 5.2.

Stiffness: 8.5 [fN/um], timescale: 192.61504882232458[ms] Stiffness: 25.5 [fN/um], timescale: 64.2050162741082[ms]
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e
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Figure 5.2: Comparing delay prediction with the optical tweezers’ timescale 7.
Each panel showing 100 predictions.

As we can see on Fig. 5.2 top-left one where the stiffness is 8.5 fN/um and
timescale 192 ms, which the same as the stiffness of the experiment data, all delay
predictions have wide distance with the truth value. In the next panel, which show
delay predictions for trajectories with stiffness 25.5 fN/um, we see there is a region
where the delay predictions become more precise. This precise region grows for the
next two panels, where the stiffness value is 50.5 and 85.0 f{N/um respectively.
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By adding the timescale for each trap used in Fig. 5.2, we can see there is a
relation between the timescale and delay prediction. To remind us, as mentioned in
Section 3.1, the timescale 7 is the time on which the trap and optical forces drive
the particle towards the potential energy minimum.

5.4 Trajectory Similarities Analysis

Deep neural network model that we employed here is trying to recognize a pattern
in a sequence of data. Here, we want to investigate similarities between trajectories.
As we have seen before in Fig. 2.2, delayed feedback made particle moves in wider
range. But we can not compare particle’s position directly, since for some stiffness,
the range of positions is not too different to see. The only pattern that can be
investigated is the displacement of the trapped particle between measurement points.
The displacement is a value which affected by the stiffness and the delay directly.
In order to study the pattern from trajectories, We compare trajectory in different
regions marked by red and yellow box in Fig. 5.3. Red box represent properly
predicted range of delay, and yellow box represent poorly predicted range of delay.

Stiffness: 25.5 [fN/um], timescale: 64.2050162741082[ms]

00 +  Predicted Delay 7

Timescale "
- ground truth value Tl

Predicted Delay [ms]

20

40 =]
Delay [ms]

Figure 5.3: Two boxes (yellow and red) represent the range of parameters
investigated to see how the delay affect the trajectory.

To see how the displacement behave along the time, it will be troublesome if
we compare the displacement directly since it will be similar to trajectory plot.
We also cannot use Mean Square Displacement (MSD), since our trapped particle’s
movement is constrained around the trap’s energy minimum. Thus, we compare the
total squared displacement (TSD) of trajectories. TSD described by the following
equation:

TSD(t) = Z (z(i + 1) — 2(:))? (5.1)

(2
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@] —— delay[ms]:2 107 —— delay[ms] :83
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Figure 5.4: Total Squared Displacement (TSD) along the time. This analysis
perform on trajectories with stiffness 25.5 fN/um. Both panel shows TSD for 4
different trajectories in: left-panel) Yellow box region, right-panel) Red box region.

where TSD(t) is the Total Squared Displacement at time step ¢, and x(i) is the
particle’s position at time i. We squared the displacement, so it will give positive
value, and TSD will always increase with the time. With this method, trajectories
with same stiffness and friction coefficient value, but different delay value yield
similar slope of total squared displacement, it means the delay from these trajectories
is harder to measure using machine learning technique due to similar pattern. In
order to be able to recognize the similarities, we plot the T'SD of 4 trajectories within
each region in Fig. 5.3.

From the yellow box region, we pick 4 random trajectories, but we need to ensure
that the delay value has large difference between each trajectory. Because we want
to see in a wide range, whether the TSD of trajectories in this region give similar
slope or not. As for trajectories from red box region, we do the opposite. Because
we want to see whether similar delay values gives significant difference displacement
or not.

3 of 4 Trajectories from the yellow box region gives similar slope as shown in
the left-panel of Fig. 5.4. We can see that the TSD is similar for trajectories with
delay 2, 10, 30 regardless of their significant difference in delay’s value. Even though
trajectories with delay 20 ms has higher TSD, but the slope is actually similar with
the other three. On the contrary, trajectories from red box gives TSD that easy to
recognize. It means that in this region, the trapped particle’s displacement is easier
to learn by the network.

After performing TSD analysis on simulated trajectories, we also need to check
how similar is our experiment data. Using the same procedure, we found that the
TSD of experiment data gives similar slope for all delay value. Considering exper-
iment parameters that we obtain in Section 4.1, the timescale of optical tweezers
used during experiment is 192 ms, which larger than delay implemented (10, 30, 40
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ms). Based on TSD analysis as shown in Fig. 5.5, we can conclude that the exper-
iment data has similar pattern which make it harder to measure the implemented
delayed feedback using deep learning technique. Thus, delay prediction results of
experiment data using deep learning technique as shown in Fig. 4.9 and in Fig. 5.1
is understandable.

25

—— delay[ms]: 0
delay[ms]: 10
delay[ms]: 30

—— delay[ms]: 40

20

0 200 100 £00 800 1000
timestep [x10ms]

Figure 5.5: TSD of experiment data

5.5 2" Experiment

After getting the results using the first experiment, we then receive the second
experiment result with larger delay in hope we can show that the network able to
predict the delay properly when the delay is larger than the tweezers’ timescale. In
the second experiment, we have different set up of the optical tweezers, with delay
0 ms, 150 ms, 300 ms, 450 ms, 600 ms and 900 ms. In order to make sure that
the network able to predict, we perform analysis as in Section 3.1 to get correct
parameters to re-train the network if necessary.

