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Abstract

This work develops a general representation of a domestic electricity network
in the form of an embedding. Unlabelled data from a smart meter is used to
train neural networks (auto-encoders) in three stages, each focusing on specific
properties. Stage 1 embeds a single electrical phase, stage 2 embeds a time
series such as switch events, and stage 3 makes the embedding independent of
a particular phase. The final assembly of all three stages is tested with labelled
data to assess the quality of the embedding found, showing distinct clusters for
different states of the domestic power grid, illustrating the good result.



Zusammenfassung

In dieser Arbeit wird eine allgemeine Darstellung eines Haushaltsstromnetzes in
Form einer Kodierung (embedding) entwickelt. Rohdaten (unlabeled data) von
einem intelligenten Stromzähler (smart meter) werden verwendet, um neuronale
Netze (Autocoder) in drei Phasen zu trainieren, die sich jeweils auf bestimm-
te Eigenschaften konzentrieren. In Phase 1 wird eine einzelne elektrische Phase
kodiert, in Phase 2 eine Zeitreihe wie z.B. Zustandsänderungen und in Phase
3 wird die Kodierung unabhängig von einer bestimmten elektrischen Phase ge-
macht. Die kombinierte Endversion aller drei Phasen wird mit Testdaten (labeled
data) getestet, um die Qualität der gefundenen Kodierung zu bewerten. Das gute
Ergebnis wird durch die gezeigten Datenwolken der verschiedenen Zustände des
Hausstromnetzes veranschaulicht.
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Chapter 1

Introduction

Over the last years, the requirements for power meters have changed due to new
needs arising from the challenges of the transition to renewable energy and the
energy crisis caused by the Russian invasion of Ukraine.

In the past, meters were read on an annual basis. However, they have now become
an integral part of the smart grid. With the increasing use of home automation
systems, meters are not only responsible for measuring consumption but also
for estimating the state of the household or identifying certain appliances. The
traditional approach of using individual smart sockets to identify the status and
consumption of appliances is costly, maintenance-intensive and does not scale.

The interfaces of modern smart meters output measurements every few seconds.
These unlabelled data could become a valuable source for estimating the state of
a household or individual appliances. This work aims to develop an embedded
representation of the data to make the complex task of estimating the state of
a household or disaggregating individual appliances from raw, unlabelled data
much more feasible.

The upcoming chapters will describe the process of developing this embedded rep-
resentation. The process involves planning, collecting, and preparing the required
data, followed by the training. Throughout the research, various approaches were
tested and the results are analysed and evaluated in the final chapters.
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Chapter 2

Terms, concepts and technologies

This chapter provides explanations of the terms, concepts and technologies used
or mentioned in the context of this research.

2.1 Latent space and GANs

A latent space is a high dimensional vector space where semantically similar data
is near in distance to each other. It is an embedding of data where a focus to the
meaning of the data is targeted and expressed within its position in the latent
space.

A good example of a latent space is Sora published by OpenAI ’Video generation
models as world simulators’ [BPH+24] a few days before on 15.02.2024. It shows
the possibilities of a GAN (generative adversarial networks), a content generator
framework, which makes use of latent spaces. The created system is able to
generate videos which have temporal coherence and object coherence and can be
created from text prompts as explained below.

Image data from videos is brought to a latent space based on the work of
[RBL+22]. The videos are brought from pixel space to a temporally and spa-
tially latent space [BPH+24]. Afterwards, they are embedded.

The system employs an encoder and a decoder. The encoder brings video data
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from the pixel space to this latent space (embedding) and a decoder brings it
back from the latent space to the pixel space. The decoder generates videos this
way.

Figure 2.1: The image shows that the concepts are encoded in the latent space. The
concepts like snow, dog and poodle hat, exist in every version of the video. The more
computation is applied (left to right) the finer the concepts are expressed.[BPH+24]

The operations on the data in the latent space can be controlled with text prompts
similar to systems like ChatGPT.

To understand the concept of embedding, one can think of every vector in the
latent space as a representation of a complex situation in a video. Similar concepts
create similar vectors close to each other.

A concept of a situation could be ’snow, dog, person, timestamp 1.3 seconds’.
In simple terms, the video is controlled and created by creating and moving the
vectors around in the latent space and bringing the results to the pixel space.

The control of the process comes from the fact that a vector in a certain re-
gion is surrounded by other vectors of very similar meaning but slightly different
properties (variations in concepts).

Videos with text descriptions bring the connection of text prompts and vectors
of concepts of situations in a video. The videos are transformed into a concept
which the authors call ’patches’, similar to the concept of tokens in languages.
This way, the creation process can be controlled with text prompts (e.g. what
concept is shown).
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Sora brings improved temporal coherence. This means that the video adjusts the
scene slightly between consecutive frames. For example, the video shows a dog
in frame 1, 2 and 3 moving instead of a dog in frame 1, a tree in frame 2 and a
person in frame 3, or different dogs in each frame. This becomes possible, as the
representation of the output in a latent space encodes semantics to differentiate
between ’a dog’ and ’this specific dog, timestamp 1.3 seconds’.

Sora brings better object coherence. An object in frame 1 of the resulting video
could be occluded or disappear in frame 2, and would remain the same when it
reappears in frame 3. For example, if a car would drive in front of a dog, the
same dog would appear as soon as the car passes.

To illustrate this, imagine a latent space with the axes x, y, z and opacity. The
axes x, y, z encode the position in a room from 0 to 1, the opacity encodes if
the transparency from 0 for invisible to 1 completely visible. If 4 objects of a
video would be embedded in this latent space one of the objects could be visible
in one frame with an opacity of 1, invisible in the next frame with an opacity of
0 and again visible in the third frame with an opacity of 1. The object would
seem to disappear in the resulting video but the encoding would keep the object
persistent in the scene. This latent space should have a good object coherence in
the results. It is a bit like younger children have to understand this concept and
learn that objects don’t disappear even if they are not visible because they are
occluded.

The effect of the meaning of vectors and the precision of concepts can be seen in
figure 2.1 OpenAI Sora latent space longer calculations on page 9 where the main
concept improves as more computation is applied to refine the concept in the
latent space as the results are created from random noise and refined over time.
It is easy to see that the main concepts exist in every version but the longer the
computation goes on the finer the concepts get expressed. It is not quantitative
qualities such as noise, resolution, etc. that improve, but rather semantics such
as concepts, details, etc. of the image.

All of this demonstrates the strength of latent spaces where the encoding of
certain properties, such as semantics, in regions of the space becomes possible.
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The image shown in figure 2.2 Image of a CNN generated by ChatGPT and
DeepAI on page 11 is generated with two GANs (ChatGPT [Ope24], DeepAI
[Dee24]) to illustrate a simple experiment with a GAN in real life. ChatGPT
is used to embed the question about the concept of convolutional neural net-
works with a text prompt and the GAN extends the text token by token with the
tokens of highest probability. The result looks like an answer. ChatGPT is used
to generate an input for a DeepAI image-generating GAN. The resulting image
displays diagram fragments without any meaningful output. The input needs to
be fine-tuned for the output to serve the intended purpose. See the appendix in
section C GAN prompts on page 94 for the prompts.

Figure 2.2: In an attempt to illustrate a CNN a GAN (DeepAI) [Dee24] prompted
by another GAN large language model (ChatGPT) [Ope24] was used (full prompt in
appendix). The illustration seems to show some abstract layers without any sensible
information.

2.2 Auto-Encoder

The concept of auto-encoders is based on the training of neural networks. Auto-
encoders open up the possibility to learn an encoding of unlabelled data for
unsupervised learning. The concept is often used in GANs.

An auto-encoder consists of two neural networks that work together during train-
ing. The first network is the encoder, which transforms the input data into an
encoding of limited size. The dimensionality gets reduced, which could be seen as
a type of ’compression’ to a dense semantic vector. The decoder then recreates
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the original input data as good as possible from this encoding (see figure 2.3 Auto-
encoder principle on page 12).

The learning process tries to reduce the error between the input data given to the
encoder and the result which the decoder is able to reconstruct from the encoding
created by the encoder.

Figure 2.3: An auto-encoder consists of two neural networks, the encoder and the
decoder connected to each other. The interconnected ’middle’ is of reduced size to
enforce a process of learning of a compressed, semantic vector space: the latent space.
After the training, the encoder is used to encode the data into the latent space. The
decoder is not needed after the training process and could be discarded.

The goal of the training is that the encoder and decoder find some kind of mean-
ingful understanding or ’language’ to formulate an input, the ’encoding’, and
learn how to express a more complex data input from that, done by the decoder.

After a successful training, the decoder is not needed anymore in most cases. The
encoder would only be used to transform all data into the encoded form, called
the latent space.

An auto-encoder, as seen in figure 2.4 Auto-encoder principle training on page 13,
that has been trained on facial data shows poor results at first (first row). As
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training progresses, the encoding or latent vector tends to contain more specific
and helpful semantic data, resulting in better suited decoder results (middle row).
Following further training, the error may fall below a certain threshold or remain
around a fixed value. This convergence might be sufficient, and is an indicator
that the training was successful if low enough.

Figure 2.4: The picture illustrates an example of a learning process of an auto-encoder.
The input pattern with face data applied in an early stage of the training leads to poor
results of the decoder (top row). The results improve during the training and the latent
vector (between encoder and decoder) tends to get rich in semantic expression (middle
row). If the error of the results of the decoder gets below a certain threshold, it is
expected that the encoder is trained sufficiently [Wik23].

The encoder would be ready to use to transform input data to this encoding
space: the latent space.

The properties of the latent space depend on the input data, type of training and
parameters like the error function.

Latent spaces can be used with GANs, were an encoder transforms the images
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of two faces into a latent space. The properties (like axis) in the latent space
could provide the possibility to transform a property of the face in the first image
(e.g. smiling woman) to the face in the second image (e.g. sad looking man).
This way, it could be possible to regenerate the second image with some of the
properties (such as smiling) of the first image. The training could enforce certain
properties of the latent space depending on the use case.

2.3 Convolutional neural networks

Convolutional neural networks bring, among other things, the capability to apply
specific functions (convolutions) to the input data. These functions could filter
or group, sharpen or soften certain aspects of the input. This can be used to take
the position of the input or regional information of the input into account.

Figure 2.5: Convolutional neural networks are able to apply different types of functions
to input data. The type of function is learned during training. The regional information
of the pixel of a face is used to illustrate the regional character of the pixel in this
example. Whilst on the left the input consists of isolated pixels, the convolutional
network on the right is able to apply a function to the input to preserve the regional
information.

The pixel of an image encodes regional information. If given as an input to a
neural network, a pixel of the first row could be quite far away from a pixel in
the fifth row, depending on the way the input of the neural network is structured.
Patterns which might appear in the image (e.g. a face) could be hard to learn
for a neural network because of this.
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Certain filters or similar operations could be used to extract or amplify such
information. Convolutional neural networks bring the possibility to learn such
operations over the course of the training.

A simple example of the described concept can be seen in figure 2.5 CNN concept
on page 14. A convolutional neural network is able to apply a learned local
aggregation function. The normal neural network would receive the same pixel
information on input neurons located far away from each other, which might lead
to poorer results.
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Chapter 3

Planning

In this chapter the planning of the data processing is done.

As the project is not based on a ready to use dataset like the very popular MNIST
[Den12] or COCO [LMB+14], data collection, processing and aggregation into a
dataset is part of the planning.

The concepts of the learning process are described and different stages of the
process are planned to enforce the focus on certain aspects of the training aspect.

3.1 Data collection

The original plan was to use an unmodified Shelly 3EM to collect data every
second. The plan was to transfer the data via MQTT to an InfluxDB where the
data would be stored and later extracted to create the dataset. The concept was
changed as it turned out that the setup became more and more complex as more
parts like the Telegraf software (connector between MQTT and InfluxDB) were
needed. The setup reached a point where it became very fragile and the collection
crashed at least once every 48 hours on average. As this resulted in many gaps
in the raw data, the approach was changed.

The required data will be collected using a Shelly 3EM smart metering device,
which is capable of monitoring all three phases of a household. The device is
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equipped with custom Open Source firmware Tasmota for enhanced flexibility
and reliability. The data is transmitted via MQTT to a Raspberry Pi and stored
in simple CSV files. To minimise the risk of data loss or corruption, a new file is
created every hour.

Due to the nature of the setup, which involves a real household with consumer-
grade hardware, there may be small gaps in the data resulting from updates,
reboots, network problems, or power outages. The plan is to address this issue
during the training phase. Such errors are expected to be acceptable, as they
would occur in regular real-world setups as well.

Each data point includes a timestamp, as well as the total exported and imported
consumption of the current and the previous day for:

• power (W)

• apparent power (VA)

• reactive power (var)

• power factor (’pf’)

• frequency (Hz)

• voltage (V)

• current (A)

for each of the three phases. Data samples are taken every two seconds, as this
is the fastest rate at which the firmware can reliably provide this data without
requiring extensive customisation.

3.2 Stages of learning

The primary goal is to find a universal embedding for devices which could allow
device disaggregation and device clustering at some point. The embedding must
remain consistent over time and across sockets and phases. Whether a device,
such as a toaster, is used in a kitchen or an office should not make a difference
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in its representation. To accomplish this, a staged setup will be implemented to
facilitate the learning process.

The stages are used to refine specific aspects during training and focus on partic-
ular goals at different learning steps.

A stage is considered adequately trained if the training process produces satis-
factory results. Due to limited resources, it may be necessary to accept lower
quality results if the process demonstrates feasibility, as otherwise the training
would take too long.

The plan does not involve using the embedding for tasks such as clustering or
categorisation, as this may exceed the scope of the project.

3.2.1 Stage 1 - single phase

In Stage 1, the focus is on creating a universal and abstract representation of a
single data point.

To accomplish this, an auto-encoder is trained using all available data to generate
a good general representation for a single phase. The encode-decoder (auto-
encoder) takes a vector consisting of [W,V A, var, pf,Hz, V, A] as input and is
expected to output the same vector. Synthetic training data is also incorporated
by adding random noise to the input, but not to the output. This is expected to
make the encoding more robust and stable in a real-world setup.

3.2.2 Stage 2 - phase window

Stage 2 focuses on creating a universal and abstract embedding of the current
state of a single phase, using the embedding of Stage 1. The input consists of
a window of 16 consecutive raw data samples encoded by the Stage 1 encoder.
This accounts for approximately the last 30 seconds of data.

The raw data is checked and filtered prior to training to prevent any gaps that
may arise due to the setup. Only samples with time deltas of approximately 2
seconds are utilised.
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The second stage uses another auto-encoder to find an embedding which repres-
ents the current state (with history) of a single phase. In a first step, the input
and output data is the same.

In the next step, synthetic training data is generated, similar to Stage 1, using
random noise. The aim is to determine whether this approach produces more
robust and improved results, or if the embedding does not improve with the
noisier version of the already encoded data.

3.2.3 Stage 3 - all phases invariant

In Stage 3, the focus is on creating a universal, abstract and invariant embedding
of a single state of all provided phases (three or less). The embedding from Stage
2 is used to represent the state of each respective phase. All phases are fed into
an auto-encoder, as in the previous stages.

The goal of this training is to get a representation which is invariant of the phase.
For instance, a toaster should be represented equally whether it is connected to
phase A, B, or C.

Another target are devices like electric ovens, heat pumps, hot water boilers and
the like which are connected to more than one phase. The representation should
be independent of the phase configuration as much as possible. For example, an
oven connected with its clamps 1, 2 and 3 in a configuration A, B, C should be
represented as equally as possible if connected in a configuration A, C, B.

If data of less than three phases is provided for some reason (single phase system
or failure) the system should provide an embedding that represents the available
data as closely as possible to a system with more data. For instance, if one
of the three phases is missing, the embedding should still be usable with the
remaining phases. This approach ensures compatibility of data with different
configurations. For example, if a toaster is represented on a single-phase system,
it should be comparable to the same toaster on a three-phase system.

In order to achieve this, the training data will be structured as follows (permuted)
to cover all possible combinations:
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• A B C => A B C

• A C B => A B C

• ...

• A B C => B C A

• A C B => B C A

• ...

• A 0 0 => A 0 0

• 0 A 0 => A 0 0

• 0 0 A => A 0 0

• A B 0 => A B 0

• 0 A B => A B 0

• A 0 B => A B 0

• ...

As in previous steps, synthetic data with noise is tested to see if this leads to
better results.

The exponential to factorial growth of the dataset when permuted might be-
come problematic. This might lead to a limited training setup with constrained
computation capabilities.
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Chapter 4

Exploration

This chapter covers the creation of the dataset, based on the previous chapter
section 3.1 Data collection on page 16. The raw data is analysed, prepared and
transformed into a machine-learning-friendly format known as pandas data frame.

4.1 Dataset

The data from a household was collected using the setup described in sec-
tion 3.1 Data collection on page 16. The data was written to CSV files except for
minor short outages.

The dataset used in this work was created by concatenating all CSV files collected
up to November 16th, 2023, starting at ’2023-09-23 13:19:02’ and ending at ’2023-
11-16 15:28:28’. There are some gaps in the dataset due to setup problems and
short power outages.

The time frame contains 2,191,434 measurements and covers 4,673,366 seconds
or around 54.1 days. On average, this equates to 2.13 seconds per data point,
including gaps. As the data was taken every 2 seconds (sometimes 3 seconds) the
gaps seem small enough to be ignored at this point. However, it is important to
address these gaps as soon as a window function is applied to the dataset.

The column for Hertz was dropped as it was constant at 50Hz.
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4.2 Data precision

Most of the columns are assigned data types that use an enormous amount of
precision when the data is imported into Pandas without any prior definition.
Timestamps are defined in nanoseconds and most numbers end up as floats with
a precision of 64 bits.

To reduce memory usage and possibly speed up training in later steps, an initial
data exploration is performed.

Time stamps are reduced to a precision of seconds, and all power related values
(reactive power (rpower) and apparent power (apower)) are cast to integers with
a precision of 16 bits, which is more than sufficient and allows values up to 65
kW, not expected to be exceeded in households.

The voltage is reduced to an integer of 8 bits, as legal requirements state that the
grid voltage needs to stay in the range of 230V with a maximum of +10% and
-6%. As this means that the maximum value is expected to be 253V, an integer
of 8 bits (maximum value 255) is more than sufficient.

By reducing the power factors and currents to 32-bit floats, there is still enough
precision to represent the values accurately.

timestamp datetime64[s]
power 1/2/3 int16
apower 1/2/3 int16
rpower 1/2/3 int16
power factor 1/2/3 float32
voltage 1/2/3 int8
current 1/2/3 float32

The precision of the resulting data types still exceeds those provided by the Shelly
3EM.
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4.3 Data ranges

To preprocess the data and make it usable for training, it is necessary to scale
the different features. This ensures that values such as a large power value with
hundreds of Watts and a small current value in fractions of Ampere, are scaled
to a similar range, making the nature and range of the values more obvious.

In the raw data, the currents were mostly below 20A. To scale the data range
with enough room for larger values without losing too much precision, a maximal
current of 50A was declared as the upper limit. This should cover even situations
in households with electric ovens, cooking plates, water heaters and washing
machines running at the same time.

This lead to 11500W at 230V. Even with a very low (out of specification) voltage
of 200V a load of 10 kW (200V · 50A) is representable. This is expected to be
sufficient.

power 1/2/3 0W to 11 500W

apower 1/2/3 0W to 11 500W

rpower 1/2/3 0W to 11 500W

power factor 1/2/3 0 to 1

voltage 1/2/3 0V to 255V

current 1/2/3 0A to 50A

4.4 Size reduction

Due to the adjustment of precision and data types, the semantic information of
the data remains unchanged, but a massive reduction in size is achieved.

As power, apower and rpower get the size of 16 bits, their size is reduced to 25%.
The power factor and current are reduced by 50% and the voltage is reduced to
12.5% of its original size.

This reduces the data size by more than 5 times to an impressive 18.75% of its
original size if the timestamp is not taken into account.

Reducing the size of the dataset is likely to speed up the learning process as it
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requires less memory. At least it is good practice in machine learning to analyse
and prepare a dataset before training this way.

4.5 Redundant data

To prevent unnecessary training and over-fitting of the dataset, it is important to
ensure that it is free of redundant data. The dataset could contain long periods
of identical data such as night hours with very low load.

Over a period of 54 days, from 23.09.2023 to 16.11.2023, a total of 2,191,434
measurements were taken, with 106,557 double entries, representing 4.86% of
redundant data. As the power meter data is taken as a continuous stream of
measurements, a small amount of redundancy is expected and accepted. In the
later stages of the learning process redundant data points are necessary to create
a continuous, windowed dataset.

As the amount of redundant data is small, it is expected that it will not slow
down the learning process or lead to overfitting. Therefore, the redundant data
is ignored.

4.6 Visual analysis

After the raw data has been scaled, transformed, checked and stored as a dataset
in the form of a Pandas DataFrame, qualitative analysis is performed.

Based on my previous research a good method of analysis was found in ’Nonin-
trusive appliance load monitoring’ [Har92]. A space of power and reactive power
is plotted in in figure 4.2 Dataset power vs. reactive power on page 25. The three
phases with their loads are shown and the different patterns show the different
types of household appliances on the phases.

As the data represents a phase rather than an individual appliance, the pattern
represents the combined overlaid information of all the appliances driven by that
phase.
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Figure 4.1: The dataset consists of 2.1 million rows of data with a timestamps taken
around every 2 seconds in 54 days. The analysis revealed that there is less than 5% of
redundancy in the data (e.g. night hours with very low activity). It is likely that this
does not harm the initial training and the redundant data is needed in the later dataset
of windowed time series.

Figure 4.2: The illustration displays the scaled data of the three phases, with power
on the X-axis and reactive power on the Y-axis. The different load patterns are clearly
identifiable and should be distinctive enough to give sufficient results with the proposed
leaning setup. (method: [Har92])
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The fact that there are clear, distinct patterns even in this mixed data set makes
it likely that deeper meaning can be extracted in later training.

The lines at the bottom of the x-axis show situations with a good power factor
(very low rpower) on all three phases. The three stripes on phase 3 show three
groups of low, medium and high power states with different power factors. These
three groups also appear in phases 1 and 2, although in less clear patterns. A
deeper interpretation would exceed the scope of this analysis.

If the plots had shown less distinct patterns, this might have been a reason for
further data selection.

Figure 4.3: The histogram of power for the three phases shows that most values are
small. This is to be expected as the night hours and many hours of the day are expected
to have low consumption with little or no activity. The histogram shows the amount of
values per class on the x-axis and value of the class on the y-axis.

The histograms of power, as shown in figure 4.3 Dataset histogram of power on
page 26, reveal that most of the household appliances draw a small amount of
power, and high power devices run for short durations. There are only a few high
power devices in the household, such as the oven or cooking plate. These results
are expected and match the households devices and their usage.

The scale of the X-axis of both graphs (rpower vs power, histogram power) shows
that all values are below 50% of the scale. There is plenty of room for appliances
with much higher power consumption.

The voltage is expected to stay within the regulatory specifications. The histo-
grams in figure 4.4 Dataset histogram of voltage on page 27 show that all values
stay well within these limits. The comparatively large fluctuation in voltage is
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Figure 4.4: The histogram of the voltages of the three phases shows a very similar
distribution. This is to be expected as the voltage has to stay within strict limits
according to the regulations. The local solar grid may contribute some variation and
data from other households might show less fluctuation over the day. The histogram
shows the amount of values per class on the x-axis and value of the class on the y-axis.

most likely due to a local solar photovoltaic system installed on the roof. As local
regenerative energy production is on the rise, it seems to be a perfect test setup.

Figure 4.5: The histogram of the power factor of the three phases shows significant
differences between the phases. This reflects the different characteristics of the appli-
ances driven by the phases. This is promising regarding the expected results of the
proposed learning system. The histogram shows the amount of values per class on the
x-axis and value of the class on the y-axis.

The power factors, as shown in figure 4.5 Dataset histogram of power factor on
page 27, show that phase 1 has a much better power factor than the other two
phases. This may be because the appliances connected to this phase are of high
power and have a good power factor. A kitchen with an oven, cooking plate,
toaster and kettle could be a good candidate.

The visual analysis shows that the dataset seems to be good enough for the
learning process and stays within the expected requirements described in the
chapters and sections above.
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Chapter 5

Implementation

The implementation of the learning system is based on Python, TensorFlow and
Keras as this is the most common setup in the field. All work is done using
Jupyter (in Jupyter Notebooks) running in Docker (section B.1 Docker container
on page 73). It should be possible to reproduce the setup and results easily.

To get a good overview and visualisation of the training process, the Weights
& Biases cloud service (wandb.ai) is used. It provides summaries and graphs
comparable to other plotting solutions. As it is an online service, it is easier
to use and observe the learning process if the training is computed remotely, as
external GPUs are used. This fact and the good visual qualities of the service
are the main reasons for using the tool.

The data is processed in pandas (framework), the usual frameworks (scipy, numpy,
etc.) and the data is stored with pickle. The tools and frameworks used are state
of the art and common in the field and are not described here.

The setup of data collection has been changed to reduce the amount of errors
and data loss to the approach described in section 3.1 Data collection on page 16
with simple CSV files written to disk.

The training was done locally during an exploration phase and moved to the
university’s GPU cluster as soon as the resources of a local setup were exceeded.
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The system is implemented to be modular, flexible and as reproducible and state
of the art as possible.

5.1 Stage 1

Stage 1 is implemented like planed in section 3.2.1 Stage 1 - single phase on
page 18.

Different auto-encoders are trained to create a latent space of size 3 or 4. As the
input vector consists of [W,V A, var, pf, V, A] (see figure 5.2 Structure dataset for
Stage 1 on page 30) and has a size of 6, and the latent space needs to be smaller
than that to be reduced, the value has to stay below 6. The values of the input
vector could be reduced to 3 if chosen correctly, as some values can be calculated
from each other (V A = V · A, V A = W + var, pf = W/V A).

Figure 5.1: In Stage 1, the auto-encoder receives the (scaled) phase data to learn a
good representation of a single data point of a single phase. The aim is to learn a good
embedding, resistant to noise and other factors for the next stages.

Therefore, it seems likely that a latent space of size 3 would be sufficient to encode
the input data.

The data of the phases like shown in figure 5.2 Structure dataset for Stage 1 on
page 30 are concatenated to form the new dataset consisting of all data of phase
1, followed by phase 2 and phase 3. The timestamps are discarded. The dataset
is duplicated and random noise between 0 and 1 multiplied by factornoise = 0.002

is added.

The final input dataset (X) is created by concatenating the noiseless and noisy
data. The output dataset (Y) is created by concatenating the noiseless data
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Figure 5.2: The data of each phase consists of power, reactive power, apparent power,
voltage, current and power factor. The dataset for Stage 1 consists of timestamped rows
and the data of the 3 phases.

twice. This way the model is trained to handle soft noise.

The test and training dataset are created by shuffling the data and split it 30%
for testing and 70% for training.

The training is done on auto-encoders like shown in figure 5.1 Auto-encoder Stage
1 on page 29. The auto-encoder is trained with the vectors (size 6) from the input
dataset (some noisy) and the corresponding output is checked against the vector
from the output dataset (free of noise). The error is calculated by the error
function. The training aims to minimise the error.

An error significantly below 1% is accepted as a good result, especially as the
noise will contribute to some margin of error. An error of less than 0.1% would
be considered a problem, as this could indicate some kind of undetected over-
fitting, even if checked against the test data. If a training would not achieve a
certain minimum error, it should show at least a constant decreasing error rate.
This case could be acceptable as it could simply indicate a lack of computational
power as the GPU resources granted to the project are limited. If the error rate
oscillates or remains constant after a certain point, it is unlikely that the training
would benefit from additional computational resources.
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Figure 5.3: Illustration of an auto-encoder (’bigger’) for Stage 1 with 5 dense layers,
a latent space of 3 (middle), 6 input and output neurons. All layers are simple fully
connected layers.

Two example network of latent space size 3 and latent space size 4 are shown
in figure 5.3 Auto-encoder Stage 1 latent space 3 example on page 31 and fig-
ure 5.4 Auto-encoder Stage 1 latent space 4 example on page 31. These auto-
encoders consist of varying amounts of simple dense layers of varying sizes, with
the middle layers having a size equal to the targeted latent space (3 and 4).

Figure 5.4: Illustration of an auto-encoder (’smaller’) for Stage 1 with 3 dense layers,
a latent space of 4 (middle), 6 input and output neurons. All layers are simple fully
connected layers.

Due to limited computational resources or time (resources per time), training was
done step by step and only the best models were modified and trained further.
All models were trained using the default parameters of TensorFlow to keep the
complexity as low as possible. This involved 10 epochs and the ’adam’ optimiser,
with ’mae’ (mean absolute error) used for the loss function and ’accuracy’ for the
metric. These parameters are recommended as they are the most robust for data
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with unknown properties (e.g. MAE vs. SGD, see below).

The training of Stage 1 was started with two simple auto-encoders with 3 layers
(encoder) and latent space 3 and 4 (simple-latend3, simple-latend4).

Model: "simple-latend3"

Layer (type) Output Shape Param #

=================================================================

input_1 (InputLayer) [(None, 6)] 0

dense (Dense) (None, 6) 42

dense_1 (Dense) (None, 5) 35

dense_2 (Dense) (None, 3) 18

dense_3 (Dense) (None, 5) 20

dense_4 (Dense) (None, 6) 36

===============

===============

Model: "simple-latend4"

Layer (type) Output Shape Param #

=================================================================

input_5 (InputLayer) [(None, 6)] 0

dense_10 (Dense) (None, 6) 42

dense_11 (Dense) (None, 5) 35

dense_12 (Dense) (None, 4) 24

dense_13 (Dense) (None, 5) 25

dense_14 (Dense) (None, 6) 36

The goal was to check if a size 3 latent space is good enough or if a size 4 latent
space leads to better results.

The error for latent space 3 was 0.346%, and for latent space 4, it was 4.507%. As
the results indicated a preference for a size of 3, further parameters were modified
based on a size of latent space 3. For the next training the optimiser was changed
from ’mae’ to stochastic gradient descent (SGD) to determine if it would perform
better. Although it could only find local minima and performed poorly on the
test data, which would lead to poor results, it was worth a try. The changes
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resulted in worse outcomes, with an error of 0.394%.

Model: "simple-latend3-optimizer_sgd"

Layer (type) Output Shape Param #

=================================================================

input_3 (InputLayer) [(None, 6)] 0

dense_5 (Dense) (None, 6) 42

dense_6 (Dense) (None, 5) 35

dense_7 (Dense) (None, 3) 18

dense_8 (Dense) (None, 5) 20

dense_9 (Dense) (None, 6) 36

The activation function was changed from relu to sigmoid. The first idea was
that relu would be good enough as the input data was scaled (between 0 and
1) and no negative data could appear. Relu with all negative values set to 0
would have been sufficient. This reduced the internal freedom of the decoder’s
activation function, which could indeed get all kinds of values from the encoder.
With the activation function changed to sigmoid, two other auto-encoders were
trained (simple-latend3-all_sigmoid, simple-latend4-all_sigmoid). The training
showed much better results after this change with an error of 0.326% and 0.240%.

Model: "simple-latend3-all_sigmoid"

Layer (type) Output Shape Param #

=================================================================

input_7 (InputLayer) [(None, 6)] 0

dense_15 (Dense) (None, 6) 42

dense_16 (Dense) (None, 5) 35

dense_17 (Dense) (None, 3) 18

dense_18 (Dense) (None, 5) 20

dense_19 (Dense) (None, 6) 36

===============

===============

Model: "simple-latend4-all_sigmoid"

Layer (type) Output Shape Param #
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=================================================================

input_9 (InputLayer) [(None, 6)] 0

dense_20 (Dense) (None, 6) 42

dense_21 (Dense) (None, 5) 35

dense_22 (Dense) (None, 4) 24

dense_23 (Dense) (None, 5) 25

dense_24 (Dense) (None, 6) 36

Two final trainings with a dropout layer and one with many more layers were tried.
Both showed that neither more layers (4.506%) nor a dropout layer (2.484%) could
improve the training.

Model: "layer5-latend3"

Layer (type) Output Shape Param #

=================================================================

input_11 (InputLayer) [(None, 6)] 0

dense_25 (Dense) (None, 6) 42

dense_26 (Dense) (None, 6) 42

dense_27 (Dense) (None, 6) 42

dense_28 (Dense) (None, 5) 35

dense_29 (Dense) (None, 3) 18

dense_30 (Dense) (None, 5) 20

dense_31 (Dense) (None, 6) 36

dense_32 (Dense) (None, 6) 42

dense_33 (Dense) (None, 6) 42

===============

===============

Model: "layer5-latend3-dropout0_2"

Layer (type) Output Shape Param #

=================================================================

input_13 (InputLayer) [(None, 6)] 0

dense_34 (Dense) (None, 6) 42

dense_35 (Dense) (None, 6) 42

dropout (Dropout) (None, 6) 0
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dense_36 (Dense) (None, 6) 42

dense_37 (Dense) (None, 5) 35

dense_38 (Dense) (None, 3) 18

dense_39 (Dense) (None, 5) 20

dense_40 (Dense) (None, 6) 36

dense_41 (Dense) (None, 6) 42

dense_42 (Dense) (None, 6) 42

The training graphs, as shown in figure 5.5 Result of the training of Stage 1 on
page 35, show that all the results are too close together to be visually distinguish-
able. The only distinctive graphs are those of layer5-latend3, simple-latend4 and
layer5-latend3-dropout0_2 drawn on top of each other and the start of simple-
latend3-optimizer_sgd where the slope is different (worse at first).

Figure 5.5: The charts shows the graph of the error value during training. The steepest
drop of the error occurs in the first epoch. Due to the scale of the error graph it is used
to control the training process mainly or to indicate problems.

All trainings showed very little improvement after 10 epochs and were expected
to be good enough to prove the feasibility of the premise.

The simple small networks performed much better than the complicated or larger
networks. A simple optimisation with MAE was able to outperform SGD. The
more computationally intensive sigmoid outperformed relu by far (simple-latend4
vs. simple-latend4-all_sigmoid). As expected, the latent space of 3 seems to be
sufficient. Nevertheless, an extra neuron (latent space 4) seems to be important

35



enough to give better results. It might bring the extra space to express informa-
tion to handle the noise error.

name error
simple-latend4-all_sigmoid 0.00240
simple-latend3-all_sigmoid 0.00326
simple-latend3 0.00346
simple-latend3-optimizer_sgd 0.00394
layer5-latend3-dropout0_2 0.02484
layer5-latend3 0.04506
simple-latend4 0.04507

The final results shown in the table above show a good result of simple-latend4-
all_sigmoid (0.240%) followed by simple-latend3-all_sigmoid (0.326%).

5.2 Stage 2

The goal of Stage 2 is to find an embedding for behaviour over time, such as
events. The approach is inspired by several papers:

The paper ’At the flick of a switch: Detecting and classifying unique elec-
trical events on the residential power line (nominated for the best paper award)’
[PRK+07] highlights the importance of identifying devices. Although the ap-
proach is based on high frequency events, it shows the information gain when
switching events are taken into account.

The early work in ’Nonintrusive appliance load monitoring’ [Har92] suggested the
change in the ratio of active to reactive power as a variable source of information.
Graphs in the paper show different load scenarios. According to the authors of
[PRK+07] it is heavily based on the ideas of this paper.

Similar to this, the papers ’An efficient and inexpensive method for activity recog-
nition within a smart home based on load signatures of appliances’ [BGBB14] and
’Applying power meters for appliance recognition on the electric panel’ [LLHJ10]
focus on the change over time to gain the respective information.
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All these papers show the importance of taking data over time into account to be
able to identify events (points in time) and behaviour (change over time) among
other factors.

Figure 5.6: The data for Stage 2 is based on the encoded data from Stage 1, aggregated
into a window of 16 consecutive values (top). The window is shifted through the Stage
1 dataset to cover all the data (middle). Each row represents a timestamp with the
windows of the 3 phases (1 timestamp + 48 embeddings) (bottom). The windowing
function takes care of time gaps in the original data.

Before the data can be used for Stage 2, it needs to be checked for gaps. Every
time there is a power outage, reboot, software update or network outage, the data
for that time frame is lost. If a time series is used for training, there would be
an abrupt jump in the data. This could lead to unexpected training results. All
data was checked for gaps and the dataset was cut into pieces of uninterrupted,
consecutive time series of a minimum size (> window size) to be usable. All fur-
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ther processing was performed on these chunks and all chunks were combined into
the final dataset. This way each isolated window of data contains a valid portion
of the data independent of the other windows, making the final concatenation
unproblematic.

The training dataset for this stage is created by using the encoder of the best
models from Stage 1, namely ’simple-latend4-all_sigmoid’ and ’simple-latend3-
all_sigmoid’. Each data point from the raw data (size 6) is transformed to size
3 or 4.

After this, a window of size 16 is run over the data of each single phase, as shown
in figure 5.6 Structure dataset for Stage 2 on page 37. As the data was sampled
every 2 seconds, the window covers 30 seconds. Each window has a size of 48
(16 · 3) or 64 (16 · 4).

The test and training datasets are created by shuffling the data and dividing it
30% for test and 70% for training.

Figure 5.7: The Stage 2 auto-encoder is trained on a window of 16 data points. The
aim is to learn a good representation of the ’last 16 data points’. The embedding should
represent switching events (on, off) and behaviour of device operation (e.g. character-
istics over time).

The auto-encoder of this stage, as shown in figure 5.7 Auto-encoder Stage 2 on
page 38, is trained on 48 and 64 inputs and outputs. The initial idea of adding
noise to the data as shown in section 3.2.2 Stage 2 - phase window on page 18
was discarded as no additional gain was expected. The data was generated from
the Stage 1 encoders and would be used in the same way in the final system. The
dataset was already large enough to be a burden on the training process at this
point, and a larger dataset was expected to be a possible cause of poorer results.

38



The training in Stage 1 was implemented iteratively and the parameters were
spread a bit over different sets of variables.

1 modelConfig = {}
2 modelConfig = {
3 "project" : "stage2" ,
4 "name" : "window -in3 -lat8 -4 layers" ,
5 "data" : dataset3 ,
6 "wandb" : {
7 "encoder" : {
8 "type" : "sequential" ,
9 "layers" : [

10 {
11 "type" : "dense" ,
12 "size" : 48 ,
13 "activation" : "relu"
14 } ,
15 . . .
16 ]
17 } ,
18 "decoder" : {
19 "type" : "sequential" ,
20 "layers" : [
21 {
22 "type" : "dense" ,
23 "size" : 18 ,
24 "activation" : "sigmoid"
25 } ,
26 . . .
27 ]
28 } ,
29 "optimizer" : "adam" ,
30 "loss" : "mae" ,
31 "metric" : "accuracy" ,
32 "epochs" : 10 ,
33 "shuffle" : True
34 }
35 }
36
37 addModelToConfig ( modelConfig )
38 t r a i n i ngCon f i g [ "models" ] . append ( modelConfig )

Figure 5.8: The models of Stage 2 are defined by a single JSON object.

In Stage 2, the training system has been rewritten and each model is defined by a
single object in JSON notation, see figure 5.8 Stage 2 model definition on page 39
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for details. The model is defined with its name, dataset, structure, optimiser,
loss function, number of epochs and other parameters.

After definition, the configuration is augmented with the compiled model by
’addModelToConfig’ and added to the configuration of the training set.

The newly implemented system led to much more organised training and opened
up the possibility of defining a set of models and running them over the next few
days. This allowed a much wider range of models to be tested in order to explore
the best combination of parameters. The naming scheme was changed to reflect
more of the parameters in an ordered fashion.

Due to an off-by-one-error (OBOE) [Wik24] introduced during implementation,
all decoders miss their first layer, so the layer after the layer representing the
latent space. This was discovered after the Stage 2 training had been completed.
As the results of the training were good and the cost of re-training is very high,
this bug was ignored and fixed in Stage 3.

Model: window-in3-lat8-4layers

Layer (type) Output Shape Param #

=================================================================

input_1 (InputLayer) [(None, 48)] 0

dense (Dense) (None, 48) 2352

dense_1 (Dense) (None, 32) 1568

dense_2 (Dense) (None, 18) 594

dense_3 (Dense) (None, 8) 152

dense_4 (Dense) (None, 32) 288

dense_5 (Dense) (None, 48) 1584

The model in the table above shows this effect. The layer between ’dense_3’ and
’dense_4’ of size 18 is missing.

The interesting aspect of this is that the trainings must have benefited from
the smaller decoders and finished a little faster. The fact that simpler, smaller
networks outperform larger, more complex ones, as found in Stage 1, may have
contributed as a positive factor, even if unintended.
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A first series of networks was trained to find a reasonable range of parameters for
the Stage 2 data. The parameters for the latent space (8, 12, 16) and the number
of layers (6, 4) for the encoder and decoder were explored.

Model: window-in4-lat16-6layers

Layer (type) Output Shape Param #

=================================================================

input_23 (InputLayer) [(None, 64)] 0

dense_86 (Dense) (None, 64) 4160

dense_87 (Dense) (None, 32) 2080

dense_88 (Dense) (None, 32) 1056

dense_89 (Dense) (None, 18) 594

dense_90 (Dense) (None, 18) 342

dense_91 (Dense) (None, 16) 304

dense_92 (Dense) (None, 18) 306

dense_93 (Dense) (None, 32) 608

dense_94 (Dense) (None, 32) 1056

dense_95 (Dense) (None, 64) 2112

The table above shows a larger auto-encoder (6 layers) with a larger latent space
(size 16) and an input of latent space 4 from Stage 1.

The 12 models ’window-in3-lat8-4layers’, ’window-in3-lat12-4layers’, ’window-
in3-lat16-4layers’, ’window-in3-lat8-6layers’, ’window-in3-lat12-6layers’, ’window-
in3-lat16-6layers’, ’window-in4-lat8-4layers’, ’window-in4-lat12-4layers’, ’window-
in4-lat16-4layers’, ’window-in4-lat8-6layers’, ’window-in4-lat12-6layers’, ’window-
in4-lat16-6layers’ are constructed based on the above parameters and assembled
for the first training (see details in Appendix section B.2.2 Stage 2 on page 76).

The results shown in the table below indicate comparable results to those seen in
Stage 1. A network of 4 layers in the encoder seems to be complex enough to cover
the task, and added complexity in the form of more layers degrades the quality
of the results. The larger ones show better results with smaller latent spaces. As
the error settled after a few epochs during training, shown in figure 5.9 Result of
the training of Stage 2 on page 42, longer training for the deeper models does not

41



seem to bring any advantage.

Figure 5.9: The graphs of Stage 2 show no unexpected behaviour. The convolutional
networks show a slightly different learning characteristic in the first epoch. The largest
convolutional network spikes with its worst performance.

name error
window-in4-lat12-4layers 0.003294
window-in4-lat16-4layers 0.003315
window-in4-lat8-4layers 0.003819
window-in3-lat16-4layers 0.004037
window-in3-lat12-4layers 0.004153
window-in3-lat8-4layers 0.004283
window-in4-lat8-6layers 0.004344
window-in4-lat16-6layers 0.004619
window-in4-lat12-6layers 0.004766
window-in3-lat8-6layers 0.005658
window-in3-lat16-6layers 0.006478
window-in3-lat12-6layers 0.006686

The less complex models with fewer layers perform better with larger latent
spaces, and a Stage 1 input of 4 outperforms Stage 1 latent space 3.

Interestingly, latent space 12 from Stage 2 outperforms the larger latent space of
16 with an input of latent space 4 from Stage 1.

As the windowed data resembles a timeline of values, there is some kind of regional
meaning in this data. The n-th, n-th + 1, n-th + 2 and so on vector with its
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components (Stage 1 latent space) encodes a semantic meaning of a sequence of
events or values. If a neural network receives inputs as a flat vector, neighbouring
elements in the data may not end up in neighbouring neurons in the network.

Convolutional Neural Networks (CNN), as explained in more detail in sec-
tion 2.3 Convolutional neural networks on page 14, provide a method of learning
this structural aspect of the data during training.

Driven by this idea, a new set of networks was defined to test whether a more
complex CNN could add quality to the existing results. Previous results show
that increased complexity usually degrades the quality of the results.

Based on the results, the latent space of 8 was chosen to explore whether the
approach would add value. The smaller latent space was chosen to explore how
resource intensive the training would be. Local test trainings with 1000 data
points showed a much longer training time beforehand.

The dataset was reshaped to (16, 4, 1) ’16 consecutive embeddings of latent
space size 4 with 1 value in the vector component’ to reflect the original window
configuration. Two versions with few layers (’window-in4-lat8-conv-mini’) and
more layers (’window-in4-lat8-conv-big’) were tried. The final saving command
did not work and crashed with an error. So the results were saved to the cloud,
but the models were lost. There would have been a chance to recover some part
of the last training in the list (’window-in4-lat8-conv-mini’), but this was delayed
at this point and later dropped altogether. The setup has been fixed to avoid
such problems.

name error
window-in4-lat8-conv-mini 0.003096
window-in4-lat8-conv-big 0.110749

The results of the larger model show a much worse performance compared to
the simple dense layer models. The ’mini’ version outperformed all previous
attempts by some margin, despite the fact that the latent space of 8 performed
worse compared to 12 or 16 in the earlier training.
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Model: window-in4-lat12-conv-mini

Layer (type) Output Shape Param #

=================================================================

input_33 (InputLayer) [(None, 16, 4, 1)] 0

conv2d_10 (Conv2D) (None, 16, 4, 64) 640

max_pooling2d_5 (MaxPooling (None, 8, 2, 64) 0

2D)

flatten_5 (Flatten) (None, 1024) 0

dense_140 (Dense) (None, 128) 131200

dense_141 (Dense) (None, 12) 1548

dense_142 (Dense) (None, 128) 1664

dense_143 (Dense) (None, 1024) 132096

reshape_5 (Reshape) (None, 16, 4, 16) 0

conv2d_transpose_5 (Conv2DT (None, 16, 4, 64) 9280

ranspose)

conv2d_11 (Conv2D) (None, 16, 4, 1) 577

===============

===============

Model: window-in4-lat16-conv-mini

Layer (type) Output Shape Param #

=================================================================

input_35 (InputLayer) [(None, 16, 4, 1)] 0

conv2d_12 (Conv2D) (None, 16, 4, 64) 640

max_pooling2d_6 (MaxPooling (None, 8, 2, 64) 0

2D)

flatten_6 (Flatten) (None, 1024) 0

dense_144 (Dense) (None, 128) 131200

dense_145 (Dense) (None, 16) 2064

dense_146 (Dense) (None, 128) 2176

dense_147 (Dense) (None, 1024) 132096

reshape_6 (Reshape) (None, 16, 4, 16) 0

conv2d_transpose_6 (Conv2DT (None, 16, 4, 64) 9280
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ranspose)

conv2d_13 (Conv2D) (None, 16, 4, 1) 577

As the advantage of the new approach became clear, a new set of networks was
defined, all based on ’window-in4-lat8-conv-mini’, but with the original latent
spaces of 12 and 16, as they gave better results in the earlier setup.

The results outperform all previous training. The larger latent space of 16 seems
to give a slight advantage, although the difference is small. The results of 0.2779%
seemed good enough to start the training of Stage 3.

name error
window-in4-lat16-conv-mini 0.002779
window-in4-lat12-conv-mini 0.002893

Based on these results, a final setup with a latent space of 9 was trained to try
a 3D convolution at Stage 3. The vector of size 9 could be reshaped to (3, 3) ’a
square of 3 rows and 3 columns’ and would represent a single phase. As Stage
3 combines all three phases, the input could be shaped as (3, 3, 3) ’a cube of 3
planes with 3 rows and 3 columns’. This could have some advantage as all the
phases and all the values of the phases could have some regional aspect or be
’neighbours’ as described above.

Model: window-in4-lat9-conv-mini

Layer (type) Output Shape Param #

=================================================================

input_37 (InputLayer) [(None, 16, 4, 1)] 0

conv2d_14 (Conv2D) (None, 16, 4, 64) 640

max_pooling2d_7 (MaxPooling (None, 8, 2, 64) 0

2D)

flatten_7 (Flatten) (None, 1024) 0

dense_148 (Dense) (None, 128) 131200

dense_149 (Dense) (None, 9) 1161

dense_150 (Dense) (None, 128) 1280

dense_151 (Dense) (None, 1024) 132096

reshape_7 (Reshape) (None, 16, 4, 16) 0
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conv2d_transpose_7 (Conv2DT (None, 16, 4, 64) 9280

ranspose)

conv2d_15 (Conv2D) (None, 16, 4, 1) 577

The network is identical except for the latent space size of 9, and the results show
an almost identical error to latent space 8, which was expected to some extent.

name error
window-in4-lat16-conv-mini 0.002779
window-in4-lat12-conv-mini 0.002893
window-in4-lat8-conv-mini 0.003096
window-in4-lat9-conv-mini 0.003099
window-in4-lat12-4layers 0.003294
window-in4-lat16-4layers 0.003315
window-in4-lat8-4layers 0.003819
window-in3-lat16-4layers 0.004037
window-in3-lat12-4layers 0.004153
window-in3-lat8-4layers 0.004283
window-in4-lat8-6layers 0.004344
window-in4-lat16-6layers 0.004619
window-in4-lat12-6layers 0.004766
window-in3-lat8-6layers 0.005658
window-in3-lat16-6layers 0.006478
window-in3-lat12-6layers 0.006686
window-in4-lat8-conv-big 0.110749

The final result as shown above illustrates the clear advantage of simple networks
of low complexity and the advantage of convolutional layers. A latent space of
16 seems to give a small advantage compared to 12.

The graphs of the training (see figure 5.9 Result of the training of Stage 2 on
page 42) do not show any surprising aspects. The only interesting fact might be
that the convolutional networks show a different error graph in the first epoch.
The single graph is the one with its bad performance and no sign of significant
improvement over the course of training after the first epochs. It seems that the

46



error correction after the first epoch brings the important change for the CNNs
to perform much better.

5.3 Stage 3

Stage 1 targets the encoding of a single data point. Stage 2 targets the encoding
of time series aspects such as events or changes in behaviour. Stage 3 aims at a
general encoding of states of a household and its devices.

The main idea is to abstract devices from their specific or current setup in a
household by making the phases commutative.

A good example could be an electric kettle that is used in the kitchen and then
moved to the office. The device remains the same with all its built-in properties,
but could appear at a different phase with different parameters. This could be a
lower power consumption due to longer wires (seen from the junction box) due to
higher resistance and therefore higher voltage drop. This could result in a slightly
different power factor due to slightly different electrical properties or interaction
with other nearby equipment.

The aim of embedding is to make the representation of an appliance as similar
as possible, despite the phase configuration in a household.

High power appliances such as boilers, ovens or cookers connected to the three
phases would be displayed similarly regardless of their connection configuration.

The dataset for Stage 3 was created from scratch. The datasets from Stage 1 and
Stage 2 were optimised to focus on a single phase and the computation was saved
whenever possible. In this way, the data from the three phases and the timestamps
were not present in this dataset, but most of the data was concatenated into one
long stream of single phase data.

The best models from Stage 1 were used to create a dataset with all three phases
including the timestamp and the time gaps were addressed as before (chunks).

The window function of Stage 2 was then used to create the windows as before.
With the changed shape of the data and the different memory layout there was no
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Figure 5.10: The input data (A) of the dataset for Stage 3 is created by permuting the
data of the phases and the empty set to create all possible configurations. The output
data (B) of the dataset is created by sorting the rows of the input set in the order phase
1, 2, 3 and empty set. This way the phase data is trained to be commutative.

easy way to use the framework’s built-in functions like numpy as before without
modifications to target the data in its non-linear memory.

It turned out that simple for-loops and computations without the built-in func-
tions, which seem to make heavy use of hardware acceleration, lead to compu-
tations with a runtime and memory consumption far beyond the scope of this
project.

With the help of the community, a solution was found to get the values of a
windowing function and reshape the data to create a windowed dataset of all
phases including the timestamp around 103 − 104 times faster and with a much
smaller memory footprint print [Sta24]. This allowed data in fragmented memory
to be computed in hours to days. The windowed dataset was used and encoded
with the best models from Stage 2.

To create a dataset with all possible variants of the phase configuration, including
single phase and two phase households, the data was permuted, including the
empty set to represent ’no data’, as shown in figure 3.2.3 Stage 3 - all phases
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invariant on page 19. The input data is permuted while the output (expected)
data remains in a reliable and fixed defined order. The encoding of different phase
configurations should tend to be represented similarly if the input data remains
the same but is shifted to different input neurons.

The output dataset became very large (around 100GB) due to the nature of the
permutation. As the resources granted to this project are not sufficient to target
such immense training setups, a subset was used for training.

The dataset for Stage 3 is based only on the latent space of size 9 from Stage 2, as
it allows to test the idea of the reshaped input of shape (3, 3, 3) to be used with
convolutional layers. The amount of data is reduced to 10% and 1% by randomly
sampling from the large dataset. Each test and training dataset is created by
shuffling the data and dividing it 30% for test and 70% for training.

The training system was modified, refactored and improved again to be able to
define parameters such as the amount of input data (percentage) or the size of
the latent space of Stage 1, Stage 2 and Stage 3 and to select the input dataset
accordingly. The name of the model and the size of the latent space were de-
rived from this and additional checks were applied. The input data is checked
beforehand to see if it fits the parameters.

All of this was implemented to target the longer runtime of the training. In
this way the exploration and research was done during the day and the training
sessions were shifted to the nights or ran reliably over days for very long runs.

As in the previous stages, an auto-encoder as shown in figure 5.11 Auto-encoder
Stage 3 on page 50 is used. This time the input and output data are not the same
as in the previous stages, but semantically the same in the form of information
on a different phase.

The training of this stage mainly explores the parameters instead of creating
sufficient artefacts in the form of models as in the previous stages. The potentially
complex nature of the data combined with the heavily reduced set of training data
is expected to strongly influence the results in the form of high error values.

Starting from a latent space of 32, the training of the first three networks
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Figure 5.11: The Stage 3 auto-encoder is trained to find a representation of devices
independent of the phase. The colours represent the data of the 3 phases and a place-
holder ’none’. The training dataset is created by permuted phase data to represent
all variations of possible phase configurations in a real household. The aim is to have
a representation of devices independent of phase, so that e.g. a toaster connected to
phase 1 would be represented very similarly if connected to phase 2 or 3.

’...lat32-0_01_percent-conv-bigger’, ’...lat32-0_1_percent-conv’ and ’...lat32-
0_01_percent-conv’ explores the effect of the smallest (1%) to the largest (10%)
dataset and whether the training could benefit from more layers (’...-bigger’).
The networks use a 3D convolution of the shape (3, 3, 3) discussed earlier.

name error
...lat32-0_1_percent-conv 0.03274
...lat32-0_01_percent-conv 0.04007
...lat32-0_01_percent-conv-bigger 0.17401

The table above shows that there is no improvement with more layers and that
training with more data gives much better results.

With the next network ’lat64-0_01_percent-conv-bigger’ a larger latent space of
64 was explored to see if the original size of 32 might have been too sharp. The
much worse result of 0.27319 (error of about 27%) shows that the larger latent
size did not improve the training results.

To compare the results of the convolutional networks to a much simpler dense
layered network approach, a simple setup with three layers in the encoder
was trained with the small 1% dataset for a short runtime, namely ’...lat32-
0_01_percent-dense’ (see all networks in appendix figure B.2.3 Stage 3 on
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page 85). It performed better than the convolutional network with an error
rate of 0.03359 (3.3%) and reached an error rate comparable to training with 10
times more training data (10%) of ’...lat32-0_1_percent-conv’ with 3.2%.

To explore whether the dense approach could be tuned to produce better results
than the convolutional approach, a set of networks was created for the next
training session.

The networks ’lat32-0_01_percent-dense-bigger’ and ’...lat32-0_01_percent-
dense-epoch100-bigger’ with more layers were trained on 1% of the data, one
trained with 100 epochs. With ’...lat32-0_01_percent-dense-epoch100’ and
’...lat32-0_1_percent-dense-epoch20’ a dense network version with 3 layers like
earlier was trained on 1% of the data and 100 epochs and 10% and 20 epochs
which was the most resource intensive run so far.

name error
...lat32-0_1_percent-dense-epoch20 0.02868
...lat32-0_01_percent-dense-epoch100 0.02874
...lat32-0_01_percent-dense-epoch100-bigger 0.02999
...lat32-0_01_percent-dense-bigger 0.03646

The results in the table above show again that the networks with fewer layers
perform better and that longer training in the form of more epochs improves the
results significantly (previous error of 3.3%). The effect of more training data as
shown in ’lat32-0_1_percent-dense-epoch20’ is an improvement, but surprisingly
less than initially expected.

As longer training improved the deeper network (’...-bigger’), wider layers with
more neurons were trained with ’...lat32-0_01_percent-dense-epoch100-bigger-
wider’ in 100 epochs to see if the deeper network could produce better results
if more neurons were provided and sufficient training would compensate for the
more complex structure.

With a result of 0.02972 (2.97%) compared to 0.02999 (2.99%), there seemed to
be no significant improvement by investigating deeper.
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To test smaller latent spaces, the best performing simple dense network was
changed to a latent space of 24, 16, 12 and 8.

name error
...lat32-0_01_percent-dense 0.03359
...lat16-0_01_percent-dense 0.03385
...lat12-0_01_percent-dense 0.03462
...lat24-0_01_percent-dense 0.03584
...lat8-0_01_percent-dense 0.03743

The results showed no major differences or improvements. Much longer training
with much more data would probably show a clearer difference. It is interesting
to note that the smaller latent spaces of 16 and 12 seem to outperform the latent
space of 24, but not 32. Further training might have been interesting, but this
would have been beyond the resources of this work.

The graphs of the training show no significant surprising behaviour and are at-
tached in the appendix section B.2.3.1 Graphs on page 85.

name error
...lat32-0_1_percent-dense-epoch20 0.02868
...lat32-0_01_percent-dense-epoch100 0.02874
...lat32-0_01_percent-dense-epoch100-bigger-wider 0.02972
...lat32-0_01_percent-dense-epoch100-bigger 0.02999
...lat32-0_1_percent-conv 0.03274
...lat32-0_01_percent-dense 0.03359
...lat16-0_01_percent-dense 0.03385
...lat12-0_01_percent-dense 0.03462
...lat24-0_01_percent-dense 0.03584
...lat32-0_01_percent-dense-bigger 0.03646
...lat8-0_01_percent-dense 0.03743
...lat32-0_01_percent-conv 0.04007
...lat32-0_01_percent-conv-bigger 0.17401
...lat64-0_01_percent-conv-bigger 0.27319
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The final results clearly show the lack of sufficient resources to train the networks
to a point where the error would drop below an acceptable level of 0.5% or much
less, as in the previous stages. The top-ranked models were those with the longest
training times and the most data.

Interestingly, the convolutional approach was not as effective as in the previous
stage and the simplest dense network outperformed it by far. The estimated
effect of neighbouring components of the input vector seems to have less impact
than expected.

The most promising models are the dense models with less complexity and latent
spaces 32, 16, 12 and 24, which if trained on 100% of the dataset should achieve
results similar to the previous stages.

Nevertheless, an error of around 2.8% is good enough to convert the data from
Stage 2 in order to evaluate the quality of the transformation.

5.4 Final assembly

The big picture of the final system, as shown in figure 5.12 Encoder final version
on page 54, illustrates the complete setup of Stage 1, 2 and 3. A system takes
a sample every 2 seconds. The sample is scaled according to the scale given in
section 4.3 Data ranges on page 23. Each phase vector of the measurement is
transformed with a Stage 1 model and added to the sliding buffer (array) of that
phase for Stage 2. Systems with less than three phases are configured to encode
only the necessary phases. Each buffer is transformed by a Stage 2 model into a
single vector. The vectors are concatenated and transformed by a Stage 3 model
to produce the final result for the input sample.

Using a Stage 3 model of latent space 32, each sample of size 18 is transformed
into an embedded vector of size 32. The size of the setup is small enough to run
on a single board computer (SBC) such as a Raspberry Pi, or on a microcontroller
such as an ESP32 or Raspberry Pi Pico if reduced using e.g. TensorFlow Lite
(tflite). The additional memory requirements of the last 16 samples are minimal.
In this way, a code could be generated inside an embedded device such as the
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Figure 5.12: The final version of the encoder consists of the Stage 1, Stage 2 and Stage
3 encoders. The individual data from each phase of the power meter is encoded by the
Stage 1 encoder (left). It is fed into the ’last 16 values array’ window (centre). This
window is encoded by the Stage 2 encoder. These encodings are combined to represent
all three phases and encoded with the Stage 3 encoder to obtain the final phase invariant
encoding (right).

Shelly 3EM without any external system.

5.5 Real world training and use

In order to implement a usable system for finding an embedding trained on data
from thousands of households, an approach needs to be found which is open and
easy to use for a community willing to contribute data and computing resources.
It would be ideal to run the computation for each household locally on a GPU
and share the results to collectively improve the embedding.

The new Web Neural Network API (webNN) in its W3C candidate recommend-
ation draft from 22.02.2024 [W3C24a] makes it possible to train and use neural
network models in a browser natively and with hardware acceleration. The work
’WebNN: A Distributed Framework for Deep Learning’ [GCZ18] describes a sim-
ilar earlier approach with the same goals. The webNN API seems to be an ideal
solution as browsers like Google Chrome already support it in an early stage.
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Training can be done locally in the browser on the local GPU.

Earlier APIs like WebCL (computation)[Khr14], WebGL (graphics
rendering)[Khr23], WebGPU (GPU access) [W3C24b] and webASM (uni-
versal assembler) [Web24] are an example of the possible impact of such an API
and the effect of easy access to resources in the browser.

With a framework like tensorflow.js, defining training setups becomes easy and
independent of the browser or current state of the APIs. If better support for
GPUs, local machine learning accelerators such as Jetson Nano, Google Coral or
ML cores of modern CPUs becomes available, the framework would most likely
support it at some point without changing the setup of the proposed system.

To make it possible to donate data to the community without risking bad pri-
vacy implications, anamorphic cryptography methods could be used to work with
neural networks on encrypted data, as described in ’Cryptonets: Applying neural
networks to encrypted data with high throughput and accuracy’ [GBDL+16].

The improvement of an individual neural network would have to be possible
collectively, distributed and based on a zero-trust model to protect individuals
from harm.

A simple solution would be a blockchain to prove the work and protect the results.
Starting with an initial block from a trained neural network, each new block would
be created by the work of the community in epochs.

A new epoch would be announced by a central project entity, a coordinator.
The epoch consists of a dataset, optionally the network of the last epoch and a
threshold. The dataset is divided into a training and a test set by a commonly
agreed algorithm. The proof of work is done in form of the next block.

To successfully commit a new block, the network is trained locally with the block’s
dataset until the error is below the threshold. The local data can be used to
improve the training. Once the block is computed, it is announced to other
peers.

The peers check the threshold with their local test data and then add the block
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to the list of candidates for the next block. Blocks with better error values are
ranked higher.

Epochs could start at midnight of each new day. All candidates from the previous
epochs are tested against the dataset of the new epoch to select the winning block
and its network. The blockchain is defined as the longest chain of valid blocks.

The community may split at some point and split temporally into different chains,
but at some point one of the branches will fall behind and the collective work will
be consolidated at that point, including the central project entity. The current
best block would define the best network to train on, and the central project
entity would not need to provide the current best model, just the data and the
threshold, if not iteratively calculated by the error gradient of the last few blocks.
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Chapter 6

Evaluation

The work started with the idea to find a general encoding of a local power grid
with unlabelled data. If such a embedding would be found it should be possible
to encode current data from a power meter with such an encoding and decode
data encoded this way.

Some information would get lost in the process as the encoding and decoding
would be lossy. The better the method the less error is expected in this process.

The auto-encoders target the very aspect to minimise the error while be forced to
bring the information from the input side to the output side with the constrained
latent space in the middle so to speak.

The stages focusing on specific aspects were able to find such embeddings. The
error values of the auto-encoders became low. A low error means a good recon-
struction and thus a good representation in the latent space.

The final embedding represents a certain state in time of the household. All
devices with their states are encoded in it and it should be possible to use it with
labelled data to train a system to disaggregated devices which would be far out
of scope of this work.