By applying equation (3.1) on the second experiment’s trajectory with 0 ms
delay, we get the stiffness value, k, is 1.14 fN/um, and by calculating autocorrelation
function of the mentioned trajectory we get that the friction coefficient, 7, is 8.82
x 10719 kg/s. From these values we can directly calculate the timescale of the optical
tweezers used for the second experiment using:

Y
T= (5.2)

which gives 7 : 773 ms.

Based on previous analysis in Section 5.3, using the second experiment’s param-
eters, the network will be able to predict the experiment data with 900 ms delay.
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But, it turns out it is not the case for our experiment data. The trained network
still predicts the stiffness properly for all the experiment data. As for delay predic-
tion, the network predictions have wide range of value for each data, even though
if we look at the average the prediction is good for experiment data with 450 and
600 ms delay which the average of the delay predictions is 440 ms and 599.96 ms
respectively. The details of the prediction on stiffness and delay of the experiment
data with delay 300 ms, 450 ms and 600 ms are shown in Fig. 5.6.

—— predictions * —— predictions
N « stiffness value « stiffness value .
600
£ . . *
.
= 5 °
g 0 £ o0 . . . *
w > . ‘. .
w .
g § . - e
. .
tEn T o [ o e T * .
b= - , e ®ee .
w0 ] . . . . -
hel 15 . "o. . . .0 .
o 0 ‘e’ o . .
S T 309 .
2 1} o OOk . . .
© £ . . “ee®,
g . * ., . -
5 200 . . .
.
.
L] ..
e o 0 a0 60 a0 100 o 20 40 80 B0 100
trajectory segment trajectory segment
30
H i 00 . .
—— predictions e —— predictions
N « stiffness value .\ .o . « stiffness value
. A .
_ .
£ o L
s = Tt e T e
o E . . . o
v > 500 oo ..
o © ¢ PLETY °
c [T} S .
o Ld L]
_th 15 - . . .
wn ﬂ‘;l 200 ¢ ‘e
o =] e o .
o @ e e
10 L]
Z g . ot
g 300 ¢ ¢ * .
.
£ \ o .
) ... -
.
e et e et et s ot ¢
.
e o 20 40 60 80 100 o 20 40 B0 B0 100
trajectory segment trajectory segment
30
—— predictions .
. 800
+ stiffness value . .
5 . «® * - .
E L S .
— . -
.Z:} o 00 A .t
En £ . ¢ * .o
= = . -
w > .
i & °e . *e o e o
= @ o
. . .
£ hel . . "
.
ey 5 . . . B TR
[ W 50 .
S5uw © . ° o
2 g . . e
a .
) E . S
£ . 40 * ‘. %
—— predictions
St . o afe e « stiffness value .,
i i o -
300
e o 20 40 60 80 100 1] p.i] 40 60 80 100
trajectory segment trajectory segment

Figure 5.6: Predictions result using deep learning technique for the second
experiment data with delay: Top row: 300 ms, middle row: 450 ms, and bottom
row: 600 ms.

As for the experiment data with delay 900 ms, the delay prediction result is
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not as good as we expected. As shown in Fig. 5.7, the network able to predict the
stiffness properly, but for delay prediction the result is not good. The average value
of predicted delay is 399.79 ms, which is not close to the truth value 900 ms.
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Figure 5.7: Predictions result using deep learning technique for the second
experiment data with delay: 900 ms.

In Fig. 5.7 we can see that most of the trajectory segments from the experiment
data with delay 900 ms predicted to trajectory with delay between 300 ms to 400
ms. By calculating the TSD, and comparing the experiment data with delay 900 ms
with simulation trajectory with delay 300 ms, 350 ms, 400ms and 900 ms, we found
that using these parameters gives different TSD for 900 ms delay. The generated
trajectory with 900 ms delay is more similar to generated trajectory with 400 ms
delay. We also found that the experiment data with 900 ms delay is more similar
with generated trajectory with 350 ms compare with generated trajectory with 300
and 400 ms delay. The TSD comparison can be seen in Fig. 5.8.
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Simulation delay: 350ms ’
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Figure 5.8: Comparing TSD of the experiment data with delay 900 ms, with
generated trajectory which used experiment parameters based on variance method
to calculate stiffness and autocorrelation function to estimate friction coefficient.
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Figure 5.9: Prediction results on generated trajectories using the experiment

parameters with 900 ms delay.

Then we generate 100 trajectories with the experiment parameters and delay 900
ms, then feed it into the trained network to get the predictions in order to check the
network performance in measuring the delay of generated trajectories using these
parameters. In general, as shown in Fig. 5.9, the delay prediction result showing
similar behavior with what we got when we measure the experiment data with 900
ms delay, where the delay predicted to be smaller than 900 ms. But, the performance
of the network is better in measuring the delay of generated trajectory.

Even though the result is better compared to prediction on the experiment data,
with the average of predicted delay is 772.03 ms, the network still predicting the
delay in wide range. As we can see in Fig. 5.9, there are some generated trajectories
predicted to have delay in range [300, 500] ms. This is confirming that the T'SD
analysis is correct, where the generated trajectory with 900 ms delay have similarities
with generated trajectory with delay in range of [300,400] ms as shown in Fig. 5.8.
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Conclusion

After analyzing the results from all methods present in this thesis, we can conclude
that:

e Deep Learning technique outperform variance method in calibrating the stiff-
ness of optical tweezers with delayed feedback.

o Deep Learning technique outperform Approximation method in measuring the
delay based on trapped particle’s trajectory.

e Deep Learning delay predictions performance is decreasing when the delay is
smaller than optical tweezers timescale 7, Because the displacement of this
kind of trajectory is similar based on TSD analysis.

o Even though the delay predictions gives wide deviation for delay smaller than
timescale, but the network did recognize some pattern. As shown in Fig. 5.1
and the top left-panel of Fig. 5.2, where the slope of the delay predictions is
actually following the delay truth value.
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A. Appendix

June 10, 2022

1 HARMONIC TRAP - EXPERIMENT DATA

Now we have 4 different experiment data: 1. Delay 0 ms 2. Delay 10 ms 3. Delay 30 ms 4. Delay
50 ms

We want to try our program to predict the stiffness and the delay of the experiment data

import DeepCalib

Jmatplotlib inline

from math import pi

from numpy import log

from numpy import exp

import numpy as np

import matplotlib.pyplot as plt
import pandas as pd

from scipy.constants import Boltzmann as kB
import scipy

from scipy import optimize

from keras.models import load_model

2 1. CHECKING THE DATA
First lets load the trajectory from experiment to see how the trajectory look like. Here we load the
trajectory with delay 0 ms.

We can also use this trajectory to estimate the stiffness. But, from experimental set up, we dont
have information on temperature so we assume the temperature is: 300 K.

to get the stiffness, weuse-k=kb T/ <x2 >

path_file = "D:\Thesis\Experiment\coordinates_delay_000ms.txt"

array = np.genfromtxt(path_file, skip_header=1)
# array = list(array)

# del array[32643]

# del array[32643]

# array = np.array(array)
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X
y

(array[:,0] - np.mean(array[:,0])) * le-6
(array[:,1] - np.mean(array[:,1])) * le-6

plt.plot(x)
plt.figure()
plt.plot(y)

3 Estimate stiffness

Since it is actually contain nan on indices 32643 and 32644 with both approachs (numpy and

panda), now we can estimate stiffness using what we have

kb = 1.3806 * 1e-23

T = 300

sum_x = 0

sum_y = O

for i in range(len(x_subs)):
sum_x += np.square(x[i])
sum_y += np.square(y[i])

mean_x_squared_sum = sum_x / len(x_subs)
mean_y_squared_sum = sum_y / len(y_subs)

k_estimate_x = (kb * T)/mean_x_squared_sum
k_estimate_y = (kb * T)/mean_y_squared_sum

*

print(k_estimate_x)
print (k_estimate_y)

def acf_by_hand(data, lag):
# Slice the relevant subseries based on the lag
yl = x[:(len(x)-1lag)]
y2 = x[lag:]
# Subtract the mean of the whole series = to calculate Cov
sum_product = np.sum((yl-np.mean(x))*(y2-np.mean(x)))
# Normalize with var of whole series
return sum_product / ((len(x) - lag) * np.var(x))

ndata = len(x)

nlags = 310

acf = np.zeros(nlags)
lag_array = np.zeros(nlags)

for i in range(nlags):
acf[i] = acf_by_hand(x, i)
lag_array[i] = i
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# lag_array = lag_arraylacf>0.1]

# acf = acflacf>0.1]

coeff = np.polyfit(lag_array, np.log(acf),1)
print(coeff)

est_acf = np.exp(coeff[1]) * np.exp(coeff[0]*lag_array)

plt.plot(lag_array, acf)
plt.plot(lag_array, est_acf, '--')

est_gamma = (0.01 * k_estimate_y) / (-coeff[0])

print (est_gamma)

1 = (np.arange(100)-50)/20e6
hx = np.histogram(x,1)
hy = np.histogram(y,1)

plt.plot((1[:-1]1+1[1:1)/2,-np.log(hx[0] /np.max (hx[0]))*kb*T)
plt.plot((1[:-1]1+1[1:]1)/2,-np.log(hy[0] /np.max (hx[0]))*kb*T)

k = 1.61e-9

plt.plot ((1[:-11+1[1:1)/2, kx(1[:-11+1[1:]1)=**2/8, "--")

3.1 From the experiment result, we have stiffness used in this experiment is 8.49 fN.

Now we have to estimate the friction coefficient (gamma) used in this experiment. to estimate
gamma, we use autocorrelation method.

ndata = len(x)

nlags = 200
xl = x
X2 = X

acf = np.zeros(nlags)
lag_array = np.zeros(nlags)

def acf_by_hand(data, lag):
# Slice the relevant subseries based on the lag
y1 = x[:(len(x)-1lag)]
y2 = x[lag:]
# Subtract the mean of the whole series x to calculate Cov
sum_product = np.sum((yl-np.mean(x))*(y2-np.mean(x)))
# Normalize with var of whole series
return sum_product / ((len(x) - lag) * np.var(x))
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for i in range(nlags):
acf[i] = acf_by_hand(x, i)
lag_arrayl[i] = i