An early approach to visualise the data was to plot the data as a waterfall plot.
Each row represents a single three phase input and the columns represent the
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Figure 6.1: The waterfall plot illustrates the projects’ data encoded in colours. While
some components show minimal variation (plain columns), others show intense changes
in value (colourful columns).

component of the latent space vector of size 32. This method provides minimal
insight as the meaning of the vector component remains obscure. The only thing
we can take away from this is that of the household is encoded using components
with a high degree of variation, represented by the colourful columns, and com-
ponents with a low degree of variation, represented by the plain columns. The
plain columns could encode some kind of scale, as most of the input data was low
energy consumption data.

As the data has a high dimensionality, making interpretation much more diffi-
cult, Principal Component Analysis (PCA) was used to project it into a lower
dimensional space.

The idea is similar to a shadow cast by an object. A three-dimensional (3D)
object is projected onto a two-dimensional (2D) plane. This projection enables
the observer to view the object in 2D, despite the lack of features due to this
transformation.

The dataset containing 32-dimensional vectors is projected onto a 3D space in the
hope of finding cluster structures. These would indicate some kind of semantic
grouping in the data. The recurring patterns in the electrical grid of a household
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cloud form clusters and paths throughout the day. If present, these patterns
should differ from the raw data.

Three methods were used to project the high dimensional data into a lower di-
mensional space: Principal Component Analysis (PCA), t-distributed Stochastic
Neighbour Embedding (TSNE) and Isometric Mapping (ISO), as they were easy
to use and available in the frameworks used. The methods were used as a tool
and were not investigated any further.

The calculation of PCA was comparably fast with a runtime of minutes to hours,
TSNE acceptable in the order of hours to days, but ISO crashed with an error.
The error message indicated that the calculation would have required ’26.7 TiB
for an array with shape (1915968, 1915968) and data type float64’, which gives
an idea of the internal data structure. To avoid further crashes, the calculation
was limited to the first 10000 values, which still took a few days.

Figure 6.2: The high dimensional data is projected to a lower dimensional space in
the same way that the shadow of a 3D object projects its shape to a 2D plane. The
projection methods used, from left to right, are Principal Component Analysis (PCA),
t-distributed Stochastic Neighbour Embedding (TSNE) and Isometric Mapping (ISO).
The bottom row shows the solid structure of the clusters when zoomed in.

The results illustrated in figure 6.2 Result illustrated with reduced dimensions on
page 59 show the clusters mentioned above with a path-like shape. The bottom
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row shows the solid structure of the clusters when zoomed in, emphasising the
impression of the dense semantic character of the embedded data.

Figure 6.3: The raw (scaled) input data plotted with PCA shows some grid structure.
The two clusters appear much less rich compared to the computed results. Zooming in
on the bottom row reveals the sparse structure of the clusters.

The scaled raw dataset was transformed using PCA and TSNE. Several attempts
to transform the dataset using ISO crashed reliably after a few days, leading to
the exclusion of this projection.

The projection in figure 6.3 Raw data illustrated with reduced dimensions on
page 60 appears to show stripe-like clusters in PCA on the left and cloud-like
clusters in TSNE on the right at first. The bottom row shows a sparse point
cloud when zoomed in. When the 3D model is moved and rotated, it is easy to
see that the clouds are only a visual effect, as the points are far apart and the
impression is mainly due to the overlapping of the points.

The projection suggests that the embedding is effective even with the limited
training of Stage 3.

The results are good especially for unlabelled data and unsupervised training.

In a final test setup, a kettle was used to make a cup of tea to get a set of
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Figure 6.4: The figure displays the projection of the high dimensional data with the
embedded data in the top row and the raw data in the bottom row. The first column
shows the household before the kettle was switched on, the center row shows the isolated
data of the household while the kettle was switched on, and the right row shows both
data together. The cluster is distinguishable in the top row but not in the bottom row.

data. Reference data was collected before the kettle was switched on. The data
was then encoded with the final setup and projected into the 3D space shown
in figure 6.4 Example to show operation with a kettle on page 61. The top row
displays the embedded data, while the bottom row displays the raw data. The
left column shows the data collected shortly before the kettle was switched on,
the center column shows the data collected while the kettle was in operation, and
the right column shows all the data together.

The dense clusters in the top row are easily identifiable and can be located in
the right column of the combined data. The household cluster is on the right
(triangle shape) and the kettle appears on the left (stripe).

In contrast, the bottom row exhibits sparse, fragmented, and scattered data
points when compared to the embedded version of the data. This result is very
satisfying as the training has not yet focused on disaggregation or embedding of
isolated devices, but already shows the good quality of the embedding.
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Chapter 7

Conclusion and future work

The chapter figure 6 Evaluation on page 57 indicates a good embedding of the
local power grid. The way the embedding was found provides a good basis for
an embedding of individual appliances and opens a good way for disaggregation
similar to the work in ’Real-time recognition and profiling of appliances through
a single electricity sensor’[RNSO10], ’Activity analysis based on low sample rate
smart meters’[CDW+11] and ’A practical solution for non-intrusive type II load
monitoring based on deep learning and post-processing’[KDW+19]. This should
be particularly true for Type II devices such as a washing machine, with its
changing load patterns over the course of a wash cycle, which should benefit from
embedding as Stage 2 focuses on event-like aspects over time.

With more data from different households and distributed computational power
as described in section 5.5 Real world training and use on page 54 a even better
embedding could be found. The existing embedding could be used to create a
new embedding for single devices and disaggregated devices at the same time.

Google’s Facenet [SKP15] is a good example of a good method for reinforcing the
learning of a high-dimensional Euclidean space with the desired properties. In
the training the embedding, a 128-dimensional vector of a picture of a single face,
is created with the network. Another image of a single face is encoded this way.
If the face in the pictures belongs to the same person, the distance between the
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two vectors is decreased (moved closer together) and increased (moved apart) by
modifying the network accordingly. This way the network is trained to represent
the faces in a high-dimensional Euclidean space, with the properties that images
of the face of the same person tend to form clusters which are distinct from
clusters of other people.

Figure 7.1: A possible future implementation could be to extend the system with a
neural network to create a vector. The network could be trained to represent either a
single device or a household scenario.

A similar idea is illustrated in figure 7.1 Future extension of the system on page 63,
where several outputs from Stage 3 are fed into a new network with an output
vector of some size. Reinforcement training similar to that described above,
as shown in figure 7.2 Training of future extension on page 64, would emphasise
similarities with positive and differences with negative contributions to the vector
similarities.

The main difference to the Facenet approach is that each data point represents a
single face, whereas the current state of the household represents multiple appli-
ances together. If the labelled data of the household would be used as shown in
figure 7.2 Training of future extension on page 64, where the similarity is trained
with the lamp (left) and the TV is ignored, but a situation without the lamp
(right) is used to give an example of a different device, the embedding should in-
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Figure 7.2: The neural network for the vector is trained by correcting the vector. The
vectors of similar patterns are ’pushed’ together and the opposite if they are not. Over
the course of training, the vectors will tend to represent similar patterns with vectors
that are ’close’ to each other.

clude the disaggregation even if there are no examples of single isolated devices.

Figure 7.3: After training the neural network, the embedding represents a high-
dimensional Euclidean space with the property that similar devices form clusters.

With such an embedding a high dimensional Euclidean space with the properties
that similar devices build clusters is formed like illustrated in figure 7.3 High
dimensional Euclidean space with clusters of devices on page 64. The grouping of
vectors to clusters could be done with a algorithm like Chinese Whispers [Bie06]
which is often used for face recognition.
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Appendix A

Attached source code

The source code of this work is embedded in the document. It can be opened
with the following link (depends on the pdf viewer).

link to the embedded archive

Suitable document viewer can open such files.

Tested with:

• Firefox 123.0 (https://www.mozilla.org/en-US/firefox/new/)
• Okular 23.08.1 (https://okular.kde.org/)
• qpdfview 0.5.0 (https://launchpad.net/qpdfview)
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In [1]:



In [2]:



#!pip install plotly



datadir = "/tf/notebooks/data/"
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In [3]: import wandb
from wandb.keras import WandbMetricsLogger, WandbModelCheckpoint



import matplotlib.pyplot as plt
import numpy as np
import pandas as pd
import tensorflow as tf
import pickle



from sklearn.metrics import accuracy_score, precision_score, recall_score
from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses
from tensorflow.keras.datasets import fashion_mnist
from tensorflow.keras.models import Model
from tensorflow import keras



from sklearn.model_selection import train_test_split
import time
import random



from numpy.lib.stride_tricks import sliding_window_view



import visualkeras



%matplotlib inline



import matplotlib.pyplot as plt
plt.style.use('seaborn-whitegrid')
import numpy as np
import plotly
import plotly.graph_objects as go
from sklearn.decomposition import PCA
import sklearn.manifold as manifold



from matplotlib.ticker import StrMethodFormatter
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In [4]:



In [5]:



In [6]:



In [7]:



Use stage 3 model



In [8]:



def predictWithModel(df, model, in_cols, out_cols):
inputData = tf.convert_to_tensor(df[in_cols])
df[out_cols] = model.predict(inputData)



def latentToFieldList(latent):
return latentWithPrefixAndSuffixToFieldList(latent)



def latentWithPrefixAndSuffixToFieldList(latent, prefix="", suffix=""):
return [str(str(prefix) + "l" + str(latent) + "e" + str(e) + str(suffix)) for e in range(latent)]



def predictWithStage3(df, model, latent_in, latent_out):
out_cols = latentWithPrefixAndSuffixToFieldList(latent_out)
in_cols=[]



for phase in range(1, 4):
in_cols = in_cols + latentWithPrefixAndSuffixToFieldList(latent_in, "p" + str(phase))



inputsize = model.layers[0].output_shape[0][1]
outputsize = model.layers[-1].output_shape[1]



if not latent_in * 3 == inputsize or not latent_out == outputsize:
print("The sizes don't match!!!",



"latent_in * 3 == inputsize: ", latent_in * 3 == inputsize,
"latent_out == outputsize:", latent_out == outputsize)



print("latent_in * 3", latent_in * 3)
print("inputsize", inputsize)
print("latent_out", latent_out)
print("outputsize", outputsize)



else:
predictWithModel(df, model, in_cols, out_cols)
return df[out_cols]



createStage3Output = False
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In [9]:



In [10]:



In [11]:



Create waterfall plot



In [30]:



In [31]:



if createStage3Output:
stage3_stage2_output_in4_l9 = pd.read_pickle(datadir + "stage3-stage2-output-in4-l9.pkl")



if createStage3Output:
stage3_model = keras.models.load_model(



'/tf/notebooks/stage3/stage3-stage1_lat4-stage2_lat9-stage3_lat32-0_1_percent-dense-epoch20-encoder-2024-01-22-22:48:
    )



stage3_model.summary()



latent_in = 9
latent_out = 32



if createStage3Output:
res = predictWithStage3(stage3_stage2_output_in4_l9, stage3_model, latent_in, latent_out)
res.to_pickle(datadir + "stage3-stage3-output-in" + str(latent_in) + "-l" + str(latent_out) + ".pkl")



createWaterfallPlot = True



if createWaterfallPlot:
stage3_stage3_output_l32 = pd.read_pickle(datadir + "stage3-stage3-output-in9-l32.pkl")
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In [32]:



In [33]:



if createWaterfallPlot:
plt.pcolormesh(stage3_stage3_output_l32, cmap='hsv', vmin=stage3_stage3_output_l32.min().min(), vmax=stage3_stage3_output



if createWaterfallPlot:
plt.pcolormesh(stage3_stage3_output_l32, cmap='terrain', vmin=stage3_stage3_output_l32.min().min(), vmax
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In [34]:



Create pojection of lower dimensions



In [17]:



In [18]:



In [19]:



In [20]:



if createWaterfallPlot:
plt.pcolormesh(stage3_stage3_output_l32, cmap='gist_ncar', vmin=stage3_stage3_output_l32.min().min(), vmax



createPCADataset = False



if createPCADataset:
stage3_stage3_output_l32 = pd.read_pickle(datadir + "stage3-stage3-output-in9-l32.pkl")



def quick_scatter(X):
fig = go.Figure(data=[go.Scatter3d(x=X[:,0], y=X[:,1], z=X[:,2],



mode='markers',marker=dict(size=1))])
fig.show()



def getPCATransformed(df):
transformer = PCA(n_components=3)
pca = transformer.fit_transform(df)
return pca
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In [21]:



In [22]:



In [23]:



In [24]:



In [25]:



In [26]:



def getIsomapTransformed(df):
transformer = manifold.Isomap(n_components=3)#,n_neighbors=20)
Ytrans = transformer.fit_transform(df)
return Ytrans



def getTSNETransformed(df):
transformer = manifold.TSNE(n_components=3, init='pca', random_state=0)
Ytrans = transformer.fit_transform(df)
return Ytrans



if createPCADataset:
pca = getPCATransformed(stage3_stage3_output_l32)
with open(datadir + 'evaluation.transformed.pca.npy', 'wb') as f:



np.save(f, pca)



if createPCADataset:
tsne = getTSNETransformed(stage3_stage3_output_l32)
with open(datadir + 'evaluation.transformed.tsne.npy', 'wb') as f:



np.save(f, tsne)



if createPCADataset:
iso = getIsomapTransformed(stage3_stage3_output_l32[:100000])
with open(datadir + 'evaluation.transformed.iso.npy', 'wb') as f:



np.save(f, iso)



with open(datadir + 'evaluation.transformed.pca.npy', 'rb') as f:
pca = np.load(f)



with open(datadir + 'evaluation.transformed.iso.npy', 'rb') as f:
iso = np.load(f)



with open(datadir + 'evaluation.transformed.tsne.npy', 'rb') as f:
tsne = np.load(f)
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In [27]: quick_scatter(pca[:100000])
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In [28]: quick_scatter(tsne[:100000])
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In [29]:



In [ ]:



quick_scatter(iso[:100000])



#n=10000



#split DataFrame into chunks
#list_df = [stage3_stage3_output_l32[i:i+n] for i in range(0,len(stage3_stage3_output_l32),n)]
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In [3]:



In [4]:



datadir = "/tf/notebooks/data/"



import wandb
from wandb.keras import WandbMetricsLogger, WandbModelCheckpoint



import matplotlib.pyplot as plt
import numpy as np
import pandas as pd
import tensorflow as tf
import pickle



from sklearn.metrics import accuracy_score, precision_score, recall_score
from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses
from tensorflow.keras.datasets import fashion_mnist
from tensorflow.keras.models import Model
from tensorflow import keras



from sklearn.model_selection import train_test_split
import time
import random



from numpy.lib.stride_tricks import sliding_window_view



import visualkeras



%matplotlib inline



import matplotlib.pyplot as plt
plt.style.use('seaborn-whitegrid')
import numpy as np
import plotly
import plotly.graph_objects as go
from sklearn.decomposition import PCA
import sklearn.manifold as manifold



from matplotlib.ticker import StrMethodFormatter
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In [3]:



In [4]:



In [5]:



Create waterfall plot



In [6]:



In [7]:



loadData = True



if loadData:
rawMeterData_scaled = pd.read_pickle(datadir + "rawMeterData_scaled.pkl")



rawMeterData_scaled = rawMeterData_scaled.set_index('timestamp')



createWaterfallPlot = True



if createWaterfallPlot:
plt.pcolormesh(rawMeterData_scaled, cmap='hsv', vmin=rawMeterData_scaled.min().min(), vmax=rawMeterData_scaled
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In [8]:



In [9]:



if createWaterfallPlot:
plt.pcolormesh(rawMeterData_scaled, cmap='terrain', vmin=rawMeterData_scaled.min().min(), vmax=rawMeterData_scaled



if createWaterfallPlot:
plt.pcolormesh(rawMeterData_scaled, cmap='gist_ncar', vmin=rawMeterData_scaled.min().min(), vmax=rawMeterData_scaled
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Create pojection of lower dimensions



In [10]:



In [7]:



In [12]:



In [13]:



In [14]:



In [ ]:



In [ ]:



createPCADataset = True



def quick_scatter(X):
fig = go.Figure(data=[go.Scatter3d(x=X[:,0], y=X[:,1], z=X[:,2],



mode='markers',marker=dict(size=1))])
fig.show()



def getPCATransformed(df):
transformer = PCA(n_components=3)
pca = transformer.fit_transform(df)
return pca



def getIsomapTransformed(df):
transformer = manifold.Isomap(n_components=3)#,n_neighbors=20)
Ytrans = transformer.fit_transform(df)
return Ytrans



def getTSNETransformed(df):
transformer = manifold.TSNE(n_components=3, init='pca', random_state=0)
Ytrans = transformer.fit_transform(df)
return Ytrans



#if createPCADataset:
if False:



pca = getPCATransformed(rawMeterData_scaled)
with open(datadir + 'evaluation.raw.transformed.pca.npy', 'wb') as f:



np.save(f, pca)



#if createPCADataset:
if False:



tsne = getTSNETransformed(rawMeterData_scaled)
with open(datadir + 'evaluation.raw.transformed.tsne.npy', 'wb') as f:



np.save(f, tsne)
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In [ ]:



In [1]:



In [5]:



done



if createPCADataset:
iso = getIsomapTransformed(rawMeterData_scaled[:10000]) #100000 impossible
with open(datadir + 'evaluation.raw.transformed.iso.npy', 'wb') as f:



np.save(f, iso)



print("done")



with open(datadir + 'evaluation.raw.transformed.pca.npy', 'rb') as f:
pca = np.load(f)



with open(datadir + 'evaluation.raw.transformed.iso.npy', 'rb') as f:
iso = np.load(f)



#with open(datadir + 'evaluation.raw.transformed.tsne.npy', 'rb') as f:
#    tsne = np.load(f)
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In [8]: quick_scatter(pca[100000:200000])
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In [9]:



In [11]:



In [ ]:



quick_scatter(tsne[:100000])



#quick_scatter(iso[:100000])
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evaluation/labeled.data.test/kettle.test - Jupyter Notebook.pdf




In [1]: import wandb
from wandb.keras import WandbMetricsLogger, WandbModelCheckpoint



import matplotlib.pyplot as plt
import numpy as np
import pandas as pd
import tensorflow as tf
import pickle



from sklearn.metrics import accuracy_score, precision_score, recall_score
from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses
from tensorflow.keras.datasets import fashion_mnist
from tensorflow.keras.models import Model
from tensorflow import keras



from sklearn.model_selection import train_test_split
import time
import random



from numpy.lib.stride_tricks import sliding_window_view



import visualkeras



%matplotlib inline



import matplotlib.pyplot as plt
plt.style.use('seaborn-whitegrid')
import numpy as np
import plotly
import plotly.graph_objects as go
from sklearn.decomposition import PCA
import sklearn.manifold as manifold



from matplotlib.ticker import StrMethodFormatter
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In [2]:



In [3]:



In [4]:



get data for stage 1



In [5]:



def predictWithModel(df, model, in_cols, out_cols):
inputData = tf.convert_to_tensor(df[in_cols])
df[out_cols] = model.predict(inputData)



def latentToFieldList(latent):
return latentWithPrefixAndSuffixToFieldList(latent)



def latentWithPrefixAndSuffixToFieldList(latent, prefix="", suffix=""):
return [str(str(prefix) + "l" + str(latent) + "e" + str(e) + str(suffix)) for e in range(latent)]



createStage1 = True
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In [6]: names = (
'timestamp',
'timestart',
'power1',
'power2',
'power3',
'apower1',
'apower2',
'apower3',
'rpower1',
'rpower2',
'rpower3',
'pf1',
'pf2',
'pf3',
'f1',
'f2',
'f3',
'voltage1',
'voltage2',
'voltage3',
'current1',
'current2',
'current3',
'currentn',
'period1',
'period2',
'period3',
'eapower1',
'eapower2',
'eapower3',
'total',
'yesterday',
'today',
'tsumimport',
'tsumexport'



)



column_types = {
'power1': 'int16',
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'power2': 'int16',
'power3': 'int16',
'apower1': 'int16',
'apower2': 'int16',
'apower3': 'int16',
'rpower1': 'int16',
'rpower2': 'int16',
'rpower3': 'int16',
'pf1': 'float16',
'pf2': 'float16',
'pf3': 'float16',
'voltage1': 'uint8',
'voltage2': 'uint8',
'voltage3': 'uint8',
'current1': 'float16',
'current2': 'float16',
'current3': 'float16',



}



usecols = [
'timestamp',
'power1',
'power2',
'power3',
'apower1',
'apower2',
'apower3',
'rpower1',
'rpower2',
'rpower3',
'pf1',
'pf2',
'pf3',
'voltage1',
'voltage2',
'voltage3',
'current1',
'current2',
'current3'



]
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In [7]:



scale data



In [8]:



before_before_kettle = pd.read_csv('before.before.kettle.csv', dtype=column_types, usecols=usecols, names=names
before_kettle = pd.read_csv('before.kettle.csv', dtype=column_types, usecols=usecols, names=names )
kettle = pd.read_csv('kettle.csv', dtype=column_types, usecols=usecols, names=names )
allData = pd.read_csv('all.csv', dtype=column_types, usecols=usecols, names=names )



def getScaledDataset(df):
#fix timestamp
df['timestamp'] = pd.to_datetime(df['timestamp'], format="ISO8601", errors = 'coerce')
df['timestamp'] = df['timestamp'].astype('datetime64[s]')
#df = df.set_index('timestamp')



#scale the raw data
df_scaled = df.copy()
df_scaled["power1"] = df_scaled["power1"] / 11500.0
df_scaled["apower1"] = df_scaled["apower1"] / 11500.0
df_scaled["rpower1"] = df_scaled["rpower1"] / 11500.0
df_scaled["voltage1"] = df_scaled["voltage1"] / 255
df_scaled["current1"] = df_scaled["current1"] / 50



df_scaled["power2"] = df_scaled["power2"] / 11500.0
df_scaled["apower2"] = df_scaled["apower2"] / 11500.0
df_scaled["rpower2"] = df_scaled["rpower2"] / 11500.0
df_scaled["voltage2"] = df_scaled["voltage2"] / 255
df_scaled["current2"] = df_scaled["current2"] / 50



df_scaled["power3"] = df_scaled["power3"] / 11500.0
df_scaled["apower3"] = df_scaled["apower3"] / 11500.0
df_scaled["rpower3"] = df_scaled["rpower3"] / 11500.0
df_scaled["voltage3"] = df_scaled["voltage3"] / 255
df_scaled["current3"] = df_scaled["current3"] / 50



return df_scaled
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In [9]:



load best stage 1 model(s)



In [10]:



In [11]:



predict with stage 1



latent 4



phase 1



WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.



WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.



bbk = getScaledDataset(before_before_kettle)
bk = getScaledDataset(before_kettle)
k = getScaledDataset(kettle)
r_scaled = getScaledDataset(allData)



if createStage1:
stage1_model_best1 = keras.models.load_model('/tf/notebooks/stage1/models/single-phase-simple-latend4-all_sigmoid-encoder
stage1_model_best1.compile()
#stage1_model_best1.summary()



if createStage1:
stage1_model_best2 = keras.models.load_model('/tf/notebooks/stage1/models/single-phase-simple-latend3-all_sigmoid-encoder
stage1_model_best2.compile()
#stage1_model_best1.summary()
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In [12]:



phase 2



In [13]:



phase 3



In [14]:



latent 3



phase 1



24/24 [==============================] - 0s 2ms/step



24/24 [==============================] - 0s 2ms/step



24/24 [==============================] - 0s 2ms/step



if createStage1:
in_cols = ["power1", "apower1", "rpower1", "pf1", "voltage1", "current1"]
out_cols = latentWithPrefixAndSuffixToFieldList(4, "p1")
predictWithModel(r_scaled, stage1_model_best1, in_cols, out_cols)



if createStage1:
in_cols = ["power2", "apower2", "rpower2", "pf2", "voltage2", "current2"]
out_cols = latentWithPrefixAndSuffixToFieldList(4, "p2")
predictWithModel(r_scaled, stage1_model_best1, in_cols, out_cols)



if createStage1:
in_cols = ["power3", "apower3", "rpower3", "pf3", "voltage3", "current3"]
out_cols = latentWithPrefixAndSuffixToFieldList(4, "p3")
predictWithModel(r_scaled, stage1_model_best1, in_cols, out_cols)
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In [15]:



phase 2



In [16]:



phase 3



In [17]:



get data for stage 2



(create windowed dataset from stage 1 predictions)



In [18]:



24/24 [==============================] - 0s 2ms/step



24/24 [==============================] - 0s 2ms/step



24/24 [==============================] - 0s 2ms/step



if createStage1:
in_cols = ["power1", "apower1", "rpower1", "pf1", "voltage1", "current1"]
out_cols = latentWithPrefixAndSuffixToFieldList(3, "p1")
predictWithModel(r_scaled, stage1_model_best2, in_cols, out_cols)



if createStage1:
in_cols = ["power2", "apower2", "rpower2", "pf2", "voltage2", "current2"]
out_cols = latentWithPrefixAndSuffixToFieldList(3, "p2")
predictWithModel(r_scaled, stage1_model_best2, in_cols, out_cols)



if createStage1:
in_cols = ["power3", "apower3", "rpower3", "pf3", "voltage3", "current3"]
out_cols = latentWithPrefixAndSuffixToFieldList(3, "p3")
predictWithModel(r_scaled, stage1_model_best2, in_cols, out_cols)



def makeWindowDataFrame(df, N):
return pd.DataFrame(sliding_window_view(df, N, axis=0).swapaxes(1, 2).reshape(len(df) - N + 1, -1), index
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In [19]:



In [20]:



load from disk



In [21]:



def createWindowedDataset(df, latent, phase, windowSize):
singleChunk = df



#collect the name of columns to drop
lst = [1, 2, 3]
lst.remove(phase)
dropCols = []
for a in lst:



dropCols = dropCols + latentWithPrefixAndSuffixToFieldList(latent, "p" + str(a))



result = []
singleChunkSinglePhase = singleChunk.drop(columns=dropCols)
singleChunkSinglePhase = singleChunkSinglePhase.set_index('timestamp')



return makeWindowDataFrame(singleChunkSinglePhase, windowSize)



def getRenamedWindowedDataframe(df, latent, phase, windowSize):
res = createWindowedDataset(df, latent, phase, windowSize)



out_cols = [str("p" + str(phase) + "w" + str(w)) for w in range(windowSize * latent)]
colRename = {}
for columnName in range(len(out_cols)):



colRename[columnName] = out_cols[columnName]
return res.rename(columns=colRename)



createStage2 = True
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In [22]:



set window size



In [23]:



latent 3



In [24]:



phase 1 - 3



if createStage2:
stage3_stage1_output = r_scaled



columns = ['power1', 'power2', 'power3',
'apower1', 'apower2', 'apower3',
'rpower1', 'rpower2', 'rpower3',
'pf1', 'pf2', 'pf3',
'voltage1', 'voltage2', 'voltage3',
'current1', 'current2', 'current3'



              ]
stage3_stage1_output = stage3_stage1_output.drop(columns=columns)



columns = ['p1l4e0', 'p1l4e1', 'p1l4e2', 'p1l4e3',
'p2l4e0', 'p2l4e1', 'p2l4e2', 'p2l4e3',
'p3l4e0', 'p3l4e1', 'p3l4e2', 'p3l4e3'



              ]
stage3_stage1_output_l3 = stage3_stage1_output.drop(columns=columns)



columns = ['p1l3e0', 'p1l3e1', 'p1l3e2',
'p2l3e0', 'p2l3e1', 'p2l3e2',
'p3l3e0', 'p3l3e1', 'p3l3e2'



              ]
stage3_stage1_output_l4 = stage3_stage1_output.drop(columns=columns)



windowSize = 16



latent = 3
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In [25]:



latent 4



In [26]:



phase 1 - 3



In [27]:



load best stage 2 model(s)



In [28]:



In [29]:



predict with stage 2



if createStage2:
p1 = getRenamedWindowedDataframe(stage3_stage1_output_l3, latent, 1, windowSize)
p2 = getRenamedWindowedDataframe(stage3_stage1_output_l3, latent, 2, windowSize)
p3 = getRenamedWindowedDataframe(stage3_stage1_output_l3, latent, 3, windowSize)



stage3_stage2_windowed_l3 = pd.concat([p1, p2, p3], axis=1)



latent = 4



if createStage2:
p1 = getRenamedWindowedDataframe(stage3_stage1_output_l4, latent, 1, windowSize)
p2 = getRenamedWindowedDataframe(stage3_stage1_output_l4, latent, 2, windowSize)
p3 = getRenamedWindowedDataframe(stage3_stage1_output_l4, latent, 3, windowSize)



stage3_stage2_windowed_l4 = pd.concat([p1, p2, p3], axis=1)



createStage2Predigt = True



if createStage2Predigt:
stage2_conv_l9 = keras.models.load_model('/tf/notebooks/stage2/models/stage2-window-in4-lat9-conv-mini-encoder-2023-12-08
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In [30]:



In [31]:



In [32]:



def predictWithStage2(df, model, latent_in, phase, latent_out, windowSize):
in_cols = [str("p" + str(phase) + "w" + str(w)) for w in range(windowSize * latent_in)]
out_cols = latentWithPrefixAndSuffixToFieldList(latent_out, "p" + str(phase))



inputsize = model.layers[0].output_shape[0][1]
outputsize = model.layers[-1].output_shape[1]



if not latent_in * windowSize == inputsize or not latent_out == outputsize:
print("The sizes don't match!!!",



"latent_in * windowSize == inputsize: ", latent_in * windowSize == inputsize,
"latent_out == outputsize:", latent_out == outputsize)



else:
predictWithModel(df, model, in_cols, out_cols)



def predictWithStage2Reshaped(df, model, latent_in, phase, latent_out, windowSize):
in_cols = [str("p" + str(phase) + "w" + str(w)) for w in range(windowSize * latent_in)]
out_cols = latentWithPrefixAndSuffixToFieldList(latent_out, "p" + str(phase))



data = df[in_cols].copy()



data_reshaped = tf.reshape(data, (len(data), 16, 4))



inputData = tf.convert_to_tensor(data_reshaped)
df[out_cols] = model.predict(inputData)



def predictAllPhases(df, model, latent_in, latent_out, windowSize):
out_cols=[]



for phase in range(1, 4):
predictWithStage2(df, model, latent_in, phase, latent_out, windowSize)
out_cols = out_cols + latentWithPrefixAndSuffixToFieldList(latent_out, "p" + str(phase))



return df[out_cols]
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In [33]:



In [34]:



In [35]:



stage 3 models



24/24 [==============================] - 1s 3ms/step
24/24 [==============================] - 0s 2ms/step
24/24 [==============================] - 0s 2ms/step



def predictAllPhasesReshaped(df, model, latent_in, latent_out, windowSize):
out_cols=[]



for phase in range(1, 4):
predictWithStage2Reshaped(df, model, latent_in, phase, latent_out, windowSize)
out_cols = out_cols + latentWithPrefixAndSuffixToFieldList(latent_out, "p" + str(phase))



return df[out_cols]



if createStage2Predigt:
latent_in = 4
latent_out = 9



stage3_stage2_output_in4_l9 = predictAllPhasesReshaped(stage3_stage2_windowed_l4, stage2_conv_l9, latent_in



stage3_stage2_output_in4_l9 = stage3_stage2_output_in4_l9.copy()
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In [36]:



In [37]:



In [38]:



In [39]:



24/24 [==============================] - 0s 2ms/step



def predictWithStage3(df, model, latent_in, latent_out):
out_cols = latentWithPrefixAndSuffixToFieldList(latent_out)
in_cols=[]



for phase in range(1, 4):
in_cols = in_cols + latentWithPrefixAndSuffixToFieldList(latent_in, "p" + str(phase))



inputsize = model.layers[0].output_shape[0][1]
outputsize = model.layers[-1].output_shape[1]



if not latent_in * 3 == inputsize or not latent_out == outputsize:
print("The sizes don't match!!!",



"latent_in * 3 == inputsize: ", latent_in * 3 == inputsize,
"latent_out == outputsize:", latent_out == outputsize)



print("latent_in * 3", latent_in * 3)
print("inputsize", inputsize)
print("latent_out", latent_out)
print("outputsize", outputsize)



else:
predictWithModel(df, model, in_cols, out_cols)
return df[out_cols]



createStage3Output = True



if createStage3Output:
stage3_model = keras.models.load_model(



'/tf/notebooks/stage3/models/stage3-stage1_lat4-stage2_lat9-stage3_lat32-0_1_percent-dense-epoch20-encoder-2024-01-22
    )



latent_in = 9
latent_out = 32



if createStage3Output:
stage3_stage3_output_l32 = predictWithStage3(stage3_stage2_output_in4_l9, stage3_model, latent_in, latent_out
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Create waterfall plot



In [40]:



In [41]:



createWaterfallPlot = True



if createWaterfallPlot:
plt.pcolormesh(stage3_stage3_output_l32, cmap='hsv', vmin=stage3_stage3_output_l32.min().min(), vmax=stage3_stage3_output
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In [42]:



In [43]:



Create pojection of lower dimensions



if createWaterfallPlot:
plt.pcolormesh(stage3_stage3_output_l32, cmap='terrain', vmin=stage3_stage3_output_l32.min().min(), vmax



if createWaterfallPlot:
plt.pcolormesh(stage3_stage3_output_l32, cmap='gist_ncar', vmin=stage3_stage3_output_l32.min().min(), vmax
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In [44]:



In [45]:



In [46]:



In [47]:



In [48]:



In [49]:



In [50]:



createPCADataset = True



def quick_scatter(X):
fig = go.Figure(data=[go.Scatter3d(x=X[:,0], y=X[:,1], z=X[:,2],



mode='markers',marker=dict(size=1))])
fig.show()



def getPCATransformed(df):
transformer = PCA(n_components=3)
pca = transformer.fit_transform(df)
return pca



def getIsomapTransformed(df):
transformer = manifold.Isomap(n_components=3)#,n_neighbors=20)
Ytrans = transformer.fit_transform(df)
return Ytrans



def getTSNETransformed(df):
transformer = manifold.TSNE(n_components=3, init='pca', random_state=0)
Ytrans = transformer.fit_transform(df)
return Ytrans



if createPCADataset:
pca = getPCATransformed(stage3_stage3_output_l32)



if createPCADataset:
tsne = getTSNETransformed(stage3_stage3_output_l32)
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In [51]:



/home/ulf.mueller_baumgart/.local/lib/python3.8/site-packages/sklearn/manifold/_isomap.py:383: UserWarning
: The number of connected components of the neighbors graph is 3 > 1. Completing the graph to fit Isomap m
ight be slow. Increase the number of neighbors to avoid this issue.
  self._fit_transform(X)
/home/ulf.mueller_baumgart/.local/lib/python3.8/site-packages/scipy/sparse/_index.py:103: SparseEfficiency
Warning: Changing the sparsity structure of a csr_matrix is expensive. lil_matrix is more efficient.
  self._set_intXint(row, col, x.flat[0])
/home/ulf.mueller_baumgart/.local/lib/python3.8/site-packages/scipy/sparse/_index.py:103: SparseEfficiency
Warning: Changing the sparsity structure of a csr_matrix is expensive. lil_matrix is more efficient.
  self._set_intXint(row, col, x.flat[0])
/home/ulf.mueller_baumgart/.local/lib/python3.8/site-packages/scipy/sparse/_index.py:103: SparseEfficiency
Warning: Changing the sparsity structure of a csr_matrix is expensive. lil_matrix is more efficient.
  self._set_intXint(row, col, x.flat[0])



if createPCADataset:
iso = getIsomapTransformed(stage3_stage3_output_l32)
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In [52]: #kettle off
quick_scatter(pca[:512])
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In [53]: #kettle on
quick_scatter(pca[512:768])
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In [54]: #kettle off and on
quick_scatter(pca)
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In [55]: #kettle off
quick_scatter(tsne[:512])
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In [56]: #kettle on
quick_scatter(tsne[512:768])
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In [57]: #kettle off and on
quick_scatter(tsne)
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In [58]: #kettle off
quick_scatter(iso[:512])
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In [59]: #kettle on
quick_scatter(iso[512:768])
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In [60]:



In [61]:



#kettle off and on
quick_scatter(iso)



raw_dim = r_scaled[['power1', 'power2', 'power3', 'apower1', 'apower2',
'apower3', 'rpower1', 'rpower2', 'rpower3', 'pf1', 'pf2', 'pf3',
'voltage1', 'voltage2', 'voltage3', 'current1', 'current2', 'current3']]
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In [62]:



In [63]:



In [64]:



/home/ulf.mueller_baumgart/.local/lib/python3.8/site-packages/sklearn/manifold/_isomap.py:383: UserWarnin
g:



The number of connected components of the neighbors graph is 7 > 1. Completing the graph to fit Isomap mig
ht be slow. Increase the number of neighbors to avoid this issue.