# scipy.optimize.curve_fit(lambda t,a,b: a*np.exp(b*t), lag_array, acf)

# /coeff = scipy.optimize.curve_fit(lambda t,a,b: a*np.exp(b*t), lag_array, .
sacf, p0=(4, 0.01))

#

lag_array = lag_arraylacf>0.1]
acf = acflacf>0.1]
coeff = np.polyfit(lag_array, np.log(acf),1)

plt.plot(lag_array, np.log(acf), '.',lag_array, lag_array*coeff[0] + coeff[1])

plt.legend(['ACF trajectory based', 'ACF Polyfit Approximation'])
plt.title('Autocorrelation')

plt.xlabel('lags")

plt.ylabel('Autocorrelation')

k

gamma_est = -k*0.01/coeff [0]
print (gamma_est)

4 2. Trajectory Generator with same parameter as experiment

Here we need to train the network with trajectories generated using a function which implement
experiment parameters: - stiffness : 8.49 fN - particle’s diameter : 200 nm - dt : 1 ms - temperature
:300K

### Phystical parameters

R = le-7 # Radius of the Brownian particle [m]

eta = 0.001 # Viscosity of the medium [kg m~-1 s~-1]

T = 300 # Temperature [K]

k0 = 8.49 # Reference stiffness [fN \mu m ~-1]

gamma0 = gamma_est #6 * pti * eta * R # Reference friction coefficient [kg s~-1]
delay0 = 100 # Maxzimum delay in logl0. So 1ts = 100

## Simulation parameters
dt = 1le-3

Dt = le-3

Nparticle = 32
pre_simulation = 1000
Niter = 10000
oversampling = int(dt/Dt)



A. Appendix

##scaling function
scale_inputs = lambda x_pos: x_pos * le+6
rescale_inputs = lambda scaled_x_pos: scaled_x_pos * le-6

scale_targets = lambda k, delays: [k /100, delays/delayO]
rescale_targets = lambda scaled_k, scaled_delay: [scaled_k*100, np.
—round(scaled_delay*delay0)-1]

def simulate_trajectory(Nparticle=Nparticle,
delay0 = delayO,
T=T,
gammaO=gammaO,
k0=kO,
dt=dt,
pre_simulation=pre_simulation,
oversampling=oversampling,
Niter = Niter):

import numpy as np

from scipy.constants import Boltzmann as kB
from math import pi

from math import sqrt

from numpy.random import randn as gauss
from numpy.random import rand as uniform
from numpy.random import randint

k = uniform(Nparticle) * kO * 10

# k = 4.5 + np.random.rand (Nparticle) * kO + np.random.rand(Nparticle) * 15
gamma = gammaO* (uniform(Nparticle) * .1 + .95)
tscale = (le9*gamma)/k

Dt = dt / oversampling

Diff = kB * T / gamma

first_term = - k * le-9 / gamma * Dt
second_term = np.sqrt(2*xDiff*Dt)
time = np.zeros(Niter)

n=20

#initialize delay array
x_delay = np.zeros((Nparticle, delayO+1))
delays = delay0 * uniform(Nparticle) + .95

delays_calc = np.round(delays) # [1,100]
delays_target = delays

#initialize position of the particle
x_pos = np.zeros((Nparticle, Niter))
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X_MIN

x_pos[:,0]
X_MAX = le-5
= =il@g=B

x_prev = np.zeros(Nparticle)

for t in range(pre_simulation):

for i in range(Nparticle):
x_prev[i] = x_delay[i, -int(delays_calc[il)]

X = X + first_term * x_prev + second_term * gauss(Nparticle)

if any (X > X_MAX):
arr = np.where(X > X_MAX)
X[arr] = X_MAX - le-6
elif any (X < X_MIN):
arr = np.where(X < X_MIN)
X[arr] = X_MIN + le-6

#update delay_array
x_delay = np.roll(x_delay, -1)
x_delay[:,-1] = X

#generate trajectory with delay

0

for t in range(Niter * oversampling):

for i in range(Nparticle):
x_prev[i] = x_delay[i, -int(delays_calc[i])]

X = X + first_term * x_prev + second_term*gauss(Nparticle)

if any (X > X_MAX):
arr = np.where(X > X_MAX)
X[arr] = X_MAX - le-6
elif any (X < X_MIN):
arr = np.where(X < X_MIN)
X[arr] = X_MIN + le-6

#update delay_array
x_delay = np.roll(x_delay, -1)
x_delay[:,-1] = X

#save position
z_pos[:,t] = X
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if t 7 oversampling == 0:
x_pos[:,n] = X
n+=1

# Normalize trajectory and targets

inputs = DeepCalib.trajectory(
names=['x"'],
values=x_pos,
scalings=['x [\u0O3BCm] '],
scaled_values=scale_inputs(x_pos))

targets = DeepCalib.targets(
names=['k [fN/\u03BCm]', 'delay [ms]'],
values=np.swapaxes([k, delays_calc-1],0,1),
scalings=['k/100)', 'delay/delay0'l],
scaled_values=np.swapaxes(scale_targets(* [k, delays_target]),0,1))

# time scale
timescale = np.divide(gamma, k)
return inputs, targets
### Show some examples of simulated trajectories
number_of_trajectories_to_show = 10
DeepCalib.plot_sample_trajectories(simulate_trajectory,,
—number_of_trajectories_to_show)

5 3. Build and Train the network with Experiment’s Parameters

Try using ReLU for activation function in the output layer

### To make sure we use the newest metwork architecture, we put import code,
—agatn here

import DeepCalib

### Define parameters of the deep learning mnetwork
input_shape = (None, 10000)

lstm_layers_dimensions = (1024, 256, 64)
number_of_outputs = 2

### Create deep learning network

network = DeepCalib.create_deep_learning network(input_shape,,
~1lstm_layers_dimensions, number_of_outputs)
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### Print deep learning network summary

network. summary ()

### Define parameters of the training

sample_sizes = (32, 128, 512, 1024)

iteration_numbers = (501, 1001, 1001, 1001)

verbose = .01

### Training

training_history = DeepCalib.train_deep_learning_ network(network,
—simulate_trajectory, sample_sizes, iteration_numbers, verbose)

### Plot learning performance

number_of_timesteps_for_average = 100

DeepCalib.plot_learning_performance(training_history,
—number_of_timesteps_for_average)

### Test the predictions of the deep learning network on some generated,

—trajectories
number_of_predictions_to_show = 1000
Jmatplotlib inline

DeepCalib.plot_test_performance(simulate_trajectory, network, rescale_targets,,,

—number_of_predictions_to_show)
### Define parameters of the training

sample_sizes = (1024, 2048)
iteration_numbers = (1001, 1001)
verbose = .01

### Training
training_history = DeepCalib.train_deep_learning network(network,

—simulate_trajectory, sample_sizes, iteration_numbers, verbose)

save_file_name = 'TEST4.h5'
network.save(save_file_name)

6 4. PREDICT THE EXPERIMENT TRAJECTORY

Now, since we already have a great result for small k, we we try to predict the stiffness of the

experiment using our trained network.
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*For playing, we create test_trajectory generator which used only 1 value of delay or single value
of k

[ 1: model = load_model('TEST2.h5'")

7 TRY PREDICT THE TRAJECTORY WITH DELAY FEEDBACK

[ 1: path_file = "D:\Thesis\Experiment\coordinates_delay_150ms.txt"

array = np.genfromtxt(path_file, skip_header=1)
x_del = arrayl[:,0]

y_del = arrayl[:,1]

mean_x = np.mean(x_del)

mean_y = np.mean(y_del)

x_subs = x_del - mean_x

y_subs = y_del - mean_y

print (mean_x)

print (mean_y)

fig, axs = plt.subplots(2)
axs[0] .plot(x_subs)
axs[1] .plot(y_subs)

Now lets predict the experiment trajectory using trained network

[ ]: predictions_delay = []
predictions_k = []
ndata = len(x_subs)
ninput = 1000
oversam = 1
nmeas = 100
steps = int((ndata-1000*oversam)/nmeas)
slength = oversam*ninput
points = []

for i in range(nmeas):
x = x_subs[(i*steps): (i*steps+slength) : oversam]
predicted_k, predicted_delay = DeepCalib.predict(model, x) [0]
predictions_k.append(predicted_k)
predictions_delay.append(predicted_delay)
points.append (i)

[predictions_k, predictions_delay] = rescale_targets(*np.array([predictions_k,,
—predictions_delay]))

[ ]: k_truth = np.zeros(nmeas)
tau_truth = np.zeros(nmeas)
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plt.figure(figsize=(10,8))

plt.scatter(points, predictions_k)

plt.plot(points, k_truth, 'r')

plt.xlabel('trajectory segment', fontsize=20)
plt.ylabel('measured stiffness [£N/\u0O3BCm]', fontsize=20)
plt.legend(['predictions', 'stiffness value'], fontsize=20)
plt.ylim([0,1001)

plt.figure(figsize=(10,8))

plt.scatter(points, predictions_delay)

plt.plot(points, tau_truth, 'r')

plt.xlabel('trajectory segment', fontsize=20)
plt.ylabel('measured delay [ms]', fontsize=20)
plt.legend(['predictions', 'stiffness value'], fontsize=20)
plt.ylim([0,100])

8 PLAYING

### Phystical parameters

R = le-7 # Radius of the Browntan particle [m]
eta = 0.001 # Viscosity of the medium [kg m~-1 s~-1]
T = 300 # Temperature [K]

k0 = 8.49 # Reference stiffness [fN \mu m ~-1]
gamma0 = gamma_est #6 * pti * eta * R # Reference friction coefficient [kg s~-1]
delay0 = 100

%

Mazimum delay in logl0. So 2ts = 100

## Simulation parameters
dt = le-2

Nparticle = 32
pre_simulation = 1000
Niter = 1000
oversampling = 10

##scaling function
scale_inputs = lambda x_pos: x_pos * le+6
rescale_inputs = lambda scaled_x_pos: scaled_x_pos * le-6

scale_targets = lambda delays: delays/delayO
rescale_targets = lambda scaled_delay: np.round(scaled_delay+*delayO)-1

def simulate_trajectory(Nparticle=32,
delay0 = delayO,
T=T,
gammaO=gammaO,
k0=kO,

10
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dt=dt,
pre_simulation=pre_simulation,
oversampling=oversampling,
Niter = Niter):

import numpy as np

from scipy.constants import Boltzmann as kB
from math import pi

from math import sqrt

from numpy.random import randn as gauss
from numpy.random import rand as uniform
from numpy.random import randint

k = np.zeros(Nparticle) + 8.5

k = 4.5 + np.random.rand (Nparticle) * kO + np.random.rand(Nparticle) * 15
gamma = gammaO#* (uniform(Nparticle) * .1 + .95)
tscale = (le9*gamma)/k