/home/ulf.mueller_baumgart/.local/lib/python3.8/site-packages/scipy/sparse/_index.py:103: SparseEfficiency
Warning:



Changing the sparsity structure of a csr_matrix is expensive. lil_matrix is more efficient.



/home/ulf.mueller_baumgart/.local/lib/python3.8/site-packages/scipy/sparse/_index.py:103: SparseEfficiency
Warning:



Changing the sparsity structure of a csr_matrix is expensive. lil_matrix is more efficient.



/home/ulf.mueller_baumgart/.local/lib/python3.8/site-packages/scipy/sparse/_index.py:103: SparseEfficiency
Warning:



Changing the sparsity structure of a csr_matrix is expensive. lil_matrix is more efficient.



if createPCADataset:
raw_pca = getPCATransformed(raw_dim)



if createPCADataset:
raw_tsne = getTSNETransformed(raw_dim)



if createPCADataset:
raw_iso = getIsomapTransformed(raw_dim)
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In [65]: #kettle off
quick_scatter(raw_pca[:512])
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In [66]: #kettle on
quick_scatter(raw_pca[512:768])
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In [67]: #kettle off and on
quick_scatter(raw_pca)
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In [68]: #kettle off
quick_scatter(raw_tsne[:512])
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In [69]: #kettle on
quick_scatter(raw_tsne[512:768])
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In [70]: #kettle off and on
quick_scatter(raw_tsne)
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In [71]: #kettle off
quick_scatter(raw_iso[:512])
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In [72]: #kettle on
quick_scatter(raw_iso[512:768])
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In [73]: #kettle off and on
quick_scatter(raw_iso)
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In [1]:



In [2]:



datadir = "/tf/notebooks/data/"



#!pip install graphviz
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In [3]:



In [4]:



import wandb
from wandb.keras import WandbMetricsLogger, WandbModelCheckpoint



import matplotlib.pyplot as plt
import numpy as np
import pandas as pd
import tensorflow as tf
import pickle



from sklearn.metrics import accuracy_score, precision_score, recall_score
from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses
from tensorflow.keras.datasets import fashion_mnist
from tensorflow.keras.models import Model
from tensorflow import keras



from sklearn.model_selection import train_test_split
import time
import random



from numpy.lib.stride_tricks import sliding_window_view



import visualkeras



%matplotlib inline



import matplotlib.pyplot as plt
plt.style.use('seaborn-whitegrid')
import numpy as np



from matplotlib.ticker import StrMethodFormatter
import matplotlib as mpl
mpl.rcParams['figure.dpi'] = 300



r_scaled = pd.read_pickle(datadir + "rawMeterData_scaled.pkl")
r_scaled_noisy = pd.read_pickle(datadir + "rawMeterData_scaled_noisy.pkl")
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In [30]:



In [31]:



In [32]:



In [33]:



In [34]:



In [35]:



In [36]:



In [37]:



In [38]:



rows: 2191434



duplicates: 106557



4.86 %



single datapoints: 39445812



seconds: 4673366.0



duplicateRows = r_scaled[r_scaled.duplicated(['power1', 'power2', 'power3', 'apower1', 'apower2',
'apower3', 'rpower1', 'rpower2', 'rpower3', 'pf1', 'pf2', 'pf3',
'voltage1', 'voltage2', 'voltage3', 'current1', 'current2', 'current3'])]



duplicateRows = r_scaled[r_scaled.duplicated()]



duplicateRows = r_scaled_noisy[r_scaled_noisy.duplicated(['power1', 'power2', 'power3', 'apower1', 'apower2'
'apower3', 'rpower1', 'rpower2', 'rpower3', 'pf1', 'pf2', 'pf3',
'voltage1', 'voltage2', 'voltage3', 'current1', 'current2', 'current3'])]



print("rows:", len(r_scaled))



print("duplicates:", len(duplicateRows))



print("{:.2f}".format((len(duplicateRows)/len(r_scaled))*100), "%")



print("single datapoints:", len(r_scaled)*18)



import datetime as dt



start = dt.datetime.fromisoformat('2023-09-23 13:19:02')
end = dt.datetime.fromisoformat('2023-11-16 15:28:28')



seconds = (end-start).total_seconds()



print("seconds:", seconds)



data.analysis.qualities - Jupyter Notebook http://172.22.50.102:32768/notebooks/notebooks/prelearn/data.analysis.qualities.ipynb



3 of 20 2/28/24, 09:03











In [39]:



In [40]:



days: 54.089884259259264



seconds per datapoint: 2.132560688571958



print("days:", seconds/60/60/24)



print('seconds per datapoint:', 4673366/2191434)
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In [41]: labels = ['duplicates', 'data']
sizes = [len(duplicateRows), len(r_scaled) - len(duplicateRows)]



fig, ax = plt.subplots()
ax.pie(sizes, labels=labels, autopct='%1.2f%%')
ax.axis('equal')  # Equal aspect ratio ensures the pie chart is circular.
ax.set_title('redundant data')



plt.show()
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In [17]: plt.axis([0, 0.5, 0, 0.175])
plt.plot(r_scaled['power1'], r_scaled['rpower1'], 'o');
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In [18]: plt.axis([0, 0.5, 0, 0.175])
plt.plot(r_scaled['power2'], r_scaled['rpower2'], 'o');
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In [19]: plt.axis([0, 0.5, 0, 0.175])
plt.plot(r_scaled['power3'], r_scaled['rpower3'], 'o');
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In [20]: r_scaled.hist(column='power1', bins=[0.0, 0.05, 0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.45, 0.5]);
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In [21]: r_scaled.hist(column='power2', bins=[0.0, 0.05, 0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.45, 0.5]);
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In [22]: r_scaled.hist(column='power3', bins=[0.0, 0.05, 0.1, 0.15, 0.2, 0.25, 0.3, 0.35, 0.4, 0.45, 0.5]);
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In [23]: r_scaled.hist(column='pf1');
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In [24]: r_scaled.hist(column='pf2');
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In [25]: r_scaled.hist(column='pf3');



data.analysis.qualities - Jupyter Notebook http://172.22.50.102:32768/notebooks/notebooks/prelearn/data.analysis.qualities.ipynb



15 of 20 2/28/24, 09:03











In [26]: r_scaled.hist(column='voltage1');
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In [27]: r_scaled.hist(column='voltage2');
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In [28]: r_scaled.hist(column='voltage3');
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In [29]: r_scaled.hist(column=['power1', 'power2', 'power3', 'apower1', 'apower2',
'apower3', 'rpower1', 'rpower2', 'rpower3', 'pf1', 'pf2', 'pf3',
'voltage1', 'voltage2', 'voltage3', 'current1', 'current2', 'current3']);
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In [ ]:
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In [1]: import pandas as pd
import numpy as np
from sklearn.model_selection import train_test_split
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In [2]: names = (
'timestamp',
'timestart',
'power1',
'power2',
'power3',
'apower1',
'apower2',
'apower3',
'rpower1',
'rpower2',
'rpower3',
'pf1',
'pf2',
'pf3',
'f1',
'f2',
'f3',
'voltage1',
'voltage2',
'voltage3',
'current1',
'current2',
'current3',
'currentn',
'period1',
'period2',
'period3',
'eapower1',
'eapower2',
'eapower3',
'total',
'yesterday',
'today',
'tsumimport',
'tsumexport'



)
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In [3]: column_types = {
'power1': 'int16',
'power2': 'int16',
'power3': 'int16',
'apower1': 'int16',
'apower2': 'int16',
'apower3': 'int16',
'rpower1': 'int16',
'rpower2': 'int16',
'rpower3': 'int16',
'pf1': 'float16',
'pf2': 'float16',
'pf3': 'float16',
'voltage1': 'uint8',
'voltage2': 'uint8',
'voltage3': 'uint8',
'current1': 'float16',
'current2': 'float16',
'current3': 'float16',



}
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In [4]:



In [5]:



In [6]:



In [7]:



usecols = [
'timestamp',
'power1',
'power2',
'power3',
'apower1',
'apower2',
'apower3',
'rpower1',
'rpower2',
'rpower3',
'pf1',
'pf2',
'pf3',
'voltage1',
'voltage2',
'voltage3',
'current1',
'current2',
'current3'



]



#read raw file
rawMeterData = pd.read_csv('/tf/notebooks/data/raw/all.csv', dtype=column_types, usecols=usecols, names=names



#fix timestamp
rawMeterData['timestamp'] = pd.to_datetime(rawMeterData['timestamp'], format="ISO8601", errors = 'coerce')
rawMeterData['timestamp'] = rawMeterData['timestamp'].astype('datetime64[s]')



#store raw data
rawMeterData.to_pickle("/tf/notebooks/data/rawMeterData.pkl")
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In [8]:



In [9]:



#scale the raw data
rawMeterData_scaled = rawMeterData.copy()
rawMeterData_scaled["power1"] = rawMeterData_scaled["power1"] / 11500.0
rawMeterData_scaled["apower1"] = rawMeterData_scaled["apower1"] / 11500.0
rawMeterData_scaled["rpower1"] = rawMeterData_scaled["rpower1"] / 11500.0
rawMeterData_scaled["voltage1"] = rawMeterData_scaled["voltage1"] / 255
rawMeterData_scaled["current1"] = rawMeterData_scaled["current1"] / 50



rawMeterData_scaled["power2"] = rawMeterData_scaled["power2"] / 11500.0
rawMeterData_scaled["apower2"] = rawMeterData_scaled["apower2"] / 11500.0
rawMeterData_scaled["rpower2"] = rawMeterData_scaled["rpower2"] / 11500.0
rawMeterData_scaled["voltage2"] = rawMeterData_scaled["voltage2"] / 255
rawMeterData_scaled["current2"] = rawMeterData_scaled["current2"] / 50



rawMeterData_scaled["power3"] = rawMeterData_scaled["power3"] / 11500.0
rawMeterData_scaled["apower3"] = rawMeterData_scaled["apower3"] / 11500.0
rawMeterData_scaled["rpower3"] = rawMeterData_scaled["rpower3"] / 11500.0
rawMeterData_scaled["voltage3"] = rawMeterData_scaled["voltage3"] / 255
rawMeterData_scaled["current3"] = rawMeterData_scaled["current3"] / 50



rawMeterData_scaled.to_pickle("/tf/notebooks/data/rawMeterData_scaled.pkl")



#create noisy version of raw data
rawMeterData_scaled_noisy = rawMeterData_scaled.copy()



noise_factor = 0.002
allColumnsExceptTimestamp = rawMeterData_scaled_noisy.columns.difference(['timestamp'])
dataShape = rawMeterData_scaled_noisy[allColumnsExceptTimestamp].shape
noiseData = noise_factor * np.random.normal(loc=0.0, scale=1.0, size=dataShape)
rawMeterData_scaled_noisy[allColumnsExceptTimestamp] = rawMeterData_scaled_noisy[allColumnsExceptTimestamp] 
rawMeterData_scaled_noisy[allColumnsExceptTimestamp] = np.clip(rawMeterData_scaled_noisy[allColumnsExceptTimestamp



#store
rawMeterData_scaled_noisy.to_pickle("/tf/notebooks/data/rawMeterData_scaled_noisy.pkl")
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In [10]: #create single phase dataset
allPhasesAsSingle = pd.concat([



rawMeterData_scaled[["power1", "apower1", "rpower1", "pf1", "voltage1", "current1"]].rename(columns={
"power1": "power",
"apower1": "apower",
"rpower1": "rpower",
"pf1": "pf",
"voltage1": "voltage",
"current1": "current"



    }),
rawMeterData_scaled[["power2", "apower2", "rpower2", "pf2", "voltage2", "current2"]].rename(columns={



"power2": "power",
"apower2": "apower",
"rpower2": "rpower",
"pf2": "pf",
"voltage2": "voltage",
"current2": "current"



    }),
rawMeterData_scaled[["power3", "apower3", "rpower3", "pf3", "voltage3", "current3"]].rename(columns={



"power3": "power",
"apower3": "apower",
"rpower3": "rpower",
"pf3": "pf",
"voltage3": "voltage",
"current3": "current"



    })
])



#shuffle
allPhasesAsSingle = allPhasesAsSingle.sample(frac=1).reset_index(drop=True)



#add noise
allPhasesAsSingle_noisy = allPhasesAsSingle.copy()



noise_factor = 0.002



noiseData = noise_factor * np.random.normal(loc=0.0, scale=1.0, size=allPhasesAsSingle_noisy.shape)
allPhasesAsSingle_noisy = allPhasesAsSingle_noisy + noiseData
allPhasesAsSingle_noisy = np.clip(allPhasesAsSingle_noisy, 0., 1.)
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In [11]:



In [12]:



#store
allPhasesAsSingle.to_pickle("/tf/notebooks/data/allPhasesAsSingle.pkl")
allPhasesAsSingle_noisy.to_pickle("/tf/notebooks/data/allPhasesAsSingle_noisy.pkl")



#create single phase training set
allPhasesAsSingle_normal_x_train, allPhasesAsSingle_normal_x_test = train_test_split(allPhasesAsSingle, test_size
allPhasesAsSingle_noisy_x_train, allPhasesAsSingle_noisy_x_test = train_test_split(allPhasesAsSingle_noisy, 



allPhasesAsSingle_normal_x_train.to_pickle("/tf/notebooks/data/allPhasesAsSingle_normal_x_train.pkl")
allPhasesAsSingle_normal_x_test.to_pickle("/tf/notebooks/data/allPhasesAsSingle_normal_x_test.pkl")
allPhasesAsSingle_noisy_x_train.to_pickle("/tf/notebooks/data/allPhasesAsSingle_noisy_x_train.pkl")
allPhasesAsSingle_noisy_x_test.to_pickle("/tf/notebooks/data/allPhasesAsSingle_noisy_x_test.pkl")



#create the set incl. noise
allPhasesAsSingle_set = pd.DataFrame()



pd.concat([allPhasesAsSingle_normal_x_train, allPhasesAsSingle_noisy_x_train]).to_pickle("/tf/notebooks/data/allPhasesAsSingl
pd.concat([allPhasesAsSingle_normal_x_train, allPhasesAsSingle_normal_x_train]).to_pickle("/tf/notebooks/data/allPhasesAsSing



pd.concat([allPhasesAsSingle_normal_x_test, allPhasesAsSingle_noisy_x_test]).to_pickle("/tf/notebooks/data/allPhasesAsSingle_
pd.concat([allPhasesAsSingle_normal_x_test, allPhasesAsSingle_normal_x_test]).to_pickle("/tf/notebooks/data/allPhasesAsSingle
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In [1]:



In [2]:



simple-latend3



In [19]:



WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.
WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.



import matplotlib.pyplot as plt
import numpy as np
import pandas as pd
import tensorflow as tf



from sklearn.metrics import accuracy_score, precision_score, recall_score
from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses
from tensorflow.keras.datasets import fashion_mnist
from tensorflow.keras.models import Model



from sklearn.model_selection import train_test_split
import time
import random



modeldir = "/tf/notebooks/stage1/models/"



encoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend3-encoder-2023-11-23-16:13:59.tf'
decoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend3-decoder-2023-11-23-16:13:59.tf'
autoencoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend3-autoencoder-2023-11-23-16:13:59.tf'
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In [20]:



Model: "model_1"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_1 (InputLayer)        [(None, 6)]               0         
                                                                 
 dense (Dense)               (None, 6)                 42        
                                                                 
 dense_1 (Dense)             (None, 5)                 35        
                                                                 
 dense_2 (Dense)             (None, 3)                 18        
                                                                 
=================================================================
Total params: 95
Trainable params: 95
Non-trainable params: 0
_________________________________________________________________
Model: "model_2"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_2 (InputLayer)        [(None, 3)]               0         
                                                                 
 dense_3 (Dense)             (None, 5)                 20        
                                                                 
 dense_4 (Dense)             (None, 6)                 36        
                                                                 
=================================================================
Total params: 56
Trainable params: 56
Non-trainable params: 0
_________________________________________________________________
Model: "model"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   



encoder.summary()
decoder.summary()
autoencoder.summary()
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simple-latend3-optimizer_sgd



In [22]:



=================================================================
 input_1 (InputLayer)        [(None, 6)]               0         
                                                                 
 dense (Dense)               (None, 6)                 42        
                                                                 
 dense_1 (Dense)             (None, 5)                 35        
                                                                 
 dense_2 (Dense)             (None, 3)                 18        
                                                                 
 dense_3 (Dense)             (None, 5)                 20        
                                                                 
 dense_4 (Dense)             (None, 6)                 36        
                                                                 
=================================================================
Total params: 151
Trainable params: 151
Non-trainable params: 0
_________________________________________________________________



WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.
WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.



encoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend3-optimizer_sgd-encoder-2023-11-23-21:00:02.tf'
decoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend3-optimizer_sgd-decoder-2023-11-23-21:00:02.tf'
autoencoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend3-optimizer_sgd-autoencoder-2023-11-23-21:00:0
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In [23]:



Model: "model_4"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_3 (InputLayer)        [(None, 6)]               0         
                                                                 
 dense_5 (Dense)             (None, 6)                 42        
                                                                 
 dense_6 (Dense)             (None, 5)                 35        
                                                                 
 dense_7 (Dense)             (None, 3)                 18        
                                                                 
=================================================================
Total params: 95
Trainable params: 95
Non-trainable params: 0
_________________________________________________________________
Model: "model_5"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_4 (InputLayer)        [(None, 3)]               0         
                                                                 
 dense_8 (Dense)             (None, 5)                 20        
                                                                 
 dense_9 (Dense)             (None, 6)                 36        
                                                                 
=================================================================
Total params: 56
Trainable params: 56
Non-trainable params: 0
_________________________________________________________________
Model: "model_3"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   



encoder.summary()
decoder.summary()
autoencoder.summary()
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simple-latend4



In [24]:



=================================================================
 input_3 (InputLayer)        [(None, 6)]               0         
                                                                 
 dense_5 (Dense)             (None, 6)                 42        
                                                                 
 dense_6 (Dense)             (None, 5)                 35        
                                                                 
 dense_7 (Dense)             (None, 3)                 18        
                                                                 
 dense_8 (Dense)             (None, 5)                 20        
                                                                 
 dense_9 (Dense)             (None, 6)                 36        
                                                                 
=================================================================
Total params: 151
Trainable params: 151
Non-trainable params: 0
_________________________________________________________________



WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.
WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.



encoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend4-encoder-2023-11-24-01:12:50.tf'
decoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend4-decoder-2023-11-24-01:12:50.tf'
autoencoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend4-autoencoder-2023-11-24-01:12:50.tf'
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In [25]:



Model: "model_7"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_5 (InputLayer)        [(None, 6)]               0         
                                                                 
 dense_10 (Dense)            (None, 6)                 42        
                                                                 
 dense_11 (Dense)            (None, 5)                 35        
                                                                 
 dense_12 (Dense)            (None, 4)                 24        
                                                                 
=================================================================
Total params: 101
Trainable params: 101
Non-trainable params: 0
_________________________________________________________________
Model: "model_8"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_6 (InputLayer)        [(None, 4)]               0         
                                                                 
 dense_13 (Dense)            (None, 5)                 25        
                                                                 
 dense_14 (Dense)            (None, 6)                 36        
                                                                 
=================================================================
Total params: 61
Trainable params: 61
Non-trainable params: 0
_________________________________________________________________
Model: "model_6"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   



encoder.summary()
decoder.summary()
autoencoder.summary()
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simple-latend3-all_sigmoid



In [26]:



=================================================================
 input_5 (InputLayer)        [(None, 6)]               0         
                                                                 
 dense_10 (Dense)            (None, 6)                 42        
                                                                 
 dense_11 (Dense)            (None, 5)                 35        
                                                                 
 dense_12 (Dense)            (None, 4)                 24        
                                                                 
 dense_13 (Dense)            (None, 5)                 25        
                                                                 
 dense_14 (Dense)            (None, 6)                 36        
                                                                 
=================================================================
Total params: 162
Trainable params: 162
Non-trainable params: 0
_________________________________________________________________



WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.
WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.



encoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend3-all_sigmoid-encoder-2023-11-24-06:03:03.tf'
decoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend3-all_sigmoid-decoder-2023-11-24-06:03:03.tf'
autoencoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend3-all_sigmoid-autoencoder-2023-11-24-06:03:03.
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In [27]:



Model: "model_10"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_7 (InputLayer)        [(None, 6)]               0         
                                                                 
 dense_15 (Dense)            (None, 6)                 42        
                                                                 
 dense_16 (Dense)            (None, 5)                 35        
                                                                 
 dense_17 (Dense)            (None, 3)                 18        
                                                                 
=================================================================
Total params: 95
Trainable params: 95
Non-trainable params: 0
_________________________________________________________________
Model: "model_11"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_8 (InputLayer)        [(None, 3)]               0         
                                                                 
 dense_18 (Dense)            (None, 5)                 20        
                                                                 
 dense_19 (Dense)            (None, 6)                 36        
                                                                 
=================================================================
Total params: 56
Trainable params: 56
Non-trainable params: 0
_________________________________________________________________
Model: "model_9"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   



encoder.summary()
decoder.summary()
autoencoder.summary()
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simple-latend4-all_sigmoid



In [28]:



=================================================================
 input_7 (InputLayer)        [(None, 6)]               0         
                                                                 
 dense_15 (Dense)            (None, 6)                 42        
                                                                 
 dense_16 (Dense)            (None, 5)                 35        
                                                                 
 dense_17 (Dense)            (None, 3)                 18        
                                                                 
 dense_18 (Dense)            (None, 5)                 20        
                                                                 
 dense_19 (Dense)            (None, 6)                 36        
                                                                 
=================================================================
Total params: 151
Trainable params: 151
Non-trainable params: 0
_________________________________________________________________



WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.
WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.



encoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend4-all_sigmoid-encoder-2023-11-24-10:53:38.tf'
decoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend4-all_sigmoid-decoder-2023-11-24-10:53:38.tf'
autoencoder = tf.keras.models.load_model(modeldir + 'single-phase-simple-latend4-all_sigmoid-autoencoder-2023-11-24-10:53:38.
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In [29]:



Model: "model_13"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_9 (InputLayer)        [(None, 6)]               0         
                                                                 
 dense_20 (Dense)            (None, 6)                 42        
                                                                 
 dense_21 (Dense)            (None, 5)                 35        
                                                                 
 dense_22 (Dense)            (None, 4)                 24        
                                                                 
=================================================================
Total params: 101
Trainable params: 101
Non-trainable params: 0
_________________________________________________________________
Model: "model_14"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_10 (InputLayer)       [(None, 4)]               0         
                                                                 
 dense_23 (Dense)            (None, 5)                 25        
                                                                 
 dense_24 (Dense)            (None, 6)                 36        
                                                                 
=================================================================
Total params: 61
Trainable params: 61
Non-trainable params: 0
_________________________________________________________________
Model: "model_12"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   



encoder.summary()
decoder.summary()
autoencoder.summary()
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In [30]:



=================================================================
 input_9 (InputLayer)        [(None, 6)]               0         
                                                                 
 dense_20 (Dense)            (None, 6)                 42        
                                                                 
 dense_21 (Dense)            (None, 5)                 35        
                                                                 
 dense_22 (Dense)            (None, 4)                 24        
                                                                 
 dense_23 (Dense)            (None, 5)                 25        
                                                                 
 dense_24 (Dense)            (None, 6)                 36        
                                                                 
=================================================================
Total params: 162
Trainable params: 162
Non-trainable params: 0
_________________________________________________________________



WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.
WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.



encoder = tf.keras.models.load_model(modeldir + 'single-phase-layer5-latend3-encoder-2023-11-24-15:43:54.tf'
decoder = tf.keras.models.load_model(modeldir + 'single-phase-layer5-latend3-decoder-2023-11-24-15:43:54.tf'
autoencoder = tf.keras.models.load_model(modeldir + 'single-phase-layer5-latend3-autoencoder-2023-11-24-15:43:54.tf'
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In [31]:



Model: "model_16"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_11 (InputLayer)       [(None, 6)]               0         
                                                                 
 dense_25 (Dense)            (None, 6)                 42        
                                                                 
 dense_26 (Dense)            (None, 6)                 42        
                                                                 
 dense_27 (Dense)            (None, 6)                 42        
                                                                 
 dense_28 (Dense)            (None, 5)                 35        
                                                                 
 dense_29 (Dense)            (None, 3)                 18        
                                                                 
=================================================================
Total params: 179
Trainable params: 179
Non-trainable params: 0
_________________________________________________________________
Model: "model_17"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_12 (InputLayer)       [(None, 3)]               0         
                                                                 
 dense_30 (Dense)            (None, 5)                 20        
                                                                 
 dense_31 (Dense)            (None, 6)                 36        
                                                                 
 dense_32 (Dense)            (None, 6)                 42        
                                                                 
 dense_33 (Dense)            (None, 6)                 42        
                                                                 



encoder.summary()
decoder.summary()
autoencoder.summary()
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layer5-latend3-dropout0_2



=================================================================
Total params: 140
Trainable params: 140
Non-trainable params: 0
_________________________________________________________________
Model: "model_15"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_11 (InputLayer)       [(None, 6)]               0         
                                                                 
 dense_25 (Dense)            (None, 6)                 42        
                                                                 
 dense_26 (Dense)            (None, 6)                 42        
                                                                 
 dense_27 (Dense)            (None, 6)                 42        
                                                                 
 dense_28 (Dense)            (None, 5)                 35        
                                                                 
 dense_29 (Dense)            (None, 3)                 18        
                                                                 
 dense_30 (Dense)            (None, 5)                 20        
                                                                 
 dense_31 (Dense)            (None, 6)                 36        
                                                                 
 dense_32 (Dense)            (None, 6)                 42        
                                                                 
 dense_33 (Dense)            (None, 6)                 42        
                                                                 
=================================================================
Total params: 319
Trainable params: 319
Non-trainable params: 0
_________________________________________________________________
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In [32]:



WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.
WARNING:tensorflow:No training configuration found in save file, so the model was *not* compiled. Compile 
it manually.



encoder = tf.keras.models.load_model(modeldir + 'single-phase-layer5-latend3-dropout0_2-encoder-2023-11-24-21:24:36.tf'
decoder = tf.keras.models.load_model(modeldir + 'single-phase-layer5-latend3-dropout0_2-decoder-2023-11-24-21:24:36.tf'
autoencoder = tf.keras.models.load_model(modeldir + 'single-phase-layer5-latend3-dropout0_2-autoencoder-2023-11-24-21:24:36.t
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In [33]:



Model: "model_19"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_13 (InputLayer)       [(None, 6)]               0         
                                                                 
 dense_34 (Dense)            (None, 6)                 42        
                                                                 
 dense_35 (Dense)            (None, 6)                 42        
                                                                 
 dropout (Dropout)           (None, 6)                 0         
                                                                 
 dense_36 (Dense)            (None, 6)                 42        
                                                                 
 dense_37 (Dense)            (None, 5)                 35        
                                                                 
 dense_38 (Dense)            (None, 3)                 18        
                                                                 
=================================================================
Total params: 179
Trainable params: 179
Non-trainable params: 0
_________________________________________________________________
Model: "model_20"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_14 (InputLayer)       [(None, 3)]               0         
                                                                 
 dense_39 (Dense)            (None, 5)                 20        
                                                                 
 dense_40 (Dense)            (None, 6)                 36        
                                                                 
 dense_41 (Dense)            (None, 6)                 42        
                                                                 



encoder.summary()
decoder.summary()
autoencoder.summary()
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 dense_42 (Dense)            (None, 6)                 42        
                                                                 