Dt = dt / oversampling

Diff = kB * T / gamma

first_term = - k * le-9 / gamma * Dt
second_term = np.sqrt(2*xDiff*Dt)
time = np.zeros(Niter)

n=20

#initialize delay array
x_delay = np.zeros((Nparticle, delay0+1))
delays = delay0 * uniform(Nparticle) + .95

delays_calc = np.round(delays) # [1,100]
delays_target = delays

#initialize position of the particle
x_pos = np.zeros((Nparticle, Niter))
X = x_pos[:,0]

X_MAX
X_MIN

le-5
-1le-5

x_prev = np.zeros(Nparticle)
for t in range(pre_simulation):

for i in range(Nparticle):
x_prev[i] = x_delayl[i, -int(delays_calc[i])]

X =X + first_term * x_prev + second_term * gauss(Nparticle)

11
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if any (X > X_MAX):
arr = np.where(X > X_MAX)
X[arr] = X_MAX - le-6
elif any (X < X_MIN):
arr = np.where(X < X_MIN)
X[arr] = X_MIN + 1le-6

#update delay_array
x_delay = np.roll(x_delay, -1)
x_delay[:,-1] = X

#generate trajectory with delay
n=20
for t in range(Niter * oversampling):

for i in range(Nparticle):
x_prev[i] = x_delay[i, -int(delays_calc[i])]

X = X + first_term * x_prev + second_term*gauss(Nparticle)

if any (X > X_MAX):
arr = np.where(X > X_MAX)
X[arr] = X_MAX - le-6
elif any (X < X_MIN):
arr = np.where(X < X_MIN)
X[arr] = X_MIN + le-6

#update delay_array
x_delay = np.roll(x_delay, -1)
x_delay[:,-1] = X

#save position
z_pos[:,t] = X

if t 7 oversampling == O:
x_pos[:,n] = X
n +=1

# Normalize trajectory and targets

inputs = DeepCalib.trajectory(
names=['x"'],
values=x_pos,
scalings=['x [\u0O3BCm] '],
scaled_values=scale_inputs(x_pos))

targets = DeepCalib.targets(

12
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names=['delays [ms]'],
values=delays_target,

scalings=['delays / delays0)'],
scaled_values=scale_targets(delays_target))

# time scale
timescale = np.divide(gamma, k)
return inputs, targets

### Show some examples of simulated trajectories

number_of_trajectories_to_show = 10
DeepCalib.plot_sample_trajectories(simulate_trajectory,,
—number_of_trajectories_to_show)

### Define parameters of the deep learning metwork

input_shape = (None, 1000)
lstm_layers_dimensions = (1024, 256, 64)
number_of_outputs = 1

### Create deep learning network

network = DeepCalib.create_deep_learning network(input_shape,,
~1lstm_layers_dimensions, number_of_outputs)

### Print deep learning network summary
network. summary ()
### Define parameters of the training

sample_sizes = (32, 128, 512, 1024)
iteration_numbers = (501, 1001, 1001, 1001)
verbose = .01

### Training
training history = DeepCalib.train_deep_learning network(network,,
—simulate_trajectory, sample_sizes, iteration_numbers, verbose)

network = load_model('PLAYING.h5')

### Test the predictions of the deep learning network on some generated,
—trajectories

number_of_predictions_to_show = 1000

Jmatplotlib inline
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DeepCalib.plot_test_performance(simulate_trajectory, network, rescale_targets,,

—number_of_predictions_to_show)
### Define parameters of the training

sample_sizes = (1024, 2048)
iteration_numbers = (1001, 1001)
verbose = .01

### Training
training_history = DeepCalib.train_deep_learning_network(network,
—simulate_trajectory, sample_sizes, iteration_numbers, verbose)

save_file_name = 'PLAYING.h5'
network.save(save_file_name)

14
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June 10, 2022

1 Rotational trap with Delay

1.1 1. INIZIALIZATION

import DeepCalib

Jmatplotlib inline

from numpy import loglO
from numpy import log
from numpy import exp
from math import pi
import numpy as np

1.2 2. DEFINE TRAJECTORY SIMULATION

Here the function that simulates the motion of the Brownian particle in the force field under con-
sideration is defined. Specifically, in this case, we consider a Brownian particle in a rotational force
field, and the motion of the particle depends on the the trap radial component k and the rotational
component M.

This file is used to reproduce results that are shown in the numerical section of Fig.5 and generate
the pretrained network “Network_Example_3a” that is going to be needed to execute Example 3b.

Comments: 1. The function that simulates the trajectories must be called simulate_trajectory. 2.
Lambda functions scale_inputs, rescale_inputs, scale_targets, and rescale_targets must also be de-
fined. For the best performance of the learning, the rescaling of both the inputs and targets should
lead to values of order 1.

### Phystical parameters

R = le-7 # Radius of the Brownian particle [m]

eta = 0.001 # Viscosity of the medium [kg m~-1 s~-1]

T = 300 # Temperature [K]

k0 = 10 # Reference stiffness [fN m~-1]

MO = 20 # Reference rotational coefficient [N m~-1]

gammaO0 = 1.3 * 6 * pi * eta * R # Reference friction coefficient [kg s~-1]
delay0 = 100

### Simulation parameters
N = 1000 # Number of samples of the trajectory
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Dt = be-2 # Timestep

dt 5e-3

oversampling = int(Dt/dt) # Simulation oversampling

t_eq = 10*gamma0/k0

offset = 1000 # Number of equilibration points

### Define functions to scale and rescale inputs
scale_inputs = lambda x, y: [x * le+6, y * le+6] # Scales input trajectory,
~to order 1
rescale_inputs = lambda scaled_x: [scaled_x * le-6,
scaled_y * le-6] # Rescales input trajectory,
—to physical units

### Define function to scale and rescale targets
scale_targets = lambda k, M, delays: [k/delay0, (M+50)/delay0, delays/delay0]
< # Scales targets to order 1
rescale_targets = lambda scaled_k, scaled_M, scaled_delays: [scaled_k * delayO,
(scaled_M*delay0)-50,,
—scaled_delays*delay0] # Inverse of targets_scaling

### Define the simulate_trajectory function

def simulate_trajectory(batch_size=32,
T=T,
k0=kO,
MO=MO,
gammaO=gammaO,
delayO=delayO,
N=N,
Dt=Dt,
oversampling=oversampling,
offset=offset,
scale_inputs=scale_inputs,
scale_targets=scale_targets):

import numpy as np

from scipy.constants import Boltzmann as kB
from math import pi

from math import sqrt

from numpy.random import randn as gauss
from numpy.random import rand as uniform

### Randomize trajectory parameters

k
M

kO * 10 * uniform(batch_size)
MO * (uniform(batch_size)*5 -2.5)
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gamma = gammaO * (uniform(batch_size)*0.2 + .9)
delays = delay0 * uniform(batch_size) + .95

delay_calc = np.round(delays)

X_MAX = le-5
X_MIN = -1le-5
Y_MAX = le-5
Y_MIN = -1le-5

### Stmulate

dt = Dt / oversampling

x = np.zeros((batch_size, N))
y = np.zeros((batch_size, N))
D=kB * T / gamma

Cl = -k * 1le-9 / gamma * dt
C2 = -M * le-9 / gamma * dt
C3 = np.sqrt(2 * D * dt)

x_delay = np.zeros((batch_size, delay0+2))
y_delay = np.zeros((batch_size, delay0+2))

X_PREV = np.zeros(batch_size)
Y_PREV = np.zeros(batch_size)

X = x[:,0]

Y = y[:,0]

n=20

for t in range(offset): # O0ffset

for i in range(batch_size):
X_PREV[i] = x_delayl[i, -int(delay_calc[i])]
Y_PREV[i] = y_delayl[i, -int(delay_calc[i])]

>

= X + C1 * X_PREV - C2 * Y_PREV + C3 * gauss(batch_size)
Y =Y + Cl * Y_PREV + C2 * X_PREV + C3 * gauss(batch_size)
X=X+C1l X -C2x*7Y + (3 * gauss(batch_size)
Y=Y +Cl Y+ C2+* X + (C3 * gauss(batch_size)

if any (X > X_MAX):
arr = np.where(X > X_MAX)
X[arr] = X_MAX - le-6
elif any (X < X_MIN):
arr = np.where(X < X_MIN)
X[arr] = X_MIN + 1le-6
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for

if any (Y > Y_MAX):
arr = np.where(Y > Y_MAX)
Y[arr] = Y_MAX - le-6
elif any (Y < Y_MIN):
arr = np.where(Y < Y_MIN)
Y[arr] = Y_MIN + 1le-6
print (X_PREV)
#update delay
x_delay = np.roll(x_delay, -1)
x_delayl[:,-1] = X
y_delay = np.roll(y_delay, -1)
y_delayl[:,-1]1 =Y
print (z_delay)

t in range(N * oversampling): # Simulation
print ('current z', X)
print ('current y', Y)
for i in range(batch_size):
X_PREV[i] = x_delayl[i, -int(delay_calc[i])]
Y_PREV[i] = y_delayl[i, -int(delay_calc[i])]
print('z prev', X_PREV)
print('y prev', Y_PREV)
= X + C1 * X_PREV - C2 * Y_PREV + C3 * gauss(batch_size)
Y=Y + Cl * Y_PREV + C2 * X_PREV + C3 * gauss(batch_size)
X=X+Cl X -C2x*7Y + (3 * gauss(batch_size)
Y=Y+ Cl Y+ C2+* X + (C3 * gauss(batch_size)
print('z new', X)
print('y new', Y)

>

if any (X > X_MAX):
arr = np.where(X > X_MAX)
X[arr] = X_MAX - 1le-6
elif any (X < X_MIN):
arr = np.where(X < X_MIN)
X[arr] = X_MIN + le-6

if any (Y > Y_MAX):
arr = np.where(Y > Y_MAX)
Y[arr] = Y_MAX - 1le-6
elif any (Y < Y_MIN):
arr = np.where(Y < Y_MIN)
Y[arr] = Y_MIN + le-6