=================================================================
Total params: 140
Trainable params: 140
Non-trainable params: 0
_________________________________________________________________
Model: "model_18"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_13 (InputLayer)       [(None, 6)]               0         
                                                                 
 dense_34 (Dense)            (None, 6)                 42        
                                                                 
 dense_35 (Dense)            (None, 6)                 42        
                                                                 
 dropout (Dropout)           (None, 6)                 0         
                                                                 
 dense_36 (Dense)            (None, 6)                 42        
                                                                 
 dense_37 (Dense)            (None, 5)                 35        
                                                                 
 dense_38 (Dense)            (None, 3)                 18        
                                                                 
 dense_39 (Dense)            (None, 5)                 20        
                                                                 
 dense_40 (Dense)            (None, 6)                 36        
                                                                 
 dense_41 (Dense)            (None, 6)                 42        
                                                                 
 dense_42 (Dense)            (None, 6)                 42        
                                                                 
=================================================================
Total params: 319
Trainable params: 319
Non-trainable params: 0
_________________________________________________________________
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In [ ]:
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In [32]:



In [2]:



In [3]:



In [4]:



if False:
!pip install pandas
!pip install wandb
!pip install datasets
!pip install transformers
!pip install scikit-learn
!pip install pydot
!pip install pydotplus
!pip install graphviz



import wandb
from wandb.keras import WandbMetricsLogger, WandbModelCheckpoint



#!wandb login ***
#!python3 -m wandb login ***



import matplotlib.pyplot as plt
import numpy as np
import pandas as pd
import tensorflow as tf



from sklearn.metrics import accuracy_score, precision_score, recall_score
from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses
from tensorflow.keras.datasets import fashion_mnist
from tensorflow.keras.models import Model
from tensorflow import keras



from sklearn.model_selection import train_test_split
import time
import random
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In [5]: def getDataset():
return {



"x_train": pd.read_pickle("/tf/notebooks/data/allPhasesAsSingle_set_x_train.pkl"),
"y_train": pd.read_pickle("/tf/notebooks/data/allPhasesAsSingle_set_y_train.pkl"),
"x_test": pd.read_pickle("/tf/notebooks/data/allPhasesAsSingle_set_x_test.pkl"),
"y_test": pd.read_pickle("/tf/notebooks/data/allPhasesAsSingle_set_y_test.pkl")



    }
dataset = getDataset()



dataset["x_train"] = tf.convert_to_tensor(dataset["x_train"])
dataset["y_train"] = tf.convert_to_tensor(dataset["y_train"])
dataset["x_test"] = tf.convert_to_tensor(dataset["x_test"])
dataset["y_test"] = tf.convert_to_tensor(dataset["y_test"])
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In [6]:



In [7]:



In [8]:



def createLayer(layerConfig, prevLayer):
if layerConfig["type"] == "dense":



return layers.Dense(layerConfig["size"], activation=layerConfig["activation"])(prevLayer)



if layerConfig["type"] == "dropout":
return layers.Dropout(layerConfig["rate"])(prevLayer)



def configToAutoencoder(config):
inputSize = config["wandb"]["encoder"]["layers"][0]["size"]



inputLayer = keras.Input(shape=(inputSize,))
prevLayer = inputLayer



for layer in config["wandb"]["encoder"]["layers"]:
prevLayer = createLayer(layer, prevLayer)



encoded = prevLayer



for layer in config["wandb"]["decoder"]["layers"][1:]:
prevLayer = createLayer(layer, prevLayer)



return {
"autoencoder": keras.Model(inputLayer, prevLayer),
"encoder": keras.Model(inputLayer, encoded),
"decoder": keras.Model(encoded, prevLayer)



    }



def addModelToConfig(modelConfig):
modelConfig["model"] = configToAutoencoder(modelConfig)



trainingConfig = {
"models": []



}
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In [9]: modelConfig = {}
modelConfig = {



"project": "single-phase",
"name": "simple-latend3",
"data": dataset,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 6,
"activation": "relu"



                },
                {



"type": "dense",
"size": 5,
"activation": "relu"



                },
                {



"type": "dense",
"size": 3,
"activation": "relu"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 3,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 5,
"activation": "sigmoid"



                },
                {
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"type": "dense",
"size": 6,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [10]: modelConfig = {}
modelConfig = {



"project": "single-phase",
"name": "simple-latend3-optimizer_sgd",
"data": dataset,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 6,
"activation": "relu"



                },
                {



"type": "dense",
"size": 5,
"activation": "relu"



                },
                {



"type": "dense",
"size": 3,
"activation": "relu"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 3,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 5,
"activation": "sigmoid"



                },
                {
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"type": "dense",
"size": 6,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "sgd",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [11]: modelConfig = {}
modelConfig = {



"project": "single-phase",
"name": "simple-latend4",
"data": dataset,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 6,
"activation": "relu"



                },
                {



"type": "dense",
"size": 5,
"activation": "relu"



                },
                {



"type": "dense",
"size": 4,
"activation": "relu"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 4,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 5,
"activation": "sigmoid"



                },
                {
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"type": "dense",
"size": 6,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [12]: modelConfig = {}
modelConfig = {



"project": "single-phase",
"name": "simple-latend3-all_sigmoid",
"data": dataset,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 6,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 5,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 3,
"activation": "sigmoid"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 3,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 5,
"activation": "sigmoid"



                },
                {
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"type": "dense",
"size": 6,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [13]: modelConfig = {}
modelConfig = {



"project": "single-phase",
"name": "simple-latend4-all_sigmoid",
"data": dataset,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 6,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 5,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 4,
"activation": "sigmoid"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 4,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 5,
"activation": "sigmoid"



                },
                {
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"type": "dense",
"size": 6,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [14]: modelConfig = {}
modelConfig = {



"project": "single-phase",
"name": "layer5-latend3",
"data": dataset,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 6,
"activation": "relu"



                },
                {



"type": "dense",
"size": 6,
"activation": "relu"



                },
                {



"type": "dense",
"size": 6,
"activation": "relu"



                },
                {



"type": "dense",
"size": 5,
"activation": "relu"



                },
                {



"type": "dense",
"size": 3,
"activation": "relu"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
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"type": "dense",
"size": 3,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 5,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 6,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 6,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 6,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [15]: modelConfig = {}
modelConfig = {



"project": "single-phase",
"name": "layer5-latend3-dropout0_2",
"data": dataset,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 6,
"activation": "relu"



                },
                {



"type": "dense",
"size": 6,
"activation": "relu"



                },
                {



"type": "dropout",
"rate": 0.2,



                },
                {



"type": "dense",
"size": 6,
"activation": "relu"



                },
                {



"type": "dense",
"size": 5,
"activation": "relu"



                },
                {



"type": "dense",
"size": 3,
"activation": "relu"



                }
            ]
        },
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"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 3,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 5,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 6,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 6,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 6,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [16]: def trainModel(config):
timestr = time.strftime("%Y-%m-%d-%H:%M:%S")
config["model"]["autoencoder"].compile(



optimizer = config["wandb"]["optimizer"],
loss = config["wandb"]["loss"]



    )
config["model"]["encoder"].compile(



optimizer = config["wandb"]["optimizer"],
loss = config["wandb"]["loss"]



    )
config["model"]["decoder"].compile(



optimizer = config["wandb"]["optimizer"],
loss = config["wandb"]["loss"]



    )
wandb.init(



# set the wandb project where this run will be logged
project = config["project"],
name = config["name"],



# track hyperparameters and run metadata with wandb.config
config = config["wandb"]



    )



history = config["model"]["autoencoder"].fit(
x = config["data"]["x_train"], y = config["data"]["y_train"],
epochs = config["wandb"]["epochs"],
shuffle = config["wandb"]["shuffle"],
validation_data = (config["data"]["x_test"], config["data"]["y_test"]),
callbacks = [



WandbMetricsLogger(log_freq="batch"),
WandbModelCheckpoint(config["project"] + "-" + config["name"] + "-" + timestr + "-" + "models")



        ]
    )



wandb.finish()
config["model"]["autoencoder"].save(config["project"] + "-" + config["name"] + "-autoencoder-" + timestr
config["model"]["encoder"].save(config["project"] + "-" + config["name"] + "-encoder-" + timestr + ".keras"
config["model"]["decoder"].save(config["project"] + "-" + config["name"] + "-decoder-" + timestr + ".keras"
#print(history)
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In [ ]:



In [45]:



plot models



In [40]:



for modelConfig in trainingConfig["models"]:
trainModel(modelConfig)



timestr = time.strftime("%Y-%m-%d-%H:%M:%S")



for modelConfig in trainingConfig["models"]:
modelConfig["model"]["encoder"].compile(



optimizer = modelConfig["wandb"]["optimizer"],
loss = modelConfig["wandb"]["loss"]



    )
modelConfig["model"]["decoder"].compile(



optimizer = modelConfig["wandb"]["optimizer"],
loss = modelConfig["wandb"]["loss"]



    )
modelConfig["model"]["encoder"].save(



modelConfig["project"] + "-" + modelConfig["name"] + "-autoencoder-" + timestr + ".keras"
    )



modelConfig["model"]["decoder"].save(
modelConfig["project"] + "-" + modelConfig["name"] + "-autoencoder-" + timestr + ".keras"



    )



import pydot
import graphviz
from tensorflow.keras.utils import plot_model



import keras
import pydot
import pydotplus
from pydotplus import graphviz
from keras.utils.vis_utils import plot_model
from keras.utils.vis_utils import model_to_dot
keras.utils.vis_utils.pydot = pydot
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In [47]:



In [ ]:



In [38]:



Defaulting to user installation because normal site-packages is not writeable
Requirement already satisfied: pydot in /home/ulf.mueller_baumgart/.local/lib/python3.8/site-packages (1.
4.2)
Requirement already satisfied: pyparsing>=2.1.4 in /usr/local/lib/python3.8/dist-packages (from pydot) (3.
0.9)



You must install pydot (`pip install pydot`) and install graphviz (see instructions at https://graphviz.gi
tlab.io/download/) (https://graphviz.gitlab.io/download/)) for plot_model/model_to_dot to work.
You must install pydot (`pip install pydot`) and install graphviz (see instructions at https://graphviz.gi
tlab.io/download/) (https://graphviz.gitlab.io/download/)) for plot_model/model_to_dot to work.
You must install pydot (`pip install pydot`) and install graphviz (see instructions at https://graphviz.gi
tlab.io/download/) (https://graphviz.gitlab.io/download/)) for plot_model/model_to_dot to work.
You must install pydot (`pip install pydot`) and install graphviz (see instructions at https://graphviz.gi
tlab.io/download/) (https://graphviz.gitlab.io/download/)) for plot_model/model_to_dot to work.
You must install pydot (`pip install pydot`) and install graphviz (see instructions at https://graphviz.gi
tlab.io/download/) (https://graphviz.gitlab.io/download/)) for plot_model/model_to_dot to work.
You must install pydot (`pip install pydot`) and install graphviz (see instructions at https://graphviz.gi
tlab.io/download/) (https://graphviz.gitlab.io/download/)) for plot_model/model_to_dot to work.
You must install pydot (`pip install pydot`) and install graphviz (see instructions at https://graphviz.gi
tlab.io/download/) (https://graphviz.gitlab.io/download/)) for plot_model/model_to_dot to work.



!pip install pydot



pip install graphviz



for modelConfig in trainingConfig["models"]:
plot_model(



modelConfig["model"]["autoencoder"],
to_file=modelConfig["project"] + "-" + modelConfig["name"] + ".png",
show_shapes=True



    )
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In [ ]:



In [ ]:



modelConfig = trainingConfig["models"][0]
plot_model(



modelConfig["model"]["autoencoder"],
to_file=modelConfig["project"] + "-" + modelConfig["name"] + ".png",
show_shapes=True



)
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In [ ]:



In [ ]:



In [ ]:



In [ ]:



%env "WANDB_NOTEBOOK_NAME" "stage2.latend4"



#datadir = "/tf/notebooks/data/"
datadir = ""



if False:
!pip install pandas
!pip install wandb
!pip install datasets
!pip install transformers
!pip install scikit-learn
!pip install pydot
!pip install pydotplus
!pip install graphviz



import wandb
from wandb.keras import WandbMetricsLogger, WandbModelCheckpoint



import matplotlib.pyplot as plt
import numpy as np
import pandas as pd
import tensorflow as tf



from sklearn.metrics import accuracy_score, precision_score, recall_score
from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses
from tensorflow.keras.datasets import fashion_mnist
from tensorflow.keras.models import Model
from tensorflow import keras



from sklearn.model_selection import train_test_split
import time
import random
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In [ ]: createDataset = False



def createSplitDataset(latend):
win = pd.read_pickle(datadir + "window-l" + latend + "-allsig.pkl")
#shuffle
win = win.sample(frac=1).reset_index(drop=True)



win_x_train, win_x_test = train_test_split(win, test_size=0.3, random_state=42)



win_x_train.to_pickle(datadir + "window_l" + latend + "_allsig_x_train.pkl")
win_x_test.to_pickle(datadir + "window_l" + latend + "_allsig_x_test.pkl")



if createDataset:
createSplitDataset("3")
createSplitDataset("4")
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In [ ]: def getDataset(latend):
x_train = pd.read_pickle(datadir + "window_l" + latend + "_allsig_x_train.pkl")
x_test = pd.read_pickle(datadir + "window_l" + latend + "_allsig_x_test.pkl")



return {
"x_train": x_train,
"y_train": x_train,
"x_test": x_test,
"y_test": x_test



    }



dataset3 = getDataset("3")



dataset3["x_train"] = tf.convert_to_tensor(dataset3["x_train"])
dataset3["y_train"] = tf.convert_to_tensor(dataset3["y_train"])
dataset3["x_test"] = tf.convert_to_tensor(dataset3["x_test"])
dataset3["y_test"] = tf.convert_to_tensor(dataset3["y_test"])



dataset4 = getDataset("4")



dataset4["x_train"] = tf.convert_to_tensor(dataset4["x_train"])
dataset4["y_train"] = tf.convert_to_tensor(dataset4["y_train"])
dataset4["x_test"] = tf.convert_to_tensor(dataset4["x_test"])
dataset4["y_test"] = tf.convert_to_tensor(dataset4["y_test"])
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In [ ]: def createLayer(layerConfig, prevLayer):
if layerConfig["type"] == "dense":



return layers.Dense(layerConfig["size"], activation=layerConfig["activation"])(prevLayer)



if layerConfig["type"] == "dropout":
return layers.Dropout(layerConfig["rate"])(prevLayer)



if layerConfig["type"] == "conv2d":
if "input_shape" in layerConfig:



return layers.Conv2D(
input_shape=layerConfig["input_shape"],
filters=layerConfig["filters"],
kernel=layerConfig["kernel"],
activation=layerConfig["activation"])(prevLayer)



else:
return layers.Conv2D(



filters=layerConfig["filters"],
kernel=layerConfig["kernel"],
activation=layerConfig["activation"])(prevLayer)



if layerConfig["type"] == "maxpooling2d":
return layers.Dense(pool_size=layerConfig["pool_size"])(prevLayer)



def configToAutoencoder(config):
if "noAutoInputLayer" not in config["wandb"]["encoder"] or config["wandb"]["encoder"]["noAutoInputLayer"



inputSize = config["wandb"]["encoder"]["layers"][0]["size"]
inputLayer = keras.Input(shape=(inputSize,))



else:
inputLayer = None



prevLayer = inputLayer



for layer in config["wandb"]["encoder"]["layers"]:
prevLayer = createLayer(layer, prevLayer)



encoded = prevLayer



for layer in config["wandb"]["decoder"]["layers"][1:]:
prevLayer = createLayer(layer, prevLayer)
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In [ ]:



In [ ]:



latend 3



return {
"autoencoder": keras.Model(inputLayer, prevLayer),
"encoder": keras.Model(inputLayer, encoded),
"decoder": keras.Model(encoded, prevLayer)



    }



def addModelToConfig(modelConfig):
modelConfig["model"] = configToAutoencoder(modelConfig)



trainingConfig = {
"models": []



}
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in3-lat8-4layers",
"data": dataset3,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 48,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 8,
"activation": "relu"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {
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"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 48,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in3-lat8-6layers",
"data": dataset3,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 48,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 8,
"activation": "relu"



                }
            ]
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        },
"decoder": {



"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 48,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in3-lat12-4layers",
"data": dataset3,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 48,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 12,
"activation": "relu"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {
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"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 48,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in3-lat12-6layers",
"data": dataset3,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 48,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 12,
"activation": "relu"



                }
            ]
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        },
"decoder": {



"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 48,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in3-lat16-4layers",
"data": dataset3,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 48,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 16,
"activation": "relu"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {
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"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 48,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in3-lat16-6layers",
"data": dataset3,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 48,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 16,
"activation": "relu"



                }
            ]
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        },
"decoder": {



"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 48,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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latend 4
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in4-lat8-4layers",
"data": dataset4,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 64,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 8,
"activation": "relu"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {
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"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 64,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in4-lat8-6layers",
"data": dataset4,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 64,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 8,
"activation": "relu"



                }
            ]
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        },
"decoder": {



"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 64,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in4-lat12-4layers",
"data": dataset4,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 64,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 12,
"activation": "relu"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {
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"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 64,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in4-lat12-6layers",
"data": dataset4,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 64,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 12,
"activation": "relu"



                }
            ]
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        },
"decoder": {



"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 64,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in4-lat16-4layers",
"data": dataset4,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 64,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 16,
"activation": "relu"



                }
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {
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"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 64,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in4-lat16-6layers",
"data": dataset4,
"wandb": {



"encoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 64,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 32,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 18,
"activation": "relu"



                },
                {



"type": "dense",
"size": 16,
"activation": "relu"



                }
            ]
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        },
"decoder": {



"type": "sequential",
"layers": [



                {
"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 18,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 32,
"activation": "sigmoid"



                },
                {



"type": "dense",
"size": 64,
"activation": "sigmoid"



                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
trainingConfig["models"].append(modelConfig)



stage2.latend4 - Jupyter Notebook http://172.22.50.102:32768/notebooks/notebooks/stage2/stage2.latend4.ipynb#



34 of 55 2/28/24, 16:24











train ��������������



stage2.latend4 - Jupyter Notebook http://172.22.50.102:32768/notebooks/notebooks/stage2/stage2.latend4.ipynb#



35 of 55 2/28/24, 16:24





http://172.22.50.102:32768/notebooks/notebooks/stage2/stage2.latend4.ipynb#train-%F0%9F%9A%82


http://172.22.50.102:32768/notebooks/notebooks/stage2/stage2.latend4.ipynb#train-%F0%9F%9A%82








In [ ]: def trainModel(config):
timestr = time.strftime("%Y-%m-%d-%H:%M:%S")
config["model"]["autoencoder"].compile(



optimizer = config["wandb"]["optimizer"],
loss = config["wandb"]["loss"]



    )
config["model"]["encoder"].compile(



optimizer = config["wandb"]["optimizer"],
loss = config["wandb"]["loss"]



    )
config["model"]["decoder"].compile(



optimizer = config["wandb"]["optimizer"],
loss = config["wandb"]["loss"]



    )
wandb.init(



# set the wandb project where this run will be logged
project = config["project"],
name = config["name"],



# track hyperparameters and run metadata with wandb.config
config = config["wandb"]



    )



history = config["model"]["autoencoder"].fit(
x = config["data"]["x_train"], y = config["data"]["y_train"],
epochs = config["wandb"]["epochs"],
shuffle = config["wandb"]["shuffle"],
validation_data = (config["data"]["x_test"], config["data"]["y_test"]),
callbacks = [



WandbMetricsLogger(log_freq="batch"),
WandbModelCheckpoint(config["project"] + "-" + config["name"] + "-" + timestr + "-" + "models")



        ]
    )



wandb.finish()
config["model"]["autoencoder"].save(config["project"] + "-" + config["name"] + "-autoencoder-" + timestr
config["model"]["encoder"].save(config["project"] + "-" + config["name"] + "-encoder-" + timestr + ".keras"
config["model"]["decoder"].save(config["project"] + "-" + config["name"] + "-decoder-" + timestr + ".keras"
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In [ ]:



In [ ]:



In [ ]:



#trainingConfig["models"] = trainingConfig["models"][1:]
trainingConfig["models"] = trainingConfig["models"][-6:]



for modelConfig in trainingConfig["models"]:
trainModel(modelConfig)



#dataset["x_train"]
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In [ ]: def createLayer(layerConfig, prevLayer):
if layerConfig["type"] == "input":



return layers.Input(**layerConfig["params"])



if layerConfig["type"] == "dense":
return layers.Dense(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "dropout":
return layers.Dropout(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "conv2d":
return layers.Conv2D(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "maxpooling2d":
return layers.MaxPooling2D(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "flatten":
return layers.Flatten(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "conv2Dtranspose":
return layers.Conv2DTranspose(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "reshape":
return layers.Reshape(**layerConfig["params"])(prevLayer)



def configToAutoencoder(config):
firstLayer = None



#if first layer is an input layer there is nothing to do, else it is
if "type" in config["wandb"]["encoder"]["layers"][0] and config["wandb"]["encoder"]["layers"][0]["type"] 



#if there is a explicit "noAutoInputLayer=True" there is nothing to do, else it is
if "noAutoInputLayer" not in config["wandb"]["encoder"] or config["wandb"]["encoder"]["noAutoInputLayer"



inputSize = config["wandb"]["encoder"]["layers"][0]["params"]["units"]
firstLayer = createLayer({



"type": "input",
"params": {



"shape": (inputSize,)
                }
            }, None)
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In [ ]:



In [ ]:



In [ ]:



In [ ]:



In [ ]:



prevLayer = firstLayer



for layer in config["wandb"]["encoder"]["layers"]:
prevLayer = createLayer(layer, prevLayer)



if firstLayer is None:
firstLayer = prevLayer



encoded = prevLayer



for layer in config["wandb"]["decoder"]["layers"]:
prevLayer = createLayer(layer, prevLayer)



return {
"autoencoder": keras.Model(firstLayer, prevLayer),
"encoder": keras.Model(firstLayer, encoded),
"decoder": keras.Model(encoded, prevLayer)



    }



#reshaped = tf.reshape(dataset["x_train"], (len(dataset["x_train"]), 16, 9))
dataset4reshaped = {}
dataset4reshaped["x_train"] = tf.reshape(dataset4["x_train"], (len(dataset4["x_train"]), 16, 4))
dataset4reshaped["y_train"] = tf.reshape(dataset4["y_train"], (len(dataset4["y_train"]), 16, 4))
dataset4reshaped["x_test"] = tf.reshape(dataset4["x_test"], (len(dataset4["x_test"]), 16, 4))
dataset4reshaped["y_test"] = tf.reshape(dataset4["y_test"], (len(dataset4["y_test"]), 16, 4))



#dataset4reshaped



#dataset4play = getDataset("4")



#dataset4play["x_train"].drop_duplicates()



convTrainingConfig = {
"models": []



}



stage2.latend4 - Jupyter Notebook http://172.22.50.102:32768/notebooks/notebooks/stage2/stage2.latend4.ipynb#



39 of 55 2/28/24, 16:24











In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in4-lat8-conv-big",
"data": dataset4reshaped,
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": True,
"layers": [



                {
"type": "input",
"params": {



"shape": (16, 4, 1)
                    }
                },
                {



"type": "conv2d",
"params": {



"filters": 64,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "maxpooling2d",
"params": {



"pool_size": (2, 2)
                    }
                },
                {



"type": "flatten",
"params": {}



                },
                {



"type": "dense",
"params": {



"units": 512,
"kernel_initializer": 'he_uniform',
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"activation": "sigmoid"
                    }
                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 32,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 8,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
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"type": "dense",
"params": {



"units": 32,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 512,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1024,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "reshape",
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In [ ]:



"params": {
"target_shape": (16, 4, 16)



                    }
                },
                {



"type": "conv2Dtranspose",
"params": {



"filters": 64,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "conv2d",
"params": {



"filters": 1,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
convTrainingConfig["models"].append(modelConfig)



for modelConfig in convTrainingConfig["models"]:
trainModel(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in4-lat8-conv-mini",
"data": dataset4reshaped,
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": True,
"layers": [



                {
"type": "input",
"params": {



"shape": (16, 4, 1)
                    }
                },
                {



"type": "conv2d",
"params": {



"filters": 64,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "maxpooling2d",
"params": {



"pool_size": (2, 2)
                    }
                },
                {



"type": "flatten",
"params": {}



                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
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"activation": "sigmoid"
                    }
                },
                {



"type": "dense",
"params": {



"units": 8,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1024,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "reshape",
"params": {



"target_shape": (16, 4, 16)
                    }
                },
                {



"type": "conv2Dtranspose",
"params": {
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"filters": 64,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "conv2d",
"params": {



"filters": 1,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
convTrainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in4-lat12-conv-mini",
"data": dataset4reshaped,
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": True,
"layers": [



                {
"type": "input",
"params": {



"shape": (16, 4, 1)
                    }
                },
                {



"type": "conv2d",
"params": {



"filters": 64,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "maxpooling2d",
"params": {



"pool_size": (2, 2)
                    }
                },
                {



"type": "flatten",
"params": {}



                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
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"activation": "sigmoid"
                    }
                },
                {



"type": "dense",
"params": {



"units": 12,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1024,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "reshape",
"params": {



"target_shape": (16, 4, 16)
                    }
                },
                {



"type": "conv2Dtranspose",
"params": {
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"filters": 64,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "conv2d",
"params": {



"filters": 1,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
convTrainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in4-lat16-conv-mini",
"data": dataset4reshaped,
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": True,
"layers": [



                {
"type": "input",
"params": {



"shape": (16, 4, 1)
                    }
                },
                {



"type": "conv2d",
"params": {



"filters": 64,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "maxpooling2d",
"params": {



"pool_size": (2, 2)
                    }
                },
                {



"type": "flatten",
"params": {}



                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
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"activation": "sigmoid"
                    }
                },
                {



"type": "dense",
"params": {



"units": 16,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1024,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "reshape",
"params": {



"target_shape": (16, 4, 16)
                    }
                },
                {



"type": "conv2Dtranspose",
"params": {
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"filters": 64,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "conv2d",
"params": {



"filters": 1,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
convTrainingConfig["models"].append(modelConfig)
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In [ ]: modelConfig = {}
modelConfig = {



"project": "stage2",
"name": "window-in4-lat9-conv-mini",
"data": dataset4reshaped,
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": True,
"layers": [



                {
"type": "input",
"params": {



"shape": (16, 4, 1)
                    }
                },
                {



"type": "conv2d",
"params": {



"filters": 64,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "maxpooling2d",
"params": {



"pool_size": (2, 2)
                    }
                },
                {



"type": "flatten",
"params": {}



                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
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"activation": "sigmoid"
                    }
                },
                {



"type": "dense",
"params": {



"units": 9,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1024,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "reshape",
"params": {



"target_shape": (16, 4, 16)
                    }
                },
                {



"type": "conv2Dtranspose",
"params": {
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In [ ]:



In [ ]:



"filters": 64,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "conv2d",
"params": {



"filters": 1,
"kernel_size": (3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
convTrainingConfig["models"].append(modelConfig)



for modelConfig in convTrainingConfig["models"][-1:]:
trainModel(modelConfig)
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In [1]:



In [2]:



import matplotlib.pyplot as plt
import numpy as np
import pandas as pd
import tensorflow as tf



from sklearn.metrics import accuracy_score, precision_score, recall_score
from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses
from tensorflow.keras.datasets import fashion_mnist
from tensorflow.keras.models import Model



from sklearn.model_selection import train_test_split
import time
import random



import os
import re



modeldir = "/tf/notebooks/stage2/models/"
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In [3]:



In [4]:



modelnames = ["window-in3-lat8", 
"window-in3-lat8-8layers",
"window-in3-lat12-5layers",
"window-in3-lat12-8layers",
"window-in3-lat16-5layers",
"window-in3-lat16-8layers",
"window-in3-lat8-4layers",
"window-in3-lat8-6layers",
"window-in3-lat12-4layers",
"window-in3-lat12-6layers",
"window-in3-lat16-4layers",
"window-in3-lat16-6layers",
"window-in4-lat8-4layers",
"window-in4-lat8-6layers",
"window-in4-lat12-4layers",
"window-in4-lat12-6layers",
"window-in4-lat16-4layers",
"window-in4-lat16-6layers",
"window-in4-lat8-conv-big",
"window-in4-lat8-conv-mini",
"window-in4-lat12-conv-mini",
"window-in4-lat16-conv-mini",
"window-in4-lat9-conv-mini"]



def findModelByName(modeldir, modelname):
regex = re.compile(modelname + '.*$')
results = []
for root, dirs, files in os.walk(modeldir):



for file in files:
if regex.match(file):



results.append(file)
return results
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In [5]:



Model: window-in3-lat8
Model: "model_1"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_1 (InputLayer)        [(None, 144)]             0         
                                                                 
 dense (Dense)               (None, 144)               20880     
                                                                 
 dense_1 (Dense)             (None, 72)                10440     
                                                                 
 dense_2 (Dense)             (None, 36)                2628      
                                                                 
 dense_3 (Dense)             (None, 18)                666       
                                                                 
 dense_4 (Dense)             (None, 8)                 152       
                                                                 
=================================================================
Total params: 34,766
Trainable params: 34,766
Non-trainable params: 0
_________________________________________________________________



for modelname in modelnames:
#suffixes = ["-encoder", "-decoder", "-autoencoder"]
suffixes = ["-encoder"]



#    print("=======================")
#    print(modelname)
#    print("=======================")



for suffix in suffixes:
filenameList = findModelByName(modeldir, 'stage2-' + modelname + suffix)



for filename in filenameList:
modelobj = tf.keras.models.load_model(modeldir + filename)