#update delay

x_delay = np.roll(x_delay, -1)
x_delay[:,-1] = X

y_delay = np.roll(y_delay, -1)
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y_delayl[:,-1] =Y

if t % oversampling ==

x[:,n] =X
yl:,n] =Y
n += 1

# Normalize trajectory and targets

inputs = DeepCalib.trajectory(
names=['x', 'y'],
values=np.swapaxes([x, y],0,1),
scalings=['x [\u03BCm]', 'y [\u03BCm]'],
scaled_values=np.swapaxes(scale_inputs(*[x,y]),0,1))

targets = DeepCalib.targets(
names=['k [fN/\u03BCm]', 'M [£fN/\u0O3BCm]', 'delays'],
values=np.swapaxes([k, M, delay_calc],0,1),
scalings=['k/100', '(M+50)/100', 'delays/delay0'],
scaled_values=np.swapaxes(scale_targets(x[k, M, delays]),0,1))

return inputs, targets

trajectory, targets = simulate_trajectory(2)

1.3 3. CHECK TRAJECTORY SIMULATION

Checks the results of the function to simulate the trajectories by plotting some examples in rescaled
units.

Have a look at the trajectories and check if they match your system, and keep an eye on different
trajectories and make sure your scaled units vary in the order of 1, i.e, neither too small (0.01 or
smaller) nor too large (100 or larger)

The parameter number_of_images_to_show determines the number of trajectories that are plot-
ted.

### Show some examples of simulated trajectories

number_of_trajectories_to_show = 10
DeepCalib.plot_sample_trajectories(simulate_trajectory,,
—number_of_trajectories_to_show)

1.4 4. CREATE AND COMPILE DEEP LEARNING NETWORK

The parameters of the deep learning network are defined and the network created. The summary
of the network is printed where the output shape and number of parameters for each layer can be
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visualized.

Comments: 1. The parameter input_shape determines the shape of the input sequence, given by
the number of time-steps times the number of samples in each input sequence. Make sure your
input shape dimensions match the length of the input trajectory, in this example 2 x 1000 = 2000.
2. The parmameter conv_layers_dimensions determines the number and size of LSTM layers. 3.
The parameter number_of_outputs determines the number of outputs, i.e. the number of force
field parameters to be estimated.

### Define parameters of the deep learning metwork
input_shape = (None, 1000)

lstm_layers_dimensions = (1024, 256, 64)
number_of_outputs = 3

### Create deep learning network

network = DeepCalib.create_deep_learning network(input_shape,
~1lstm_layers_dimensions, number_of_outputs)

### Print deep learning network summary

network. summary ()

1.5 5. TRAIN DEEP LEARNING NETWORK

The parameters for the training of the deep learning network are defined and the network is
trained. The sample size, iteration number, MSE, MAE and the time of each iteration is printed.

Comments: 1. The parameter sample_sizes determines the sizes of the batches of trajectories used
in the training. 2. The parameter iteration_numbers determines the numbers of batches used in
the training. 3. The parameter verbose determines the frequency of the update messages. It can
be either a boolean value (True/False) or a number between 0 and 1.

### Define parameters of the training

model = network

sample_sizes = (32, 128, 512, 2048, 4096)
iteration_numbers = (1001, 1001, 2001, 2001, 2001)
verbose = .01

### Training
training_history = DeepCalib.train_deep_learning_network(model,
—simulate_trajectory, sample_sizes, iteration_numbers, verbose)

1.6 6. PLOT LEARNING PERFORMANCE

The learning performance is plotted. The MSE, MAE, sample size, iteration number and iteration
time are plotted against the number of timesteps.
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Comment: 1. The parameter number_of_timesteps_for_average determines the length of the av-
erage. It must be a positive integer number.

### Plot learning performance
number_of_timesteps_for_average = 100

DeepCalib.plot_learning_performance(training_history,
—number_of_timesteps_for_average)

1.7 7. TEST DEEP LEARNING NETWORK ON NEW SIMULATED TRAJECTORIES

The deep learning network is tested on new simulated trajectories (parameters are defined in
section 2). The predicted values of the targets are plotted as function of their ground-truth values
both in scaled and physical units.

Comments: 1. The parameter number_of_predictions_to_show determines the number of predic-
tions that are shown.

### Test the predictions of the deep learning network on some generated,

—~trajectories
number_of_predictions_to_show = 1000
Jmatplotlib inline

DeepCalib.plot_test_performance(simulate_trajectory, network, rescale_targets,,
—number_of_predictions_to_show)

1.8 8. SAVE DEEP LEARNING NETWORK

Comments: 1. The parameter save_file_name is the name of the file where the deep learnign
network is saved. 2. By default, the network is saved in the same folder where DeepCalib is

running.

save_file_name = 'delayed_3a_optimized.hb'
model . save(save_file_name)

2 TRY TRAIN LONGER

model . summary ()

### Define parameters of the training
sample_sizes = (4096, 4096)
iteration_numbers = (1001, 1001)

verbose = .01

### Training
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training_history = DeepCalib.train_deep_learning network(model,,
—simulate_trajectory, sample_sizes, iteration_numbers, verbose)

### Plot learning performance
number_of_timesteps_for_average = 100

DeepCalib.plot_learning_performance(training_history,,
—number_of_timesteps_for_average)

### Test the predictions of the deep learning network on some generated,
—trajectories

number_of_predictions_to_show = 1000
%matplotlib inline
DeepCalib.plot_test_performance(simulate_trajectory, network, rescale_targets,,

—number_of_predictions_to_show)

save_file_name = 'delayed_3a_longer.hb'
network.save(save_file_name)
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