#            print("Model: " + filename)
print("Model: " + modelname)
modelobj.summary()
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Model: window-in3-lat8-8layers
Model: "model_4"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_3 (InputLayer)        [(None, 144)]             0         
                                                                 
 dense_8 (Dense)             (None, 144)               20880     
                                                                 
 dense_9 (Dense)             (None, 72)                10440     
                                                                 
 dense_10 (Dense)            (None, 72)                5256      
                                                                 
 dense_11 (Dense)            (None, 36)                2628      
                                                                 
 dense_12 (Dense)            (None, 36)                1332      
                                                                 
 dense_13 (Dense)            (None, 18)                666       
                                                                 
 dense_14 (Dense)            (None, 18)                342       
                                                                 
 dense_15 (Dense)            (None, 8)                 152       
                                                                 
=================================================================
Total params: 41,696
Trainable params: 41,696
Non-trainable params: 0
_________________________________________________________________
Model: window-in3-lat12-5layers
Model: "model_7"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_5 (InputLayer)        [(None, 144)]             0         
                                                                 
 dense_22 (Dense)            (None, 144)               20880     
                                                                 
 dense_23 (Dense)            (None, 72)                10440     
                                                                 
 dense_24 (Dense)            (None, 36)                2628      
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 dense_25 (Dense)            (None, 18)                666       
                                                                 
 dense_26 (Dense)            (None, 12)                228       
                                                                 
=================================================================
Total params: 34,842
Trainable params: 34,842
Non-trainable params: 0
_________________________________________________________________
Model: window-in3-lat12-8layers
Model: "model_10"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_7 (InputLayer)        [(None, 144)]             0         
                                                                 
 dense_30 (Dense)            (None, 144)               20880     
                                                                 
 dense_31 (Dense)            (None, 72)                10440     
                                                                 
 dense_32 (Dense)            (None, 72)                5256      
                                                                 
 dense_33 (Dense)            (None, 36)                2628      
                                                                 
 dense_34 (Dense)            (None, 36)                1332      
                                                                 
 dense_35 (Dense)            (None, 18)                666       
                                                                 
 dense_36 (Dense)            (None, 18)                342       
                                                                 
 dense_37 (Dense)            (None, 12)                228       
                                                                 
=================================================================
Total params: 41,772
Trainable params: 41,772
Non-trainable params: 0
_________________________________________________________________
Model: window-in3-lat16-5layers
Model: "model_13"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
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=================================================================
 input_9 (InputLayer)        [(None, 144)]             0         
                                                                 
 dense_44 (Dense)            (None, 144)               20880     
                                                                 
 dense_45 (Dense)            (None, 72)                10440     
                                                                 
 dense_46 (Dense)            (None, 36)                2628      
                                                                 
 dense_47 (Dense)            (None, 18)                666       
                                                                 
 dense_48 (Dense)            (None, 16)                304       
                                                                 
=================================================================
Total params: 34,918
Trainable params: 34,918
Non-trainable params: 0
_________________________________________________________________
Model: window-in3-lat16-8layers
Model: "model_16"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_11 (InputLayer)       [(None, 144)]             0         
                                                                 
 dense_52 (Dense)            (None, 144)               20880     
                                                                 
 dense_53 (Dense)            (None, 72)                10440     
                                                                 
 dense_54 (Dense)            (None, 72)                5256      
                                                                 
 dense_55 (Dense)            (None, 36)                2628      
                                                                 
 dense_56 (Dense)            (None, 36)                1332      
                                                                 
 dense_57 (Dense)            (None, 18)                666       
                                                                 
 dense_58 (Dense)            (None, 18)                342       



                                                                 
 dense_59 (Dense)            (None, 16)                304       
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=================================================================
Total params: 41,848
Trainable params: 41,848
Non-trainable params: 0
_________________________________________________________________
Model: window-in3-lat8-4layers
Model: "model_1"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_1 (InputLayer)        [(None, 48)]              0         
                                                                 
 dense (Dense)               (None, 48)                2352      
                                                                 
 dense_1 (Dense)             (None, 32)                1568      
                                                                 
 dense_2 (Dense)             (None, 18)                594       
                                                                 
 dense_3 (Dense)             (None, 8)                 152       
                                                                 
=================================================================
Total params: 4,666
Trainable params: 4,666
Non-trainable params: 0
_________________________________________________________________
Model: window-in3-lat8-6layers
Model: "model_4"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_3 (InputLayer)        [(None, 48)]              0         
                                                                 
 dense_6 (Dense)             (None, 48)                2352      
                                                                 
 dense_7 (Dense)             (None, 32)                1568      
                                                                 
 dense_8 (Dense)             (None, 32)                1056      
                                                                 
 dense_9 (Dense)             (None, 18)                594       
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 dense_10 (Dense)            (None, 18)                342       
                                                                 
 dense_11 (Dense)            (None, 8)                 152       
                                                                 
=================================================================
Total params: 6,064
Trainable params: 6,064
Non-trainable params: 0
_________________________________________________________________
Model: window-in3-lat12-4layers
Model: "model_7"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_5 (InputLayer)        [(None, 48)]              0         
                                                                 
 dense_16 (Dense)            (None, 48)                2352      
                                                                 
 dense_17 (Dense)            (None, 32)                1568      
                                                                 
 dense_18 (Dense)            (None, 18)                594       
                                                                 
 dense_19 (Dense)            (None, 12)                228       
                                                                 
=================================================================
Total params: 4,742
Trainable params: 4,742
Non-trainable params: 0
_________________________________________________________________
Model: window-in3-lat12-6layers
Model: "model_10"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_7 (InputLayer)        [(None, 48)]              0         
                                                                 
 dense_22 (Dense)            (None, 48)                2352      
                                                                 
 dense_23 (Dense)            (None, 32)                1568      
                                                                 
 dense_24 (Dense)            (None, 32)                1056      
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 dense_25 (Dense)            (None, 18)                594       
                                                                 
 dense_26 (Dense)            (None, 18)                342       
                                                                 
 dense_27 (Dense)            (None, 12)                228       
                                                                 
=================================================================
Total params: 6,140
Trainable params: 6,140
Non-trainable params: 0
_________________________________________________________________
Model: window-in3-lat16-4layers
Model: "model_13"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_9 (InputLayer)        [(None, 48)]              0         
                                                                 
 dense_32 (Dense)            (None, 48)                2352      
                                                                 
 dense_33 (Dense)            (None, 32)                1568      
                                                                 
 dense_34 (Dense)            (None, 18)                594       
                                                                 
 dense_35 (Dense)            (None, 16)                304       
                                                                 
=================================================================
Total params: 4,818
Trainable params: 4,818
Non-trainable params: 0
_________________________________________________________________
Model: window-in3-lat16-6layers
Model: "model_16"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_11 (InputLayer)       [(None, 48)]              0         
                                                                 
 dense_38 (Dense)            (None, 48)                2352      
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 dense_39 (Dense)            (None, 32)                1568      
                                                                 
 dense_40 (Dense)            (None, 32)                1056      
                                                                 
 dense_41 (Dense)            (None, 18)                594       
                                                                 
 dense_42 (Dense)            (None, 18)                342       
                                                                 
 dense_43 (Dense)            (None, 16)                304       
                                                                 
=================================================================
Total params: 6,216
Trainable params: 6,216
Non-trainable params: 0
_________________________________________________________________
Model: window-in4-lat8-4layers
Model: "model_19"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_13 (InputLayer)       [(None, 64)]              0         
                                                                 



 dense_48 (Dense)            (None, 64)                4160      
                                                                 
 dense_49 (Dense)            (None, 32)                2080      
                                                                 
 dense_50 (Dense)            (None, 18)                594       
                                                                 
 dense_51 (Dense)            (None, 8)                 152       
                                                                 
=================================================================
Total params: 6,986
Trainable params: 6,986
Non-trainable params: 0
_________________________________________________________________
Model: window-in4-lat8-6layers
Model: "model_22"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
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 input_15 (InputLayer)       [(None, 64)]              0         
                                                                 
 dense_54 (Dense)            (None, 64)                4160      
                                                                 
 dense_55 (Dense)            (None, 32)                2080      
                                                                 
 dense_56 (Dense)            (None, 32)                1056      
                                                                 
 dense_57 (Dense)            (None, 18)                594       
                                                                 
 dense_58 (Dense)            (None, 18)                342       
                                                                 
 dense_59 (Dense)            (None, 8)                 152       
                                                                 
=================================================================
Total params: 8,384
Trainable params: 8,384
Non-trainable params: 0
_________________________________________________________________
Model: window-in4-lat12-4layers
Model: "model_25"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_17 (InputLayer)       [(None, 64)]              0         
                                                                 
 dense_64 (Dense)            (None, 64)                4160      
                                                                 
 dense_65 (Dense)            (None, 32)                2080      
                                                                 
 dense_66 (Dense)            (None, 18)                594       
                                                                 
 dense_67 (Dense)            (None, 12)                228       
                                                                 
=================================================================
Total params: 7,062
Trainable params: 7,062
Non-trainable params: 0
_________________________________________________________________
Model: window-in4-lat12-6layers
Model: "model_28"
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_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_19 (InputLayer)       [(None, 64)]              0         
                                                                 
 dense_70 (Dense)            (None, 64)                4160      
                                                                 
 dense_71 (Dense)            (None, 32)                2080      
                                                                 
 dense_72 (Dense)            (None, 32)                1056      
                                                                 
 dense_73 (Dense)            (None, 18)                594       
                                                                 
 dense_74 (Dense)            (None, 18)                342       
                                                                 
 dense_75 (Dense)            (None, 12)                228       
                                                                 
=================================================================
Total params: 8,460
Trainable params: 8,460
Non-trainable params: 0
_________________________________________________________________
Model: window-in4-lat16-4layers
Model: "model_31"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_21 (InputLayer)       [(None, 64)]              0         
                                                                 
 dense_80 (Dense)            (None, 64)                4160      
                                                                 
 dense_81 (Dense)            (None, 32)                2080      
                                                                 
 dense_82 (Dense)            (None, 18)                594       
                                                                 
 dense_83 (Dense)            (None, 16)                304       
                                                                 
=================================================================
Total params: 7,138
Trainable params: 7,138
Non-trainable params: 0
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_________________________________________________________________
Model: window-in4-lat16-6layers
Model: "model_34"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_23 (InputLayer)       [(None, 64)]              0         
                                                                 
 dense_86 (Dense)            (None, 64)                4160      
                                                                 
 dense_87 (Dense)            (None, 32)                2080      
                                                                 
 dense_88 (Dense)            (None, 32)                1056      
                                                                 
 dense_89 (Dense)            (None, 18)                594       
                                                                 
 dense_90 (Dense)            (None, 18)                342       
                                                                 
 dense_91 (Dense)            (None, 16)                304       
                                                                 
=================================================================
Total params: 8,536
Trainable params: 8,536
Non-trainable params: 0
_________________________________________________________________
Model: window-in4-lat12-conv-mini
Model: "model_47"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_33 (InputLayer)       [(None, 16, 4, 1)]        0         
                                                                 
 conv2d_10 (Conv2D)          (None, 16, 4, 64)         640       
                                                                 
 max_pooling2d_5 (MaxPooling  (None, 8, 2, 64)         0         
 2D)                                                             
                                                                 
 flatten_5 (Flatten)         (None, 1024)              0         
                                                                 
 dense_140 (Dense)           (None, 128)               131200    
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 dense_141 (Dense)           (None, 12)                1548      
                                                                 
=================================================================



Total params: 133,388
Trainable params: 133,388
Non-trainable params: 0
_________________________________________________________________
Model: window-in4-lat16-conv-mini
Model: "model_50"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_35 (InputLayer)       [(None, 16, 4, 1)]        0         
                                                                 
 conv2d_12 (Conv2D)          (None, 16, 4, 64)         640       
                                                                 
 max_pooling2d_6 (MaxPooling  (None, 8, 2, 64)         0         
 2D)                                                             
                                                                 
 flatten_6 (Flatten)         (None, 1024)              0         
                                                                 
 dense_144 (Dense)           (None, 128)               131200    
                                                                 
 dense_145 (Dense)           (None, 16)                2064      
                                                                 
=================================================================
Total params: 133,904
Trainable params: 133,904
Non-trainable params: 0
_________________________________________________________________
Model: window-in4-lat9-conv-mini
Model: "model_53"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_37 (InputLayer)       [(None, 16, 4, 1)]        0         
                                                                 
 conv2d_14 (Conv2D)          (None, 16, 4, 64)         640       
                                                                 
 max_pooling2d_7 (MaxPooling  (None, 8, 2, 64)         0         
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 2D)                                                             
                                                                 
 flatten_7 (Flatten)         (None, 1024)              0         
                                                                 
 dense_148 (Dense)           (None, 128)               131200    
                                                                 
 dense_149 (Dense)           (None, 9)                 1161      
                                                                 
=================================================================
Total params: 133,001
Trainable params: 133,001
Non-trainable params: 0
_________________________________________________________________
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In [1]:



In [2]:



In [3]:



import matplotlib.pyplot as plt
import numpy as np
import pandas as pd
import tensorflow as tf



from sklearn.metrics import accuracy_score, precision_score, recall_score
from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses
from tensorflow.keras.datasets import fashion_mnist
from tensorflow.keras.models import Model



from sklearn.model_selection import train_test_split
import time
import random



import os
import re



modeldir = "/tf/notebooks/stage3/models/"



modelnames = ["stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-conv",
"stage1_lat4-stage2_lat9-stage3_lat32-0_1_percent-conv",
"stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-conv-bigger",
"stage1_lat4-stage2_lat9-stage3_lat64-0_01_percent-conv-bigger",
"stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense",
"stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense-bigger",
"stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense-epoch100-bigger",
"stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense-epoch100",
"stage1_lat4-stage2_lat9-stage3_lat32-0_1_percent-dense-epoch20",
"stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense-epoch100-bigger-wider",
"stage1_lat4-stage2_lat9-stage3_lat24-0_01_percent-dense",
"stage1_lat4-stage2_lat9-stage3_lat16-0_01_percent-dense",
"stage1_lat4-stage2_lat9-stage3_lat12-0_01_percent-dense",
"stage1_lat4-stage2_lat9-stage3_lat8-0_01_percent-dense"
]
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In [4]: def findModelByName(modeldir, modelname):
regex = re.compile(modelname + '.*$')
results = []
for root, dirs, files in os.walk(modeldir):



for file in files:
if regex.match(file):



results.append(file)
return results
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In [5]:



Model: stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-conv
Model: "model_2"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_11 (InputLayer)       [(None, 3, 3, 3, 1)]      0         
                                                                 
 conv3d_5 (Conv3D)           (None, 3, 3, 3, 64)       1792      
                                                                 
 max_pooling3d_2 (MaxPooling  (None, 1, 1, 1, 64)      0         
 3D)                                                             
                                                                 
 flatten_5 (Flatten)         (None, 64)                0         
                                                                 
 dense_6 (Dense)             (None, 128)               8320      
                                                                 
 dense_7 (Dense)             (None, 32)                4128      



from contextlib import redirect_stdout



with open('modelsummary.txt', 'w') as f:
#with redirect_stdout(f):
for modelname in modelnames:#reversed(modelnames):



#suffixes = ["-encoder", "-decoder", "-autoencoder"]
suffixes = ["-autoencoder"]



#    print("=======================")
#    print(modelname)
#    print("=======================")



for suffix in suffixes:
filenameList = findModelByName(modeldir, 'stage3-' + modelname + suffix)



for filename in filenameList:
modelobj = tf.keras.models.load_model(modeldir + filename)



#            print("Model: " + filename)
print("Model: " + modelname)
modelobj.summary()
#output = output + modelobj.summary()
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 dense_8 (Dense)             (None, 128)               4224      
                                                                 
 dense_9 (Dense)             (None, 1728)              222912    
                                                                 
 reshape_1 (Reshape)         (None, 3, 3, 3, 64)       0         
                                                                 
 conv3d_transpose_1 (Conv3DT  (None, 3, 3, 3, 64)      110656    
 ranspose)                                                       
                                                                 
 conv3d_6 (Conv3D)           (None, 3, 3, 3, 1)        1729      
                                                                 
=================================================================
Total params: 353,761
Trainable params: 353,761
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat32-0_1_percent-conv
Model: "model"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_1 (InputLayer)        [(None, 3, 3, 3, 1)]      0         
                                                                 
 conv3d (Conv3D)             (None, 3, 3, 3, 64)       1792      
                                                                 
 max_pooling3d (MaxPooling3D  (None, 1, 1, 1, 64)      0         
 )                                                               
                                                                 
 flatten (Flatten)           (None, 64)                0         
                                                                 
 dense (Dense)               (None, 128)               8320      
                                                                 
 dense_1 (Dense)             (None, 32)                4128      
                                                                 
 dense_2 (Dense)             (None, 128)               4224      
                                                                 
 dense_3 (Dense)             (None, 1728)              222912    
                                                                 
 reshape (Reshape)           (None, 3, 3, 3, 64)       0         
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 conv3d_transpose (Conv3DTra  (None, 3, 3, 3, 64)      110656    
 nspose)                                                         
                                                                 
 conv3d_1 (Conv3D)           (None, 3, 3, 3, 1)        1729      
                                                                 
=================================================================
Total params: 353,761
Trainable params: 353,761
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-conv-bigger
Model: "model_3"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_3 (InputLayer)        [(None, 3, 3, 3, 1)]      0         
                                                                 
 conv3d_2 (Conv3D)           (None, 3, 3, 3, 64)       1792      
                                                                 
 dense_4 (Dense)             (None, 3, 3, 3, 1792)     116480    
                                                                 
 dense_5 (Dense)             (None, 3, 3, 3, 1792)     3213056   
                                                                 
 max_pooling3d_1 (MaxPooling  (None, 1, 1, 1, 1792)    0         
 3D)                                                             
                                                                 
 flatten_1 (Flatten)         (None, 1792)              0         
                                                                 
 dense_6 (Dense)             (None, 128)               229504    
                                                                 
 dense_7 (Dense)             (None, 32)                4128      
                                                                 
 dense_8 (Dense)             (None, 128)               4224      
                                                                 
 dense_9 (Dense)             (None, 1728)              222912    
                                                                 
 reshape_1 (Reshape)         (None, 3, 3, 3, 64)       0         
                                                                 
 conv3d_transpose_1 (Conv3DT  (None, 3, 3, 3, 64)      110656    
 ranspose)                                                       
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 dense_10 (Dense)            (None, 3, 3, 3, 1729)     112385    
                                                                 
 dense_11 (Dense)            (None, 3, 3, 3, 1729)     2991170   
                                                                 
 conv3d_3 (Conv3D)           (None, 3, 3, 3, 1)        46684     
                                                                 
=================================================================
Total params: 7,052,991
Trainable params: 7,052,991
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat64-0_01_percent-conv-bigger
Model: "model_9"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_7 (InputLayer)        [(None, 3, 3, 3, 1)]      0         
                                                                 
 conv3d_6 (Conv3D)           (None, 3, 3, 3, 64)       1792      
                                                                 
 dense_20 (Dense)            (None, 3, 3, 3, 1792)     116480    
                                                                 
 dense_21 (Dense)            (None, 3, 3, 3, 1792)     3213056   
                                                                 
 max_pooling3d_3 (MaxPooling  (None, 1, 1, 1, 1792)    0         
 3D)                                                             
                                                                 
 flatten_3 (Flatten)         (None, 1792)              0         
                                                                 
 dense_22 (Dense)            (None, 512)               918016    
                                                                 
 dense_23 (Dense)            (None, 64)                32832     
                                                                 
 dense_24 (Dense)            (None, 512)               33280     



                                                                 
 dense_25 (Dense)            (None, 1728)              886464    
                                                                 
 reshape_3 (Reshape)         (None, 3, 3, 3, 64)       0         
                                                                 
 conv3d_transpose_3 (Conv3DT  (None, 3, 3, 3, 64)      110656    
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 ranspose)                                                       
                                                                 
 dense_26 (Dense)            (None, 3, 3, 3, 1729)     112385    
                                                                 
 dense_27 (Dense)            (None, 3, 3, 3, 1729)     2991170   
                                                                 
 conv3d_7 (Conv3D)           (None, 3, 3, 3, 1)        46684     
                                                                 
=================================================================
Total params: 8,462,815
Trainable params: 8,462,815
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense
Model: "model_15"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_11 (InputLayer)       [(None, 27)]              0         
                                                                 
 dense_35 (Dense)            (None, 27)                756       
                                                                 
 dense_36 (Dense)            (None, 64)                1792      
                                                                 
 dense_37 (Dense)            (None, 48)                3120      
                                                                 
 dense_38 (Dense)            (None, 32)                1568      
                                                                 
 dense_39 (Dense)            (None, 48)                1584      
                                                                 
 dense_40 (Dense)            (None, 64)                3136      
                                                                 
 dense_41 (Dense)            (None, 27)                1755      
                                                                 
=================================================================
Total params: 13,711
Trainable params: 13,711
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense-bigger
Model: "model"
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_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_1 (InputLayer)        [(None, 27)]              0         
                                                                 
 dense (Dense)               (None, 27)                756       
                                                                 
 dense_1 (Dense)             (None, 128)               3584      
                                                                 
 dense_2 (Dense)             (None, 64)                8256      
                                                                 
 dense_3 (Dense)             (None, 48)                3120      
                                                                 
 dense_4 (Dense)             (None, 32)                1568      
                                                                 
 dense_5 (Dense)             (None, 48)                1584      
                                                                 
 dense_6 (Dense)             (None, 64)                3136      
                                                                 
 dense_7 (Dense)             (None, 128)               8320      
                                                                 
 dense_8 (Dense)             (None, 27)                3483      
                                                                 
=================================================================
Total params: 33,807
Trainable params: 33,807
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense-epoch100-bigger
Model: "model_3"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_3 (InputLayer)        [(None, 27)]              0         
                                                                 
 dense_9 (Dense)             (None, 27)                756       
                                                                 
 dense_10 (Dense)            (None, 128)               3584      
                                                                 
 dense_11 (Dense)            (None, 64)                8256      
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 dense_12 (Dense)            (None, 48)                3120      
                                                                 
 dense_13 (Dense)            (None, 32)                1568      
                                                                 
 dense_14 (Dense)            (None, 48)                1584      
                                                                 
 dense_15 (Dense)            (None, 64)                3136      
                                                                 
 dense_16 (Dense)            (None, 128)               8320      
                                                                 
 dense_17 (Dense)            (None, 27)                3483      
                                                                 
=================================================================
Total params: 33,807
Trainable params: 33,807
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense-epoch100
Model: "model_6"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_5 (InputLayer)        [(None, 27)]              0         
                                                                 
 dense_18 (Dense)            (None, 27)                756       
                                                                 
 dense_19 (Dense)            (None, 64)                1792      
                                                                 
 dense_20 (Dense)            (None, 48)                3120      
                                                                 
 dense_21 (Dense)            (None, 32)                1568      
                                                                 
 dense_22 (Dense)            (None, 48)                1584      
                                                                 
 dense_23 (Dense)            (None, 64)                3136      
                                                                 
 dense_24 (Dense)            (None, 27)                1755      
                                                                 
=================================================================
Total params: 13,711
Trainable params: 13,711
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Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat32-0_1_percent-dense-epoch20
Model: "model_9"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_7 (InputLayer)        [(None, 27)]              0         
                                                                 



 dense_25 (Dense)            (None, 27)                756       
                                                                 
 dense_26 (Dense)            (None, 64)                1792      
                                                                 
 dense_27 (Dense)            (None, 48)                3120      
                                                                 
 dense_28 (Dense)            (None, 32)                1568      
                                                                 
 dense_29 (Dense)            (None, 48)                1584      
                                                                 
 dense_30 (Dense)            (None, 64)                3136      
                                                                 
 dense_31 (Dense)            (None, 27)                1755      
                                                                 
=================================================================
Total params: 13,711
Trainable params: 13,711
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense-epoch100-bigger-wider
Model: "model_15"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_11 (InputLayer)       [(None, 27)]              0         
                                                                 
 dense_39 (Dense)            (None, 27)                756       
                                                                 
 dense_40 (Dense)            (None, 256)               7168      
                                                                 
 dense_41 (Dense)            (None, 128)               32896     
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 dense_42 (Dense)            (None, 64)                8256      
                                                                 
 dense_43 (Dense)            (None, 32)                2080      
                                                                 
 dense_44 (Dense)            (None, 64)                2112      
                                                                 
 dense_45 (Dense)            (None, 128)               8320      
                                                                 
 dense_46 (Dense)            (None, 256)               33024     
                                                                 
 dense_47 (Dense)            (None, 27)                6939      
                                                                 
=================================================================
Total params: 101,551
Trainable params: 101,551
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat24-0_01_percent-dense
Model: "model_18"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_13 (InputLayer)       [(None, 27)]              0         
                                                                 
 dense_48 (Dense)            (None, 27)                756       
                                                                 
 dense_49 (Dense)            (None, 64)                1792      
                                                                 
 dense_50 (Dense)            (None, 48)                3120      
                                                                 
 dense_51 (Dense)            (None, 24)                1176      
                                                                 
 dense_52 (Dense)            (None, 48)                1200      
                                                                 
 dense_53 (Dense)            (None, 64)                3136      
                                                                 
 dense_54 (Dense)            (None, 27)                1755      
                                                                 
=================================================================
Total params: 12,935
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Trainable params: 12,935
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat16-0_01_percent-dense
Model: "model_21"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_15 (InputLayer)       [(None, 27)]              0         
                                                                 
 dense_55 (Dense)            (None, 27)                756       
                                                                 
 dense_56 (Dense)            (None, 64)                1792      
                                                                 
 dense_57 (Dense)            (None, 48)                3120      
                                                                 
 dense_58 (Dense)            (None, 16)                784       
                                                                 
 dense_59 (Dense)            (None, 48)                816       
                                                                 
 dense_60 (Dense)            (None, 64)                3136      
                                                                 
 dense_61 (Dense)            (None, 27)                1755      
                                                                 
=================================================================
Total params: 12,159
Trainable params: 12,159
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat12-0_01_percent-dense
Model: "model_24"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_17 (InputLayer)       [(None, 27)]              0         
                                                                 
 dense_62 (Dense)            (None, 27)                756       
                                                                 
 dense_63 (Dense)            (None, 64)                1792      
                                                                 
 dense_64 (Dense)            (None, 48)                3120      
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 dense_65 (Dense)            (None, 12)                588       
                                                                 
 dense_66 (Dense)            (None, 48)                624       
                                                                 
 dense_67 (Dense)            (None, 64)                3136      
                                                                 
 dense_68 (Dense)            (None, 27)                1755      
                                                                 
=================================================================
Total params: 11,771
Trainable params: 11,771
Non-trainable params: 0
_________________________________________________________________
Model: stage1_lat4-stage2_lat9-stage3_lat8-0_01_percent-dense
Model: "model_27"
_________________________________________________________________
 Layer (type)                Output Shape              Param #   
=================================================================
 input_19 (InputLayer)       [(None, 27)]              0         
                                                                 
 dense_69 (Dense)            (None, 27)                756       
                                                                 
 dense_70 (Dense)            (None, 64)                1792      
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In [ ]:



In [ ]:



 dense_71 (Dense)            (None, 48)                3120      
                                                                 
 dense_72 (Dense)            (None, 8)                 392       
                                                                 
 dense_73 (Dense)            (None, 48)                432       
                                                                 
 dense_74 (Dense)            (None, 64)                3136      
                                                                 
 dense_75 (Dense)            (None, 27)                1755      
                                                                 
=================================================================
Total params: 11,383
Trainable params: 11,383
Non-trainable params: 0
_________________________________________________________________



with open('modelsummary.txt', 'r') as f:
f.read()



#^ *$\n
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In [1]:



In [2]:



In [3]:



In [4]:



env: "WANDB_NOTEBOOK_NAME"="stage3"



%env "WANDB_NOTEBOOK_NAME" "stage3"



datadir = "/tf/notebooks/data/"
#datadir = ""



if False:
!pip install pandas
!pip install wandb
!pip install datasets
!pip install transformers
!pip install scikit-learn
!pip install pydot
!pip install pydotplus
!pip install graphviz
!pip install visualkeras



#!pip install wandb --upgrade
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In [6]:



In [5]:



import wandb
from wandb.keras import WandbMetricsLogger, WandbModelCheckpoint



import matplotlib.pyplot as plt
import numpy as np
import pandas as pd
import tensorflow as tf
import pickle



from sklearn.metrics import accuracy_score, precision_score, recall_score
from sklearn.model_selection import train_test_split
from tensorflow.keras import layers, losses
from tensorflow.keras.datasets import fashion_mnist
from tensorflow.keras.models import Model
from tensorflow import keras



from sklearn.model_selection import train_test_split
import time
import random



from numpy.lib.stride_tricks import sliding_window_view



import visualkeras



%matplotlib inline



import matplotlib.pyplot as plt
plt.style.use('seaborn-whitegrid')
import numpy as np



from matplotlib.ticker import StrMethodFormatter



def predictWithModel(df, model, in_cols, out_cols):
inputData = tf.convert_to_tensor(df[in_cols])
df[out_cols] = model.predict(inputData)
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In [6]:



In [7]:



get data for stage 1



(load scaled raw data w and w/o noise)



In [1]:



In [9]:



load best stage 1 model(s)



In [ ]:



In [ ]:



predict with stage 1



def latentToFieldList(latent):
return latentWithPrefixAndSuffixToFieldList(latent)



def latentWithPrefixAndSuffixToFieldList(latent, prefix="", suffix=""):
return [str(str(prefix) + "l" + str(latent) + "e" + str(e) + str(suffix)) for e in range(latent)]



createStage1 = False



if createStage1:
r_scaled = pd.read_pickle(datadir + "rawMeterData_scaled.pkl")
r_scaled_noisy = pd.read_pickle(datadir + "rawMeterData_scaled_noisy.pkl")



if createStage1:
stage1_model_best1 = keras.models.load_model('/tf/notebooks/stage1/single-phase-simple-latend4-all_sigmoid-encoder-2023-1
stage1_model_best1.compile()
#stage1_model_best1.summary()



if createStage1:
stage1_model_best2 = keras.models.load_model('/tf/notebooks/stage1/single-phase-simple-latend3-all_sigmoid-encoder-2023-1
stage1_model_best2.compile()
#stage1_model_best1.summary()
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latent 4



phase 1



In [ ]:



phase 2



In [ ]:



phase 3



In [ ]:



latent 3



phase 1



if createStage1:
in_cols = ["power1", "apower1", "rpower1", "pf1", "voltage1", "current1"]
out_cols = latentWithPrefixAndSuffixToFieldList(4, "p1")
predictWithModel(r_scaled, stage1_model_best1, in_cols, out_cols)
predictWithModel(r_scaled_noisy, stage1_model_best1, in_cols, out_cols)    



if createStage1:
in_cols = ["power2", "apower2", "rpower2", "pf2", "voltage2", "current2"]
out_cols = latentWithPrefixAndSuffixToFieldList(4, "p2")
predictWithModel(r_scaled, stage1_model_best1, in_cols, out_cols)
predictWithModel(r_scaled_noisy, stage1_model_best1, in_cols, out_cols)    



if createStage1:
in_cols = ["power3", "apower3", "rpower3", "pf3", "voltage3", "current3"]
out_cols = latentWithPrefixAndSuffixToFieldList(4, "p3")
predictWithModel(r_scaled, stage1_model_best1, in_cols, out_cols)
predictWithModel(r_scaled_noisy, stage1_model_best1, in_cols, out_cols)    
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In [ ]:



phase 2



In [ ]:



phase 3



In [ ]:



store data



In [ ]:



get data for stage 2



(create windowed dataset from stage 1 predictions)



if createStage1:
in_cols = ["power1", "apower1", "rpower1", "pf1", "voltage1", "current1"]
out_cols = latentWithPrefixAndSuffixToFieldList(3, "p1")
predictWithModel(r_scaled, stage1_model_best2, in_cols, out_cols)
predictWithModel(r_scaled_noisy, stage1_model_best2, in_cols, out_cols)    



if createStage1:
in_cols = ["power2", "apower2", "rpower2", "pf2", "voltage2", "current2"]
out_cols = latentWithPrefixAndSuffixToFieldList(3, "p2")
predictWithModel(r_scaled, stage1_model_best2, in_cols, out_cols)
predictWithModel(r_scaled_noisy, stage1_model_best2, in_cols, out_cols)    



if createStage1:
in_cols = ["power3", "apower3", "rpower3", "pf3", "voltage3", "current3"]
out_cols = latentWithPrefixAndSuffixToFieldList(3, "p3")
predictWithModel(r_scaled, stage1_model_best2, in_cols, out_cols)
predictWithModel(r_scaled_noisy, stage1_model_best2, in_cols, out_cols)    



if createStage1:
r_scaled.to_pickle(datadir + "stage3-stage1-output.pkl")
r_scaled_noisy.to_pickle(datadir + "stage3-stage1-output-noisy.pkl")
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In [ ]:



In [ ]:



def getChunksConsecutiveData(df, minLength):
#search for gaps in data
df['gap'] = df['timestamp'].sort_values().diff() > pd.to_timedelta('3 nanosecond')



#split data in chunks of consecutive timestamps (cut at gaps)
starttime = df.iloc[0]["timestamp"]
chunklist = []
for index in df.index[df.gap].tolist():



endtime = df.iloc[index]["timestamp"]
chunk = df[(df['timestamp'] > starttime) & (df['timestamp'] < endtime)]
chunklist.append(chunk)
starttime = endtime



#choose chunks with a minimal size of the window or bigger only
listOfChunks = []
for ele in chunklist:



if len(ele) >= minLength:
listOfChunks.append(ele)



return listOfChunks



def makeWindowDataFrame(df, N):
return pd.DataFrame(sliding_window_view(df, N, axis=0).swapaxes(1, 2).reshape(len(df) - N + 1, -1), index
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In [ ]:



In [ ]:



load from disk



In [ ]:



def createWindowedDataset(df, latent, phase, windowSize):
#eleminate gaps in the timeline
listOfChunks = getChunksConsecutiveData(df, windowSize)



#collect the name of columns to drop
lst = [1, 2, 3]
lst.remove(phase)
dropCols = []
for a in lst:



dropCols = dropCols + latentWithPrefixAndSuffixToFieldList(latent, "p" + str(a))
dropCols.append('gap')



result = []
#process chunk by chunk
for singleChunk in listOfChunks:



singleChunkSinglePhase = singleChunk.drop(columns=dropCols)
singleChunkSinglePhase = singleChunkSinglePhase.set_index('timestamp')



result.append(makeWindowDataFrame(singleChunkSinglePhase, windowSize))
return pd.concat(result)



def getRenamedWindowedDataframe(df, latent, phase, windowSize):
res = createWindowedDataset(df, latent, phase, windowSize)



out_cols = [str("p" + str(phase) + "w" + str(w)) for w in range(windowSize * latent)]
colRename = {}
for columnName in range(len(out_cols)):



colRename[columnName] = out_cols[columnName]
return res.rename(columns=colRename)



createStage2 = False
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In [ ]: if createStage2:
stage3_stage1_output = pd.read_pickle(datadir + "stage3-stage1-output.pkl")
stage3_stage1_output_noisy = pd.read_pickle(datadir + "stage3-stage1-output-noisy.pkl")



columns = ['power1', 'power2', 'power3',
'apower1', 'apower2', 'apower3',
'rpower1', 'rpower2', 'rpower3',
'pf1', 'pf2', 'pf3',
'voltage1', 'voltage2', 'voltage3',
'current1', 'current2', 'current3'



              ]



stage3_stage1_output = stage3_stage1_output.drop(columns=columns)
stage3_stage1_output_noisy = stage3_stage1_output_noisy.drop(columns=columns)



columns = ['p1l4e0', 'p1l4e1', 'p1l4e2', 'p1l4e3',
'p2l4e0', 'p2l4e1', 'p2l4e2', 'p2l4e3',
'p3l4e0', 'p3l4e1', 'p3l4e2', 'p3l4e3'



              ]



stage3_stage1_output_l3 = stage3_stage1_output.drop(columns=columns)
stage3_stage1_output_noisy_l3 = stage3_stage1_output_noisy.drop(columns=columns)



stage3_stage1_output_l3.to_pickle(datadir + "stage3-stage1-output-l3.pkl")
stage3_stage1_output_noisy_l3.to_pickle(datadir + "stage3-stage1-output-noisy-l3.pkl")



columns = ['p1l3e0', 'p1l3e1', 'p1l3e2',
'p2l3e0', 'p2l3e1', 'p2l3e2',
'p3l3e0', 'p3l3e1', 'p3l3e2'



              ]



stage3_stage1_output_l4 = stage3_stage1_output.drop(columns=columns)
stage3_stage1_output_noisy_l4 = stage3_stage1_output_noisy.drop(columns=columns)



stage3_stage1_output_l4.to_pickle(datadir + "stage3-stage1-output-l4.pkl")
stage3_stage1_output_noisy_l4.to_pickle(datadir + "stage3-stage1-output-noisy-l4.pkl")



stage3 - Jupyter Notebook http://172.22.50.102:32768/notebooks/notebooks/stage3/stage3.ipynb



8 of 71 2/28/24, 09:10











In [ ]:



set window size



In [ ]:



latent 3



In [ ]:



phase 1 - 3



In [ ]:



if createStage2:
stage3_stage1_output_l3 = pd.read_pickle(datadir + "stage3-stage1-output-l3.pkl")
stage3_stage1_output_noisy_l3 = pd.read_pickle(datadir + "stage3-stage1-output-noisy-l3.pkl")



stage3_stage1_output_l4 = pd.read_pickle(datadir + "stage3-stage1-output-l4.pkl")
stage3_stage1_output_noisy_l4 = pd.read_pickle(datadir + "stage3-stage1-output-noisy-l4.pkl")



windowSize = 16



latent = 3



if createStage2:
p1 = getRenamedWindowedDataframe(stage3_stage1_output_l3, latent, 1, windowSize)
p2 = getRenamedWindowedDataframe(stage3_stage1_output_l3, latent, 2, windowSize)
p3 = getRenamedWindowedDataframe(stage3_stage1_output_l3, latent, 3, windowSize)



stage3_stage2_windowed_l3 = pd.concat([p1, p2, p3], axis=1)
stage3_stage2_windowed_l3.to_pickle(datadir + "stage3-stage2-input-l3.pkl")



p1_noisy = getRenamedWindowedDataframe(stage3_stage1_output_noisy_l3, latent, 1, windowSize)
p2_noisy = getRenamedWindowedDataframe(stage3_stage1_output_noisy_l3, latent, 2, windowSize)
p3_noisy = getRenamedWindowedDataframe(stage3_stage1_output_noisy_l3, latent, 3, windowSize)



stage3_stage2_windowed_noisy_l3 = pd.concat([p1_noisy, p2_noisy, p3_noisy], axis=1)
stage3_stage2_windowed_noisy_l3.to_pickle(datadir + "stage3-stage2-input-noisy-l3.pkl")
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latent 4



In [ ]:



phase 1 - 3



In [ ]:



load best stage 2 model(s)



In [ ]:



In [ ]:



latent = 4



if createStage2:
p1 = getRenamedWindowedDataframe(stage3_stage1_output_l4, latent, 1, windowSize)
p2 = getRenamedWindowedDataframe(stage3_stage1_output_l4, latent, 2, windowSize)
p3 = getRenamedWindowedDataframe(stage3_stage1_output_l4, latent, 3, windowSize)



stage3_stage2_windowed_l4 = pd.concat([p1, p2, p3], axis=1)
stage3_stage2_windowed_l4.to_pickle(datadir + "stage3-stage2-input-l4.pkl")



p1_noisy = getRenamedWindowedDataframe(stage3_stage1_output_noisy_l4, latent, 1, windowSize)
p2_noisy = getRenamedWindowedDataframe(stage3_stage1_output_noisy_l4, latent, 2, windowSize)
p3_noisy = getRenamedWindowedDataframe(stage3_stage1_output_noisy_l4, latent, 3, windowSize)



stage3_stage2_windowed_noisy_l4 = pd.concat([p1_noisy, p2_noisy, p3_noisy], axis=1)
stage3_stage2_windowed_noisy_l4.to_pickle(datadir + "stage3-stage2-input-noisy-l4.pkl")



createStage2Predigt = False



if createStage2Predigt:
stage3_stage2_windowed_l3 = pd.read_pickle(datadir + "stage3-stage2-input-l3.pkl")
stage3_stage2_windowed_noisy_l3 = pd.read_pickle(datadir + "stage3-stage2-input-noisy-l3.pkl")



stage3_stage2_windowed_l4 = pd.read_pickle(datadir + "stage3-stage2-input-l4.pkl")
stage3_stage2_windowed_noisy_l4 = pd.read_pickle(datadir + "stage3-stage2-input-noisy-l4.pkl")
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In [ ]:



In [ ]:



In [ ]:



In [ ]:



predict with stage 2



In [ ]:



if createStage2Predigt:
stage2_conv_l9 = keras.models.load_model('/tf/ml-data/stage2-window-in4-lat9-conv-mini-encoder-2023-12-08-22:00:32.keras'
#stage2_conv_l9.summary()



if createStage2Predigt:
stage2_conv_l16 = keras.models.load_model('/tf/ml-data/stage2-window-in4-lat16-conv-mini-encoder-2023-12-08-10:54:41.kera
#stage2_conv_l16.summary()



if createStage2Predigt:
stage2_in3_l16 = keras.models.load_model('/tf/ml-data/stage2-window-in3-lat16-4layers-encoder-2023-12-06-04:50:20.keras'
#stage2_in3_l16.summary()



if createStage2Predigt:
stage2_in3_l12 = keras.models.load_model('/tf/ml-data/stage2-window-in3-lat12-4layers-encoder-2023-12-06-01:09:22.keras'
#stage2_in3_l12.summary()



def predictWithStage2(df, model, latent_in, phase, latent_out, windowSize):
in_cols = [str("p" + str(phase) + "w" + str(w)) for w in range(windowSize * latent_in)]
out_cols = latentWithPrefixAndSuffixToFieldList(latent_out, "p" + str(phase))



inputsize = model.layers[0].output_shape[0][1]
outputsize = model.layers[-1].output_shape[1]



if not latent_in * windowSize == inputsize or not latent_out == outputsize:
print("The sizes don't match!!!",



"latent_in * windowSize == inputsize: ", latent_in * windowSize == inputsize,
"latent_out == outputsize:", latent_out == outputsize)



else:
predictWithModel(df, model, in_cols, out_cols)
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In [ ]:



In [ ]:



In [ ]:



In [ ]:



def predictWithStage2Reshaped(df, model, latent_in, phase, latent_out, windowSize):
in_cols = [str("p" + str(phase) + "w" + str(w)) for w in range(windowSize * latent_in)]
out_cols = latentWithPrefixAndSuffixToFieldList(latent_out, "p" + str(phase))



data = df[in_cols].copy()



data_reshaped = tf.reshape(data, (len(data), 16, 4))



inputData = tf.convert_to_tensor(data_reshaped)
df[out_cols] = model.predict(inputData)



def predictAllPhases(df, model, latent_in, phase, latent_out, windowSize):
out_cols=[]



for phase in range(1, 4):
predictWithStage2(df, model, latent_in, phase, latent_out, windowSize)
out_cols = out_cols + latentWithPrefixAndSuffixToFieldList(latent_out, "p" + str(phase))



return df[out_cols]



def predictAllPhasesReshaped(df, model, latent_in, phase, latent_out, windowSize):
out_cols=[]



for phase in range(1, 4):
predictWithStage2Reshaped(df, model, latent_in, phase, latent_out, windowSize)
out_cols = out_cols + latentWithPrefixAndSuffixToFieldList(latent_out, "p" + str(phase))



return df[out_cols]



#visualkeras.layered_view(stage2_in3_l16)



#from PIL import ImageFont
#visualkeras.layered_view(stage2_in3_l16, legend=True)



#visualkeras.layered_view(stage2_in3_l16, legend=True, draw_volume=False)



#visualkeras.layered_view(stage2_in3_l16).show()
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In [ ]:



In [ ]:



In [ ]:



if createStage2Predigt:
latent_in = 3
latent_out = 16



res = predictAllPhases(stage3_stage2_windowed_l3, stage2_in3_l16, latent_in, phase, latent_out, windowSize
res.to_pickle(datadir + "stage3-stage2-output-in" + str(latent_in) + "-l" + str(latent_out) + ".pkl")



res = predictAllPhases(stage3_stage2_windowed_noisy_l3, stage2_in3_l16, latent_in, phase, latent_out, windowSize
res.to_pickle(datadir + "stage3-stage2-output-noisy-in" + str(latent_in) + "-l" + str(latent_out) + ".pkl"



if createStage2Predigt:
latent_in = 3
latent_out = 12



res = predictAllPhases(stage3_stage2_windowed_l3, stage2_in3_l12, latent_in, phase, latent_out, windowSize
res.to_pickle(datadir + "stage3-stage2-output-in" + str(latent_in) + "-l" + str(latent_out) + ".pkl")



res = predictAllPhases(stage3_stage2_windowed_noisy_l3, stage2_in3_l12, latent_in, phase, latent_out, windowSize
res.to_pickle(datadir + "stage3-stage2-output-noisy-in" + str(latent_in) + "-l" + str(latent_out) + ".pkl"



if createStage2Predigt:
latent_in = 4
latent_out = 9



res = predictAllPhasesReshaped(stage3_stage2_windowed_l4, stage2_conv_l9, latent_in, phase, latent_out, 
res.to_pickle(datadir + "stage3-stage2-output-in" + str(latent_in) + "-l" + str(latent_out) + ".pkl")



res = predictAllPhasesReshaped(stage3_stage2_windowed_noisy_l4, stage2_conv_l9, latent_in, phase, latent_out
res.to_pickle(datadir + "stage3-stage2-output-noisy-in" + str(latent_in) + "-l" + str(latent_out) + ".pkl"
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In [ ]:



get data for stage 3



(create "superset" of stage 2 preditions)



In [ ]:



In [ ]:



if createStage2Predigt:
latent_in = 4
latent_out = 16



res = predictAllPhasesReshaped(stage3_stage2_windowed_l4, stage2_conv_l16, latent_in, phase, latent_out, 
res.to_pickle(datadir + "stage3-stage2-output-in" + str(latent_in) + "-l" + str(latent_out) + ".pkl")



res = predictAllPhasesReshaped(stage3_stage2_windowed_noisy_l4, stage2_conv_l16, latent_in, phase, latent_out
res.to_pickle(datadir + "stage3-stage2-output-noisy-in" + str(latent_in) + "-l" + str(latent_out) + ".pkl"



createStage3 = False



def permutationSinglePhaseElementToDataframe(df, latent, phaseList, prefix):
initColNames = latentWithPrefixAndSuffixToFieldList(latent, "p" + str(1))



res = df[initColNames].copy()



for phase in range(3):
resultColNames = latentWithPrefixAndSuffixToFieldList(latent, prefix + "p" + str(phase + 1))



if phaseList[phase] != 0:
dataColNames = latentWithPrefixAndSuffixToFieldList(latent, "p" + str(phaseList[phase]))
res[resultColNames] = df[dataColNames]



else:
res[resultColNames] = 0



res = res.drop(columns=initColNames)
return res
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In [ ]:



In [ ]:



def permutationElementToDataframe(df, latent, permutation):
return pd.concat(



        [
permutationSinglePhaseElementToDataframe(df, latent, permutation[0], "x"),
permutationSinglePhaseElementToDataframe(df, latent, permutation[1], "y")



        ],
axis=1



    )



def createPermutatedDataset(df, frac, latent, permutations):
dataset = None



for permutation in permutations:
origdata = df.sample(frac=frac)



subset = permutationElementToDataframe(origdata, latent, permutation)
dataset = pd.concat([dataset, subset])



return dataset
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In [ ]: def reshapeStage3Dataset(df, latent, subShape):
#shuffle
df = df.sample(frac=1).reset_index(drop=True)



df_train, df_test = train_test_split(df, test_size=0.3, random_state=42)



xCols = []
yCols = []



prefix = "x"
for phase in range(1, 4):



xCols = xCols + latentWithPrefixAndSuffixToFieldList(latent,  prefix + "p" + str(phase))



prefix = "y"
for phase in range(1, 4):



yCols = yCols + latentWithPrefixAndSuffixToFieldList(latent,  prefix + "p" + str(phase))



xtrain = df_train[xCols]
xtest = df_test[xCols]



ytrain = df_train[yCols]
ytest = df_test[yCols]



xtrain = tf.convert_to_tensor(xtrain)
xtest = tf.convert_to_tensor(xtest)



ytrain = tf.convert_to_tensor(ytrain)
ytest = tf.convert_to_tensor(ytest)



xtrain = tf.reshape(xtrain, (len(xtrain),) + subShape)
xtest = tf.reshape(xtest, (len(xtest),) + subShape)



ytrain = tf.reshape(ytrain, (len(ytrain),) + subShape)
ytest = tf.reshape(ytest, (len(ytest),) + subShape)



return {
"x_train": xtrain,
"y_train": ytrain,
"x_test": xtest,
"y_test": ytest
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In [ ]:



    }



def createStage3Dataset(df, latent):
#shuffle
df = df.sample(frac=1).reset_index(drop=True)



df_train, df_test = train_test_split(df, test_size=0.3, random_state=42)



xCols = []
yCols = []



prefix = "x"
for phase in range(1, 4):



xCols = xCols + latentWithPrefixAndSuffixToFieldList(latent,  prefix + "p" + str(phase))



prefix = "y"
for phase in range(1, 4):



yCols = yCols + latentWithPrefixAndSuffixToFieldList(latent,  prefix + "p" + str(phase))



xtrain = df_train[xCols]
xtest = df_test[xCols]



ytrain = df_train[yCols]
ytest = df_test[yCols]



xtrain = tf.convert_to_tensor(xtrain)
xtest = tf.convert_to_tensor(xtest)



ytrain = tf.convert_to_tensor(ytrain)
ytest = tf.convert_to_tensor(ytest)



return {
"x_train": xtrain,
"y_train": ytrain,
"x_test": xtest,
"y_test": ytest



    }
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In [ ]:



create permutations



In [ ]:



if createStage3:
stage3_stage2_output_in3_l12 = pd.read_pickle(datadir + "stage3-stage2-output-in3-l12.pkl")
stage3_stage2_output_noisy_in3_l12 = pd.read_pickle(datadir + "stage3-stage2-output-noisy-in3-l12.pkl")



stage3_stage2_output_in3_l16 = pd.read_pickle(datadir + "stage3-stage2-output-in3-l16.pkl")
stage3_stage2_output_noisy_in3_l16 = pd.read_pickle(datadir + "stage3-stage2-output-noisy-in3-l16.pkl")



stage3_stage2_output_in4_l9 = pd.read_pickle(datadir + "stage3-stage2-output-in4-l9.pkl")
stage3_stage2_output_noisy_in4_l9 = pd.read_pickle(datadir + "stage3-stage2-output-noisy-in4-l9.pkl")



stage3_stage2_output_in4_l16 = pd.read_pickle(datadir + "stage3-stage2-output-in4-l16.pkl")
stage3_stage2_output_noisy_in4_l16 = pd.read_pickle(datadir + "stage3-stage2-output-noisy-in4-l16.pkl")



from itertools import permutations



if createStage3:
perm = permutations([0, 0, 1, 2, 3], 3)
permutations = []



for a in perm:
tmplst = list(a)
tmplstsrt = tmplst.copy()
tmplstsrt.sort()



secelement = []
for ele in tmplstsrt:



if ele != 0:
secelement.append(ele)



for idx in range(3 - len(secelement)):
secelement.append(0)



permutations.append([tmplst, secelement])
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1% of data



In [ ]:



In [ ]:



In [ ]:



In [ ]:



10% of data



if createStage3:
latent_in = 3
latent = 12
fraction = 0.01



dataset = createPermutatedDataset(stage3_stage2_output_in3_l12, fraction, latent, permutations)
dataset.to_pickle(datadir + "stage3-stage3-input-in" + str(latent_in) + "-l" + str(latent) + "-" + str(fraction



if createStage3:
latent_in = 3
latent = 16
fraction = 0.01



dataset = createPermutatedDataset(stage3_stage2_output_in3_l16, fraction, latent, permutations)
dataset.to_pickle(datadir + "stage3-stage3-input-in" + str(latent_in) + "-l" + str(latent) + "-" + str(fraction



if createStage3:
latent_in = 4
latent = 9
fraction = 0.01



dataset = createPermutatedDataset(stage3_stage2_output_in4_l9, fraction, latent, permutations)
dataset.to_pickle(datadir + "stage3-stage3-input-in" + str(latent_in) + "-l" + str(latent) + "-" + str(fraction



if createStage3:
latent_in = 4
latent = 16
fraction = 0.01



dataset = createPermutatedDataset(stage3_stage2_output_in4_l16, fraction, latent, permutations)
dataset.to_pickle(datadir + "stage3-stage3-input-in" + str(latent_in) + "-l" + str(latent) + "-" + str(fraction
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In [ ]:



In [ ]:



In [ ]:



In [ ]:



load (unshaped) input data for stage 3



In [ ]:



if createStage3:
latent_in = 3
latent = 12
fraction = 0.1



dataset = createPermutatedDataset(stage3_stage2_output_in3_l12, fraction, latent, permutations)
dataset.to_pickle(datadir + "stage3-stage3-input-in" + str(latent_in) + "-l" + str(latent) + "-" + str(fraction



if createStage3:
latent_in = 3
latent = 16
fraction = 0.1



dataset = createPermutatedDataset(stage3_stage2_output_in3_l16, fraction, latent, permutations)
dataset.to_pickle(datadir + "stage3-stage3-input-in" + str(latent_in) + "-l" + str(latent) + "-" + str(fraction



if createStage3:
latent_in = 4
latent = 9
fraction = 0.1



dataset = createPermutatedDataset(stage3_stage2_output_in4_l9, fraction, latent, permutations)
dataset.to_pickle(datadir + "stage3-stage3-input-in" + str(latent_in) + "-l" + str(latent) + "-" + str(fraction



if createStage3:
latent_in = 4
latent = 16
fraction = 0.1



dataset = createPermutatedDataset(stage3_stage2_output_in4_l16, fraction, latent, permutations)
dataset.to_pickle(datadir + "stage3-stage3-input-in" + str(latent_in) + "-l" + str(latent) + "-" + str(fraction



createStage3 = True
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In [ ]:



prepare (reshape) data for conv



In [ ]:



if createStage3:
stage3_stage3_input = {}



#stage3_stage3_input["in3_l12_0_01"] = pd.read_pickle(datadir + "stage3-stage3-input-in3-l12-0.01.pkl")
#stage3_stage3_input["in3_l16_0_01"] = pd.read_pickle(datadir + "stage3-stage3-input-in3-l16-0.01.pkl")
stage3_stage3_input["in4_l9_0_01"] = pd.read_pickle(datadir + "stage3-stage3-input-in4-l9-0.01.pkl")
#stage3_stage3_input["in4_l16_0_01"] = pd.read_pickle(datadir + "stage3-stage3-input-in4-l16-0.01.pkl")



#stage3_stage3_input["in3_l12_0_1"] = pd.read_pickle(datadir + "stage3-stage3-input-in3-l12-0.1.pkl")
#stage3_stage3_input["in3_l16_0_1"] = pd.read_pickle(datadir + "stage3-stage3-input-in3-l16-0.1.pkl")
#stage3_stage3_input["in4_l9_0_1"] = pd.read_pickle(datadir + "stage3-stage3-input-in4-l9-0.1.pkl")
#stage3_stage3_input["in4_l16_0_1"] = pd.read_pickle(datadir + "stage3-stage3-input-in4-l16-0.1.pkl")



if createStage3:
stage3_stage3_input_non_reshaped = {}



#stage3_stage3_input_non_reshaped["in3_l12_0_01"] = reshapeStage3Dataset(stage3_stage3_input["in3_l12_0_01"], 12, (3, 4, 
#stage3_stage3_input_non_reshaped["in3_l16_0_01"] = reshapeStage3Dataset(stage3_stage3_input["in3_l16_0_01"], 16, (4, 4, 
stage3_stage3_input_non_reshaped["in4_l9_0_01"] = createStage3Dataset(stage3_stage3_input["in4_l9_0_01"], 
#stage3_stage3_input_non_reshaped["in4_l16_0_01"] = reshapeStage3Dataset(stage3_stage3_input["in4_l16_0_01"], 16, (4, 4, 



with open(datadir + "stage3_stage3_input_non_reshaped_0_01_in4_l9.pkl", 'wb') as fp:
pickle.dump(stage3_stage3_input_non_reshaped, fp)



#stage3_stage3_input_non_reshaped["in3_l12_0_1"] = createStage3Dataset(stage3_stage3_input["in3_l12_0_1"], 12, (3, 4, 3))
#stage3_stage3_input_non_reshaped["in3_l16_0_1"] = createStage3Dataset(stage3_stage3_input["in3_l16_0_1"], 16, (4, 4, 3))
stage3_stage3_input_non_reshaped["in4_l9_0_1"] = createStage3Dataset(stage3_stage3_input["in4_l9_0_1"], 
#stage3_stage3_input_non_reshaped["in4_l16_0_1"] = createStage3Dataset(stage3_stage3_input["in4_l16_0_1"], 16, (4, 4, 3))
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In [ ]:



In [ ]:



define stage 3 models



In [8]:



load input data for stage 3



In [ ]:



In [27]:



In [29]:



Out[29]: dict_keys(['in4_l9_0_1'])



if createStage3:
stage3_stage3_input_reshaped = {}



#stage3_stage3_input_reshaped["in3_l12_0_01"] = reshapeStage3Dataset(stage3_stage3_input["in3_l12_0_01"], 12, (3, 4, 3))
#stage3_stage3_input_reshaped["in3_l16_0_01"] = reshapeStage3Dataset(stage3_stage3_input["in3_l16_0_01"], 16, (4, 4, 3))
stage3_stage3_input_reshaped["in4_l9_0_01"] = reshapeStage3Dataset(stage3_stage3_input["in4_l9_0_01"], 9
#stage3_stage3_input_reshaped["in4_l16_0_01"] = reshapeStage3Dataset(stage3_stage3_input["in4_l16_0_01"], 16, (4, 4, 3))



#stage3_stage3_input_reshaped["in3_l12_0_1"] = reshapeStage3Dataset(stage3_stage3_input["in3_l12_0_1"], 12, (3, 4, 3))
#stage3_stage3_input_reshaped["in3_l16_0_1"] = reshapeStage3Dataset(stage3_stage3_input["in3_l16_0_1"], 16, (4, 4, 3))
stage3_stage3_input_reshaped["in4_l9_0_1"] = reshapeStage3Dataset(stage3_stage3_input["in4_l9_0_1"], 9, (
#stage3_stage3_input_reshaped["in4_l16_0_1"] = reshapeStage3Dataset(stage3_stage3_input["in4_l16_0_1"], 16, (4, 4, 3))



if createStage3:
with open(datadir + "stage3_stage3_input_reshaped3_in4_l9.pkl", 'wb') as fp:



pickle.dump(stage3_stage3_input_reshaped, fp)



trainStage3 = True



if trainStage3:
with open(datadir + "stage3_stage3_input_reshaped.pkl", 'rb') as fp:



stage3_stage3_input_reshaped = pickle.load(fp)



if trainStage3:
with open(datadir + "stage3_stage3_input_reshaped2.pkl", 'rb') as fp:



stage3_stage3_input_reshaped_big = pickle.load(fp)



stage3_stage3_input_reshaped_big.keys()
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In [9]:



train �������������� stage 3 models



In [10]:



if trainStage3:
with open(datadir + "stage3_stage3_input_non_reshaped_0_01_in4_l9.pkl", 'rb') as fp:



stage3_stage3_input_non_reshaped = pickle.load(fp)



def addModelToConfig(modelConfig):
modelConfig["model"] = configToAutoencoder(modelConfig)



stage3 - Jupyter Notebook http://172.22.50.102:32768/notebooks/notebooks/stage3/stage3.ipynb



23 of 71 2/28/24, 09:10





http://172.22.50.102:32768/notebooks/notebooks/stage3/stage3.ipynb#train-%F0%9F%9A%82-stage-3-models


http://172.22.50.102:32768/notebooks/notebooks/stage3/stage3.ipynb#train-%F0%9F%9A%82-stage-3-models








In [11]: def createLayer(layerConfig, prevLayer):
if layerConfig["type"] == "input":



return layers.Input(**layerConfig["params"])



if layerConfig["type"] == "dense":
return layers.Dense(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "dropout":
return layers.Dropout(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "conv2d":
return layers.Conv2D(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "conv3d":
return layers.Conv3D(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "maxpooling2d":
return layers.MaxPooling2D(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "maxpooling3d":
return layers.MaxPooling3D(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "flatten":
return layers.Flatten(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "conv2Dtranspose":
return layers.Conv2DTranspose(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "conv3Dtranspose":
return layers.Conv3DTranspose(**layerConfig["params"])(prevLayer)



if layerConfig["type"] == "reshape":
return layers.Reshape(**layerConfig["params"])(prevLayer)



raise RuntimeError("unable to find " + layerConfig["type"])
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In [12]: def configToAutoencoder(config):
firstLayer = None



#if first layer is an input layer there is nothing to do, else it is
if "type" in config["wandb"]["encoder"]["layers"][0] and config["wandb"]["encoder"]["layers"][0]["type"] 



#if there is a explicit "noAutoInputLayer=True" there is nothing to do, else it is
if "noAutoInputLayer" not in config["wandb"]["encoder"] or config["wandb"]["encoder"]["noAutoInputLayer"



inputSize = config["wandb"]["encoder"]["layers"][0]["params"]["units"]
firstLayer = createLayer({



"type": "input",
"params": {



"shape": (inputSize,)
                }
            }, None)



prevLayer = firstLayer



for layer in config["wandb"]["encoder"]["layers"]:
prevLayer = createLayer(layer, prevLayer)



if firstLayer is None:
firstLayer = prevLayer



encoded = prevLayer



for layer in config["wandb"]["decoder"]["layers"]:
prevLayer = createLayer(layer, prevLayer)



return {
"autoencoder": keras.Model(firstLayer, prevLayer),
"encoder": keras.Model(firstLayer, encoded),
"decoder": keras.Model(encoded, prevLayer)



    }
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In [13]: def trainModel(config):
timestr = time.strftime("%Y-%m-%d-%H:%M:%S")
config["model"]["autoencoder"].compile(



optimizer = config["wandb"]["optimizer"],
loss = config["wandb"]["loss"]



    )
config["model"]["encoder"].compile(



optimizer = config["wandb"]["optimizer"],
loss = config["wandb"]["loss"]



    )
config["model"]["decoder"].compile(



optimizer = config["wandb"]["optimizer"],
loss = config["wandb"]["loss"]



    )
wandb.init(



# set the wandb project where this run will be logged
project = config["project"],
name = config["name"],



# track hyperparameters and run metadata with wandb.config
config = config["wandb"]



    )



history = config["model"]["autoencoder"].fit(
x = config["data"]["x_train"], y = config["data"]["y_train"],
epochs = config["wandb"]["epochs"],
shuffle = config["wandb"]["shuffle"],
validation_data = (config["data"]["x_test"], config["data"]["y_test"]),
callbacks = [



WandbMetricsLogger(log_freq="batch"),
WandbModelCheckpoint(config["project"] + "-" + config["name"] + "-" + timestr + "-" + "models")



        ]
    )



wandb.finish()
config["model"]["autoencoder"].save(config["project"] + "-" + config["name"] + "-autoencoder-" + timestr
config["model"]["encoder"].save(config["project"] + "-" + config["name"] + "-encoder-" + timestr + ".keras"
config["model"]["decoder"].save(config["project"] + "-" + config["name"] + "-decoder-" + timestr + ".keras"
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In [47]: stage3TrainingConfig = {
"models": []



}
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In [ ]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 32
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-conv"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": True,
"layers": [



                {
"type": "input",
"params": {



"shape": (3, 3, 3, 1)
                    }
                },
                {



"type": "conv3d",
"params": {



"filters": 64,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "maxpooling3d",
"params": {



"pool_size": (2, 2, 2)
                    }
                },
                {



"type": "flatten",
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"params": {}
                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1728,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "reshape",
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"params": {
"target_shape": (3, 3, 3, 64)



                    }
                },
                {



"type": "conv3Dtranspose",
"params": {



"filters": 64,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "conv3d",
"params": {



"filters": 1,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [ ]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 32
stage3_fraction = "0_1"



model_suffix = str(stage3_fraction) + "_percent-conv"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": True,
"layers": [



                {
"type": "input",
"params": {



"shape": (3, 3, 3, 1)
                    }
                },
                {



"type": "conv3d",
"params": {



"filters": 64,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "maxpooling3d",
"params": {



"pool_size": (2, 2, 2)
                    }
                },
                {



"type": "flatten",
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"params": {}
                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1728,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "reshape",
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"params": {
"target_shape": (3, 3, 3, 64)



                    }
                },
                {



"type": "conv3Dtranspose",
"params": {



"filters": 64,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "conv3d",
"params": {



"filters": 1,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [ ]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 32
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-conv-bigger"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": True,
"layers": [



                {
"type": "input",
"params": {



"shape": (3, 3, 3, 1)
                    }
                },
                {



"type": "conv3d",
"params": {



"filters": 64,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1792,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
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                {
"type": "dense",
"params": {



"units": 1792,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "maxpooling3d",
"params": {



"pool_size": (2, 2, 2)
                    }
                },
                {



"type": "flatten",
"params": {}



                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
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"params": {
"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1728,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "reshape",
"params": {



"target_shape": (3, 3, 3, 64)
                    }
                },
                {



"type": "conv3Dtranspose",
"params": {



"filters": 64,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1729,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1729,
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"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "conv3d",
"params": {



"filters": 1,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [ ]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 64
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-conv-bigger"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": True,
"layers": [



                {
"type": "input",
"params": {



"shape": (3, 3, 3, 1)
                    }
                },
                {



"type": "conv3d",
"params": {



"filters": 64,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1792,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
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                {
"type": "dense",
"params": {



"units": 1792,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "maxpooling3d",
"params": {



"pool_size": (2, 2, 2)
                    }
                },
                {



"type": "flatten",
"params": {}



                },
                {



"type": "dense",
"params": {



"units": 512,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
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"params": {
"units": 512,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1728,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "reshape",
"params": {



"target_shape": (3, 3, 3, 64)
                    }
                },
                {



"type": "conv3Dtranspose",
"params": {



"filters": 64,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1729,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 1729,
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"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "conv3d",
"params": {



"filters": 1,
"kernel_size": (3, 3, 3),
"activation": "sigmoid",
"padding": "same"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [ ]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 32
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-dense"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_non_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": False,
"layers": [



                {
"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
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                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                }
            ]
        },



"optimizer": "adam",
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"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [15]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 32
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-dense-bigger"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_non_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": False,
"layers": [



                {
"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
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                },
                {



"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {
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"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [18]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 32
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-dense-epoch100-bigger"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_non_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": False,
"layers": [



                {
"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }



stage3 - Jupyter Notebook http://172.22.50.102:32768/notebooks/notebooks/stage3/stage3.ipynb



48 of 71 2/28/24, 09:10











                },
                {



"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {
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"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 100,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [21]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 32
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-dense-epoch100"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_non_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": False,
"layers": [



                {
"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
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                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                }
            ]
        },



"optimizer": "adam",
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"loss": "mae",
"metric": "accuracy",
"epochs": 100,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [45]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 32
stage3_fraction = "0_1"



model_suffix = str(stage3_fraction) + "_percent-dense-epoch20"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_non_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": False,
"layers": [



                {
"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
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                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                }
            ]
        },



"optimizer": "adam",
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"loss": "mae",
"metric": "accuracy",
"epochs": 20,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [48]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 32
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-dense-epoch100-bigger-wider"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_non_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": False,
"layers": [



                {
"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 256,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
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                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 128,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {
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"units": 256,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                }
            ]
        },



"optimizer": "adam",
"loss": "mae",
"metric": "accuracy",
"epochs": 100,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [ ]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 24
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-dense"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_non_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": False,
"layers": [



                {
"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
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                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                }
            ]
        },



"optimizer": "adam",
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"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [ ]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 16
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-dense"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_non_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": False,
"layers": [



                {
"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
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                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                }
            ]
        },



"optimizer": "adam",
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"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [ ]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 12
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-dense"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_non_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": False,
"layers": [



                {
"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }



stage3 - Jupyter Notebook http://172.22.50.102:32768/notebooks/notebooks/stage3/stage3.ipynb



66 of 71 2/28/24, 09:10











                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                }
            ]
        },



"optimizer": "adam",
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"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)
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In [ ]: stage1_lat = 4
stage2_lat = 9
stage3_lat = 8
stage3_fraction = "0_01"



model_suffix = str(stage3_fraction) + "_percent-dense"



modelConfig = {}
modelConfig = {



"project": "stage3",
"name": "stage1_lat" + str(stage1_lat) + "-stage2_lat" + str(stage2_lat) + "-stage3_lat" + str(stage3_lat
"data": stage3_stage3_input_non_reshaped["in" + str(stage1_lat) + "_l" + str(stage2_lat) + "_" + str(stage3_fraction
"wandb": {



"encoder": {
"type": "sequential",
"noAutoInputLayer": False,
"layers": [



                {
"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
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                },
                {



"type": "dense",
"params": {



"units": stage3_lat,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
            ]
        },



"decoder": {
"type": "sequential",
"layers": [



                {
"type": "dense",
"params": {



"units": 48,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 64,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                },
                {



"type": "dense",
"params": {



"units": 27,
"kernel_initializer": 'he_uniform',
"activation": "sigmoid"



                    }
                }
            ]
        },



"optimizer": "adam",
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In [ ]:



In [ ]:



In [ ]:



"loss": "mae",
"metric": "accuracy",
"epochs": 10,
"shuffle": True



    }
}



addModelToConfig(modelConfig)
stage3TrainingConfig["models"].append(modelConfig)



for modelConfig in stage3TrainingConfig["models"]:
trainModel(modelConfig)



stage3TrainingConfig["models"][0]["model"]["autoencoder"].summary()
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Appendix B

Code

B.1 Docker container

1 sudo userdocker run − i t t en so r f l ow / t en so r f l ow : l a t e s t −gpu−jupyte r

Figure B.1: Command to creation a Docker container on the GPU cluster of the
university.

1 sudo userdocker run − i t −P
2 −v ’/usr/bin/sudo:/usr/local/bin/sudo:ro’
3 −v ’/usr/lib/sudo:/usr/lib/sudo:ro’
4 −v ’/home/diffproml/userdocker/sudoers :/etc/sudoers:ro’
5 −v ’/home/diffproml/userdocker/sudoers :/etc/sudoers.d/apt -get -install:ro’
6 t en so r f l ow / t en so r f l ow : l a t e s t −gpu−jupyte r

Figure B.2: Special command to creation a Docker container on the GPU cluster of
the university.
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B.2 Models

B.2.1 Stage 1

B.2.1.1 simple-latend3

Model: "simple-latend3"

Layer (type) Output Shape Param #

=================================================================

input_1 (InputLayer) [(None, 6)] 0

dense (Dense) (None, 6) 42

dense_1 (Dense) (None, 5) 35

dense_2 (Dense) (None, 3) 18

dense_3 (Dense) (None, 5) 20

dense_4 (Dense) (None, 6) 36

B.2.1.2 simple-latend4

Model: "simple-latend4"

Layer (type) Output Shape Param #

=================================================================

input_5 (InputLayer) [(None, 6)] 0

dense_10 (Dense) (None, 6) 42

dense_11 (Dense) (None, 5) 35

dense_12 (Dense) (None, 4) 24

dense_13 (Dense) (None, 5) 25

dense_14 (Dense) (None, 6) 36

B.2.1.3 simple-latend3-optimizer_sgd

Model: "simple-latend3-optimizer_sgd"

Layer (type) Output Shape Param #

=================================================================

input_3 (InputLayer) [(None, 6)] 0

dense_5 (Dense) (None, 6) 42
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dense_6 (Dense) (None, 5) 35

dense_7 (Dense) (None, 3) 18

dense_8 (Dense) (None, 5) 20

dense_9 (Dense) (None, 6) 36

B.2.1.4 simple-latend3-all_sigmoid

Model: "simple-latend3-all_sigmoid"

Layer (type) Output Shape Param #

=================================================================

input_7 (InputLayer) [(None, 6)] 0

dense_15 (Dense) (None, 6) 42

dense_16 (Dense) (None, 5) 35

dense_17 (Dense) (None, 3) 18

dense_18 (Dense) (None, 5) 20

dense_19 (Dense) (None, 6) 36

B.2.1.5 simple-latend4-all_sigmoid

Model: "simple-latend4-all_sigmoid"

Layer (type) Output Shape Param #

=================================================================

input_9 (InputLayer) [(None, 6)] 0

dense_20 (Dense) (None, 6) 42

dense_21 (Dense) (None, 5) 35

dense_22 (Dense) (None, 4) 24

dense_23 (Dense) (None, 5) 25

dense_24 (Dense) (None, 6) 36

B.2.1.6 layer5-latend3

Model: "layer5-latend3"

Layer (type) Output Shape Param #

=================================================================

input_11 (InputLayer) [(None, 6)] 0
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dense_25 (Dense) (None, 6) 42

dense_26 (Dense) (None, 6) 42

dense_27 (Dense) (None, 6) 42

dense_28 (Dense) (None, 5) 35

dense_29 (Dense) (None, 3) 18

dense_30 (Dense) (None, 5) 20

dense_31 (Dense) (None, 6) 36

dense_32 (Dense) (None, 6) 42

dense_33 (Dense) (None, 6) 42

B.2.1.7 layer5-latend3-dropout0_2

Model: "layer5-latend3-dropout0_2"

Layer (type) Output Shape Param #

=================================================================

input_13 (InputLayer) [(None, 6)] 0

dense_34 (Dense) (None, 6) 42

dense_35 (Dense) (None, 6) 42

dropout (Dropout) (None, 6) 0

dense_36 (Dense) (None, 6) 42

dense_37 (Dense) (None, 5) 35

dense_38 (Dense) (None, 3) 18

dense_39 (Dense) (None, 5) 20

dense_40 (Dense) (None, 6) 36

dense_41 (Dense) (None, 6) 42

dense_42 (Dense) (None, 6) 42

B.2.2 Stage 2

B.2.2.1 window-in3-lat8-4layers

Model: window-in3-lat8-4layers

Layer (type) Output Shape Param #
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=================================================================

input_1 (InputLayer) [(None, 48)] 0

dense (Dense) (None, 48) 2352

dense_1 (Dense) (None, 32) 1568

dense_2 (Dense) (None, 18) 594

dense_3 (Dense) (None, 8) 152

dense_4 (Dense) (None, 32) 288

dense_5 (Dense) (None, 48) 1584

B.2.2.2 window-in3-lat8-6layers

Model: window-in3-lat8-6layers

Layer (type) Output Shape Param #

=================================================================

input_3 (InputLayer) [(None, 48)] 0

dense_6 (Dense) (None, 48) 2352

dense_7 (Dense) (None, 32) 1568

dense_8 (Dense) (None, 32) 1056

dense_9 (Dense) (None, 18) 594

dense_10 (Dense) (None, 18) 342

dense_11 (Dense) (None, 8) 152

dense_12 (Dense) (None, 18) 162

dense_13 (Dense) (None, 32) 608

dense_14 (Dense) (None, 32) 1056

dense_15 (Dense) (None, 48) 1584

B.2.2.3 window-in3-lat12-4layers

Model: window-in3-lat12-4layers

Layer (type) Output Shape Param #

=================================================================

input_5 (InputLayer) [(None, 48)] 0
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dense_16 (Dense) (None, 48) 2352

dense_17 (Dense) (None, 32) 1568

dense_18 (Dense) (None, 18) 594

dense_19 (Dense) (None, 12) 228

dense_20 (Dense) (None, 32) 416

dense_21 (Dense) (None, 48) 1584

B.2.2.4 window-in3-lat12-6layers

Model: window-in3-lat12-6layers

Layer (type) Output Shape Param #

=================================================================

input_7 (InputLayer) [(None, 48)] 0

dense_22 (Dense) (None, 48) 2352

dense_23 (Dense) (None, 32) 1568

dense_24 (Dense) (None, 32) 1056

dense_25 (Dense) (None, 18) 594

dense_26 (Dense) (None, 18) 342

dense_27 (Dense) (None, 12) 228

dense_28 (Dense) (None, 18) 234

dense_29 (Dense) (None, 32) 608

dense_30 (Dense) (None, 32) 1056

dense_31 (Dense) (None, 48) 1584

B.2.2.5 window-in3-lat16-4layers

Model: window-in3-lat16-4layers

Layer (type) Output Shape Param #

=================================================================

input_9 (InputLayer) [(None, 48)] 0

dense_32 (Dense) (None, 48) 2352

dense_33 (Dense) (None, 32) 1568
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dense_34 (Dense) (None, 18) 594

dense_35 (Dense) (None, 16) 304

dense_36 (Dense) (None, 32) 544

dense_37 (Dense) (None, 48) 1584

B.2.2.6 window-in3-lat16-6layers

Model: window-in3-lat16-6layers

Layer (type) Output Shape Param #

=================================================================

input_11 (InputLayer) [(None, 48)] 0

dense_38 (Dense) (None, 48) 2352

dense_39 (Dense) (None, 32) 1568

dense_40 (Dense) (None, 32) 1056

dense_41 (Dense) (None, 18) 594

dense_42 (Dense) (None, 18) 342

dense_43 (Dense) (None, 16) 304

dense_44 (Dense) (None, 18) 306

dense_45 (Dense) (None, 32) 608

dense_46 (Dense) (None, 32) 1056

dense_47 (Dense) (None, 48) 1584

B.2.2.7 window-in4-lat8-4layers

Model: window-in4-lat8-4layers

Layer (type) Output Shape Param #

=================================================================

input_13 (InputLayer) [(None, 64)] 0

dense_48 (Dense) (None, 64) 4160

dense_49 (Dense) (None, 32) 2080

dense_50 (Dense) (None, 18) 594

dense_51 (Dense) (None, 8) 152
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dense_52 (Dense) (None, 32) 288

dense_53 (Dense) (None, 64) 2112

B.2.2.8 window-in4-lat8-6layers

Model: window-in4-lat8-6layers

Layer (type) Output Shape Param #

=================================================================

input_15 (InputLayer) [(None, 64)] 0

dense_54 (Dense) (None, 64) 4160

dense_55 (Dense) (None, 32) 2080

dense_56 (Dense) (None, 32) 1056

dense_57 (Dense) (None, 18) 594

dense_58 (Dense) (None, 18) 342

dense_59 (Dense) (None, 8) 152

dense_60 (Dense) (None, 18) 162

dense_61 (Dense) (None, 32) 608

dense_62 (Dense) (None, 32) 1056

dense_63 (Dense) (None, 64) 2112

B.2.2.9 window-in4-lat12-4layers

Model: window-in4-lat12-4layers

Layer (type) Output Shape Param #

=================================================================

input_17 (InputLayer) [(None, 64)] 0

dense_64 (Dense) (None, 64) 4160

dense_65 (Dense) (None, 32) 2080

dense_66 (Dense) (None, 18) 594

dense_67 (Dense) (None, 12) 228

dense_68 (Dense) (None, 32) 416

dense_69 (Dense) (None, 64) 2112
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B.2.2.10 window-in4-lat12-6layers

Model: window-in4-lat12-6layers

Layer (type) Output Shape Param #

=================================================================

input_19 (InputLayer) [(None, 64)] 0

dense_70 (Dense) (None, 64) 4160

dense_71 (Dense) (None, 32) 2080

dense_72 (Dense) (None, 32) 1056

dense_73 (Dense) (None, 18) 594

dense_74 (Dense) (None, 18) 342

dense_75 (Dense) (None, 12) 228

dense_76 (Dense) (None, 18) 234

dense_77 (Dense) (None, 32) 608

dense_78 (Dense) (None, 32) 1056

dense_79 (Dense) (None, 64) 2112

B.2.2.11 window-in4-lat16-4layers

Model: window-in4-lat16-4layers

Layer (type) Output Shape Param #

=================================================================

input_21 (InputLayer) [(None, 64)] 0

dense_80 (Dense) (None, 64) 4160

dense_81 (Dense) (None, 32) 2080

dense_82 (Dense) (None, 18) 594

dense_83 (Dense) (None, 16) 304

dense_84 (Dense) (None, 32) 544

dense_85 (Dense) (None, 64) 2112
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B.2.2.12 window-in4-lat16-6layers

Model: window-in4-lat16-6layers

Layer (type) Output Shape Param #

=================================================================

input_23 (InputLayer) [(None, 64)] 0

dense_86 (Dense) (None, 64) 4160

dense_87 (Dense) (None, 32) 2080

dense_88 (Dense) (None, 32) 1056

dense_89 (Dense) (None, 18) 594

dense_90 (Dense) (None, 18) 342

dense_91 (Dense) (None, 16) 304

dense_92 (Dense) (None, 18) 306

dense_93 (Dense) (None, 32) 608

dense_94 (Dense) (None, 32) 1056

dense_95 (Dense) (None, 64) 2112

B.2.2.13 window-in4-lat12-conv-mini

Model: window-in4-lat12-conv-mini

Layer (type) Output Shape Param #

=================================================================

input_33 (InputLayer) [(None, 16, 4, 1)] 0

conv2d_10 (Conv2D) (None, 16, 4, 64) 640

max_pooling2d_5 (MaxPooling (None, 8, 2, 64) 0

2D)

flatten_5 (Flatten) (None, 1024) 0

dense_140 (Dense) (None, 128) 131200

dense_141 (Dense) (None, 12) 1548

dense_142 (Dense) (None, 128) 1664

dense_143 (Dense) (None, 1024) 132096

reshape_5 (Reshape) (None, 16, 4, 16) 0
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conv2d_transpose_5 (Conv2DT (None, 16, 4, 64) 9280

ranspose)

conv2d_11 (Conv2D) (None, 16, 4, 1) 577

B.2.2.14 window-in4-lat16-conv-mini

Model: window-in4-lat16-conv-mini

Layer (type) Output Shape Param #

=================================================================

input_35 (InputLayer) [(None, 16, 4, 1)] 0

conv2d_12 (Conv2D) (None, 16, 4, 64) 640

max_pooling2d_6 (MaxPooling (None, 8, 2, 64) 0

2D)

flatten_6 (Flatten) (None, 1024) 0

dense_144 (Dense) (None, 128) 131200

dense_145 (Dense) (None, 16) 2064

dense_146 (Dense) (None, 128) 2176

dense_147 (Dense) (None, 1024) 132096

reshape_6 (Reshape) (None, 16, 4, 16) 0

conv2d_transpose_6 (Conv2DT (None, 16, 4, 64) 9280

ranspose)

conv2d_13 (Conv2D) (None, 16, 4, 1) 577

B.2.2.15 window-in4-lat9-conv-mini

Model: window-in4-lat9-conv-mini

Layer (type) Output Shape Param #

=================================================================

input_37 (InputLayer) [(None, 16, 4, 1)] 0

conv2d_14 (Conv2D) (None, 16, 4, 64) 640

max_pooling2d_7 (MaxPooling (None, 8, 2, 64) 0

2D)
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flatten_7 (Flatten) (None, 1024) 0

dense_148 (Dense) (None, 128) 131200

dense_149 (Dense) (None, 9) 1161

dense_150 (Dense) (None, 128) 1280

dense_151 (Dense) (None, 1024) 132096

reshape_7 (Reshape) (None, 16, 4, 16) 0

conv2d_transpose_7 (Conv2DT (None, 16, 4, 64) 9280

ranspose)

conv2d_15 (Conv2D) (None, 16, 4, 1) 577
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B.2.3 Stage 3

B.2.3.1 Graphs

Figure B.3: Graphs of the training of Stage 3 part 1

Figure B.4: Graphs of the training of Stage 3 part 2
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Figure B.5: Graphs of the training of Stage 3 part 3

B.2.3.2 stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-conv

Model: stage1_lat4-stage2_lat9-stage3_lat32

-0_01_percent-conv

Layer (type) Output Shape Param #

=================================================================

input_11 (InputLayer) [(None, 3, 3, 3, 1)] 0

conv3d_5 (Conv3D) (None, 3, 3, 3, 64) 1792

max_pooling3d_2 (MaxPooling (None, 1, 1, 1, 64) 0

3D)

flatten_5 (Flatten) (None, 64) 0

dense_6 (Dense) (None, 128) 8320

dense_7 (Dense) (None, 32) 4128

dense_8 (Dense) (None, 128) 4224

dense_9 (Dense) (None, 1728) 222912

reshape_1 (Reshape) (None, 3, 3, 3, 64) 0

conv3d_transpose_1 (Conv3DT (None, 3, 3, 3, 64) 110656

ranspose)

conv3d_6 (Conv3D) (None, 3, 3, 3, 1) 1729

B.2.3.3 stage1_lat4-stage2_lat9-stage3_lat32-0_1_percent-conv

Model: stage1_lat4-stage2_lat9-stage3_lat32

-0_1_percent-conv
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Layer (type) Output Shape Param #

=================================================================

input_1 (InputLayer) [(None, 3, 3, 3, 1)] 0

conv3d (Conv3D) (None, 3, 3, 3, 64) 1792

max_pooling3d (MaxPooling3D (None, 1, 1, 1, 64) 0

)

flatten (Flatten) (None, 64) 0

dense (Dense) (None, 128) 8320

dense_1 (Dense) (None, 32) 4128

dense_2 (Dense) (None, 128) 4224

dense_3 (Dense) (None, 1728) 222912

reshape (Reshape) (None, 3, 3, 3, 64) 0

conv3d_transpose (Conv3DTra (None, 3, 3, 3, 64) 110656

nspose)

conv3d_1 (Conv3D) (None, 3, 3, 3, 1) 1729

B.2.3.4 stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-conv-
bigger

Model: stage1_lat4-stage2_lat9-stage3_lat32

-0_01_percent-conv-bigger

Layer (type) Output Shape Param #

=================================================================

input_3 (InputLayer) [(None, 3, 3, 3, 1)] 0

conv3d_2 (Conv3D) (None, 3, 3, 3, 64) 1792

dense_4 (Dense) (None, 3, 3, 3, 1792) 116480

dense_5 (Dense) (None, 3, 3, 3, 1792) 3213056

max_pooling3d_1 (MaxPooling (None, 1, 1, 1, 1792) 0

3D)

flatten_1 (Flatten) (None, 1792) 0

dense_6 (Dense) (None, 128) 229504

dense_7 (Dense) (None, 32) 4128

dense_8 (Dense) (None, 128) 4224
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dense_9 (Dense) (None, 1728) 222912

reshape_1 (Reshape) (None, 3, 3, 3, 64) 0

conv3d_transpose_1 (Conv3DT (None, 3, 3, 3, 64) 110656

ranspose)

dense_10 (Dense) (None, 3, 3, 3, 1729) 112385

dense_11 (Dense) (None, 3, 3, 3, 1729) 2991170

conv3d_3 (Conv3D) (None, 3, 3, 3, 1) 46684

B.2.3.5 stage1_lat4-stage2_lat9-stage3_lat64-0_01_percent-conv-
bigger

Model: stage1_lat4-stage2_lat9-stage3_lat64

-0_01_percent-conv-bigger

Layer (type) Output Shape Param #

=================================================================

input_7 (InputLayer) [(None, 3, 3, 3, 1)] 0

conv3d_6 (Conv3D) (None, 3, 3, 3, 64) 1792

dense_20 (Dense) (None, 3, 3, 3, 1792) 116480

dense_21 (Dense) (None, 3, 3, 3, 1792) 3213056

max_pooling3d_3 (MaxPooling (None, 1, 1, 1, 1792) 0

3D)

flatten_3 (Flatten) (None, 1792) 0

dense_22 (Dense) (None, 512) 918016

dense_23 (Dense) (None, 64) 32832

dense_24 (Dense) (None, 512) 33280

dense_25 (Dense) (None, 1728) 886464

reshape_3 (Reshape) (None, 3, 3, 3, 64) 0

conv3d_transpose_3 (Conv3DT (None, 3, 3, 3, 64) 110656

ranspose)

dense_26 (Dense) (None, 3, 3, 3, 1729) 112385

dense_27 (Dense) (None, 3, 3, 3, 1729) 2991170

conv3d_7 (Conv3D) (None, 3, 3, 3, 1) 46684
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B.2.3.6 stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense

Model: stage1_lat4-stage2_lat9-stage3_lat32

-0_01_percent-dense

Layer (type) Output Shape Param #

=================================================================

input_11 (InputLayer) [(None, 27)] 0

dense_35 (Dense) (None, 27) 756

dense_36 (Dense) (None, 64) 1792

dense_37 (Dense) (None, 48) 3120

dense_38 (Dense) (None, 32) 1568

dense_39 (Dense) (None, 48) 1584

dense_40 (Dense) (None, 64) 3136

dense_41 (Dense) (None, 27) 1755

B.2.3.7 stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense-
bigger

Model: stage1_lat4-stage2_lat9-stage3_lat32

-0_01_percent-dense-bigger

Layer (type) Output Shape Param #

=================================================================

input_1 (InputLayer) [(None, 27)] 0

dense (Dense) (None, 27) 756

dense_1 (Dense) (None, 128) 3584

dense_2 (Dense) (None, 64) 8256

dense_3 (Dense) (None, 48) 3120

dense_4 (Dense) (None, 32) 1568

dense_5 (Dense) (None, 48) 1584

dense_6 (Dense) (None, 64) 3136

dense_7 (Dense) (None, 128) 8320

dense_8 (Dense) (None, 27) 3483
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B.2.3.8 stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense-
epoch100-bigger

Model: stage1_lat4-stage2_lat9-stage3_lat32

-0_01_percent-dense-epoch100-bigger

Layer (type) Output Shape Param #

=================================================================

input_3 (InputLayer) [(None, 27)] 0

dense_9 (Dense) (None, 27) 756

dense_10 (Dense) (None, 128) 3584

dense_11 (Dense) (None, 64) 8256

dense_12 (Dense) (None, 48) 3120

dense_13 (Dense) (None, 32) 1568

dense_14 (Dense) (None, 48) 1584

dense_15 (Dense) (None, 64) 3136

dense_16 (Dense) (None, 128) 8320

dense_17 (Dense) (None, 27) 3483

B.2.3.9 stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-dense-
epoch100

Model: stage1_lat4-stage2_lat9-stage3_lat32

-0_01_percent-dense-epoch100

Layer (type) Output Shape Param #

=================================================================

input_5 (InputLayer) [(None, 27)] 0

dense_18 (Dense) (None, 27) 756

dense_19 (Dense) (None, 64) 1792

dense_20 (Dense) (None, 48) 3120

dense_21 (Dense) (None, 32) 1568

dense_22 (Dense) (None, 48) 1584

dense_23 (Dense) (None, 64) 3136

dense_24 (Dense) (None, 27) 1755
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B.2.3.10 stage1_lat4-stage2_lat9-stage3_lat32-0_1_percent-dense-
epoch20

Model: stage1_lat4-stage2_lat9-stage3_lat32

-0_1_percent-dense-epoch20

Layer (type) Output Shape Param #

=================================================================

input_7 (InputLayer) [(None, 27)] 0

dense_25 (Dense) (None, 27) 756

dense_26 (Dense) (None, 64) 1792

dense_27 (Dense) (None, 48) 3120

dense_28 (Dense) (None, 32) 1568

dense_29 (Dense) (None, 48) 1584

dense_30 (Dense) (None, 64) 3136

dense_31 (Dense) (None, 27) 1755

B.2.3.11 stage1_lat4-stage2_lat9-stage3_lat32-0_01_percent-
dense-epoch100-bigger-wider

Model: stage1_lat4-stage2_lat9-stage3_lat32

-0_01_percent-dense-epoch100-bigger-wider

Layer (type) Output Shape Param #

=================================================================

input_11 (InputLayer) [(None, 27)] 0

dense_39 (Dense) (None, 27) 756

dense_40 (Dense) (None, 256) 7168

dense_41 (Dense) (None, 128) 32896

dense_42 (Dense) (None, 64) 8256

dense_43 (Dense) (None, 32) 2080

dense_44 (Dense) (None, 64) 2112

dense_45 (Dense) (None, 128) 8320

dense_46 (Dense) (None, 256) 33024

dense_47 (Dense) (None, 27) 6939
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B.2.3.12 stage1_lat4-stage2_lat9-stage3_lat24-0_01_percent-
dense

Model: stage1_lat4-stage2_lat9-stage3_lat24

-0_01_percent-dense

Layer (type) Output Shape Param #

=================================================================

input_13 (InputLayer) [(None, 27)] 0

dense_48 (Dense) (None, 27) 756

dense_49 (Dense) (None, 64) 1792

dense_50 (Dense) (None, 48) 3120

dense_51 (Dense) (None, 24) 1176

dense_52 (Dense) (None, 48) 1200

dense_53 (Dense) (None, 64) 3136

dense_54 (Dense) (None, 27) 1755

B.2.3.13 stage1_lat4-stage2_lat9-stage3_lat16-0_01_percent-
dense

Model: stage1_lat4-stage2_lat9-stage3_lat16

-0_01_percent-dense

Layer (type) Output Shape Param #

=================================================================

input_15 (InputLayer) [(None, 27)] 0

dense_55 (Dense) (None, 27) 756

dense_56 (Dense) (None, 64) 1792

dense_57 (Dense) (None, 48) 3120

dense_58 (Dense) (None, 16) 784

dense_59 (Dense) (None, 48) 816

dense_60 (Dense) (None, 64) 3136

dense_61 (Dense) (None, 27) 1755
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B.2.3.14 stage1_lat4-stage2_lat9-stage3_lat12-0_01_percent-
dense

Model: stage1_lat4-stage2_lat9-stage3_lat12

-0_01_percent-dense

Layer (type) Output Shape Param #

=================================================================

input_17 (InputLayer) [(None, 27)] 0

dense_62 (Dense) (None, 27) 756

dense_63 (Dense) (None, 64) 1792

dense_64 (Dense) (None, 48) 3120

dense_65 (Dense) (None, 12) 588

dense_66 (Dense) (None, 48) 624

dense_67 (Dense) (None, 64) 3136

dense_68 (Dense) (None, 27) 1755

B.2.3.15 stage1_lat4-stage2_lat9-stage3_lat8-0_01_percent-dense

Model: stage1_lat4-stage2_lat9-stage3_lat8

-0_01_percent-dense

Layer (type) Output Shape Param #

=================================================================

input_19 (InputLayer) [(None, 27)] 0

dense_69 (Dense) (None, 27) 756

dense_70 (Dense) (None, 64) 1792

dense_71 (Dense) (None, 48) 3120

dense_72 (Dense) (None, 8) 392

dense_73 (Dense) (None, 48) 432

dense_74 (Dense) (None, 64) 3136

dense_75 (Dense) (None, 27) 1755
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Appendix C

GAN prompts

C.1 ChatGPT3.5

ME: could you create me an image which illustrates the concept of convolutional
neural networks?

ChatGPT: I’m sorry, but as a text-based AI model, I don’t have the capability to
create images. However, I can certainly help you describe the concept of convo-
lutional neural networks (CNNs) and guide you on how to create an illustration.

A Convolutional Neural Network is a type of artificial neural network designed for
processing structured grid data, such as images. The key components of a CNN
include convolutional layers, pooling layers, and fully connected layers. Here’s a
textual description that you can use to guide the creation of an illustration:

Input Layer: Represent an image as a grid of pixels.

Convolutional Layer: Illustrate a convolutional operation by showing a small
filter/kernel (a matrix) sliding over the input image, extracting features through
element-wise multiplication and summation. Each filter produces a feature map,
emphasising certain patterns or features.

Activation Function: Apply an activation function (e.g., ReLU) to introduce non-
linearity and enhance the network’s ability to learn complex patterns.

94



Pooling Layer: Depict a pooling operation (e.g., max pooling) that reduces the
spatial dimensions of the feature maps, focusing on the most important inform-
ation.

Flattening: Flatten the output to prepare for the fully connected layers.

Fully Connected Layer: Represent fully connected neurons that take the flattened
features as input. Illustrate weights connecting every neuron from the previous
layer to each neuron in this layer.

Output Layer: The final layer representing the predicted class probabilities.

You can use visual elements like grids, arrows, and colour variations to highlight
the flow of information through the layers. You may also consider incorporating
filters, activation functions, and pooling operations in a step-by-step fashion.

For creating an actual image, you can use graphic design tools like Adobe Illus-
trator, Photoshop, or online platforms like Canva. Alternatively, you can sketch
the concept on paper and scan or photograph it for a simple representation.

ME: could you create me a good prompt for dalle2 for this?

ChatGPT: Certainly! To generate an image using DALL·E 2 that illustrates the
concept of Convolutional Neural Networks (CNNs), you can use the following
prompt:

"Create an image that visually represents the architecture and functionality of
a Convolutional Neural Network (CNN). Showcase the key components such as
input layer with pixel grid, convolutional layers with filters sliding over the image,
activation functions introducing non-linearity, pooling layers reducing spatial di-
mensions, flattening, fully connected layers with weighted connections, and an
output layer predicting class probabilities. Use visual elements like grids, arrows,
and color variations to emphasize the flow of information through the layers.
Ensure the image is clear, informative, and visually appealing."

Feel free to adjust or add specific details to the prompt based on your preferences.

ME: the prompt needs to be much shorter

95



ChatGPT: Certainly, here’s a shorter prompt for DALL·E 2:

"Generate a clear and concise visual representation of a Convolutional Neural
Network (CNN). Depict key components like input layer, convolutional layers
with sliding filters, activation functions, pooling layers, flattening, fully connec-
ted layers, and output layer. Emphasize the flow of information and use visual
elements like grids, arrows, and color variations for clarity." How would I cite this
conversation in a scientific paper? ChatGPT

If you need to cite this conversation in a scientific paper, you should follow the
citation style recommended by the journal or institution you are submitting to.
However, as of my last update in January 2022, there isn’t a standardized citation
format for AI models like mine. Still, you can follow a general format. Here’s an
example in APA style:

Author. (Year, Month Day). Title of the conversation. ChatGPT. URL

For instance:

OpenAI. (2022, February 18). Conversations on various topics. ChatGPT. [URL]

Make sure to replace "[URL]" with the specific URL or link to the page where
this conversation took place.

Keep in mind that scientific paper guidelines may vary, so it’s advisable to check
the specific citation style guide of the journal or institution you are submitting
to for any additional requirements or variations.

C.2 deepai.org

https://deepai.org/machine-learning-model/text2img Date: 18.02.2024 15.40

Generate a clear and concise visual representation of a Convolutional Neural Net-
work (CNN). Depict key components like input layer, convolutional layers with
sliding filters, activation functions, pooling layers, flattening, fully connected lay-
ers, and output layer. Emphasize the flow of information and use visual elements
like grids, arrows, and color variations for clarity
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