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Abstract:
Forecasting energy demand is a crucial topic in the energy industry to keep the balance
between supply and demand, hence keeping the grid in effective operation. The adoption
of renewable energy sources for the supply makes the forecasting problem ever the
more prominent because of the additional uncertainty they bring to the grid, besides
the consumers’ energy usage patterns. The uncertainty on the demand side forecasting
can be theoretically overcome via a centralized predictive model that takes note of the
consumers’ past electricity usage. However, in practice, forecasting energy demand is
challenged by users’ concerns for the privacy of their energy data and the scalability of
storing it, in addition to completing the model updates in time. Both problems can be
solved if the centralized training paradigm is replaced with federated training, where each
household trains its model locally, and the centralized server only acts as a coordinator
by aggregating the weights of the individual models’ and sending the updates back to
them, all without seeing the consumers’ data. Because of the diversity in energy usage,
the convergence of local models may require too much time. This study will investigate
federated learning to develop a clustering algorithm that groups similar residences as one
node to fasten the model convergence without reducing its accuracy.

Keywords: Federated Learning, Clustered Federated Learning, Federated Energy Fore-
casting, Deep Learning, Energy Demand Forecasting, Statistical Heterogeneity, Smart
Grids

CERCS: T120 Systems engineering, computer technology

Koostööl põhinev lähenemisviis suuremahuliseks elektritarbimiseks
liitõppe abil
Lühikokkuvõte:
Energianõudluse prognoosimine on energiatööstuses tasakaalu hoidmiseks ülioluline
teema pakkumise ja nõudluse vahel, hoides seega võrgu tõhusas töös. Taastuvate ener-
giaallikate kasutuselevõtt tarnimisel muudab prognoosimisprobleemi üha olulisemaks,
kuna need toovad võrku lisaks tarbijate energiakasutusharjumustele täiendavat ebakind-
lust. Ebakindlus nõudluse prognoosimisel saab teoreetiliselt ületada tsentraliseeritud
ennustusmudeli abil, mis võtab arvesse tarbijate varasema elektrikasutuse. Praktikas
on aga energiavajaduse prognoosimine kasutajate mure oma energiaandmete privaat-
suse ja mastaapsuse pärast selle salvestamist, lisaks mudeli värskenduste õigeaegsele
lõpuleviimisele. Mõlemad probleemid võivad olla lahendatud, kui tsentraliseeritud koo-
lituse paradigma asendatakse liitkoolitusega, kus iga leibkond koolitab oma mudelit
kohapeal ja tsentraliseeritud server toimib ainult koordinaatorina koondades üksikute
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mudelite kaalud ja saates värskendused tagasi aadressile ilma tarbijate andmeid nägemata.
Energiakasutuse mitmekesisuse tõttu kohalike mudelite lähenemine võib nõuda liiga
palju aega. See uuring uurib liitõpet, et töötada välja rühmitusalgoritm, mis rühmitab
sarnased elukohad üheks sõlmeks, et kinnitada mudeli konvergentsi ilma selle täpsust
vähendamata.

Võtmesõnad:Liitõpe, rühmitatud liitõpe, ühendatud energiaprognoos, sügav õpe, energi-
avajaduse prognoosimine, statistiline heterogeensus, nutikas Võred

CERCS: T120 Süsteemitehnika, arvutitehnoloogia
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1 Introduction
Digitalization of everyday life started to unlock high amounts of data available for us,
and the energy industry is not exempt from this trend [1], due to the deployment of
smart meters which can measure the energy usage of a building. If correctly analyzed,
the energy usage data collected by smart meters have the potential to make the energy
management processes less error-prone and more specialized with respect to individual
households. In addition to operational benefits, correct utilization of smart meter data also
has the potential for mitigating climate change due to more efficient use of energy [2].

In simple terms, energy management balances the energy supply with volatile energy
demand. With the advance of renewable energy sources, energy generation also started
to become more uncertain, mimicking the behavior of demand. Consequently, operating
the energy grid gets more difficult due to the difficulties in accurately forecasting supply
and demand.

The use of deep learning models [3] has shown significant promise for capturing the
sharp fluctuations that commonly occur in energy demand data. Several empirical studies
have proved the superiority of deep learning models, particularly that of LSTMs [4],
in comparison with the simple machine learning models and traditional time series
models [5–7]. However, high performance achieved with these models comes at a cost.
In order to achieve accurate forecasts, deep learning models require sizable amounts of
building energy consumption data to be stored in a central server; which in turn increases
data storage and computation costs significantly [8]. In addition to the scalability
challenge, centralized deep learning is also vulnerable in terms of preserving the privacy
of households’ energy data. For example, a privacy breach at the server can expose the
energy data of all the buildings connected to the server; which can be used to deduce the
household occupancies [9].

Challanges regarding the scalability and security of centralized deep learning can be
overcome by changing the learning paradigm itself. A new paradigm, called Federated
Learning [10], offers a solution to both of the aforementioned issues. In FL, all the
households are still connected to a server; yet data sharing is not allowed from the
households(clients) to the server with most of the computations taking place in the
clients. At every FL round, the server sends a global model to the clients and the clients
update the global model by training it with their local data. The server then receives the
local model parameters and aggregates them to produce the new global model. These FL
rounds continue until a time limit is reached or expected performance is achieved. In
short, by keeping the data inside the clients and sharing the computational burden among
them; the server-client network becomes much more robust to security threats and easier
to scale to high number of clients.

So far we have briefly explained that training deep learning models under a federated
learning setting has the potential to solve the security and scalability issues commonly
encountered under centralized learning. While this is true, federated deep learning has



not been tested thoroughly due to it being a new phenomenon. Such an experimental gap
constituted the motivation behind this thesis, which will be explained further in the next
section.

1.1 Motivation
We first feel the need to explain the security benefits that FL brings. As we noted
previously, FL prevents the occurrence of data exchange between the server and clients,
thus it is secure by design. Security by design does not make an FL system as absolutely
secure, yet it makes it more robust against external threats compared to server-client
networks operating under centralized learning. Even if we won’t be measuring the extent
of security that FL provides in this thesis; we thought of exploring demand forecasting
under an FL setting would be more suitable than doing it under a centralized setting, due
to FL’s significant security advantage.

On the other hand, we should also note the existence of several federated energy
demand forecasting studies focusing on forecasting accuracy and scalability. For example;
[11], [12] and [13] modified the simple aggregation method from [10] by adding a
clustering step to increase the forecasting accuracy, with [13] also conducting a large-
scale demand forecasting experiment. All of the forecasting studies which used the
clustering step noted a significant increase in the forecasting accuracy, regardless of the
dataset they used.

Despite these findings, no extensive experiments have been done to compare the
different clustering methods that were used so far. Instead, nearly all of the federated
energy forecasting research aimed at proposing a new algorithm to achieve better fore-
casts. In addition, some popular federated clustering algorithms [14] have never been
used with energy demand data. The importance of such theoretical advances cannot be
denied; yet the proposed algorithms must be benchmarked against each other to really
understand their effectiveness. The main focus of this thesis would be to conduct such a
benchmark by comparing the performances of several federated learning algorithms that
can be used for energy demand forecasting. The selected algorithms will be compared
against a centralized learning baseline and the first algorithm proposed in FL research,
FedAVG [10].

This being said, this thesis is by no means an exhaustive study due to the number of
countless methods in existence. We will be focusing on only a subset of FL algorithms
that have a clustering step, since such algorithms proved to be experimentally effective
in terms of forecasting accuracy. What we aim is to explore some of these algorithms’
relative performances, with the hope of triggering new benchmarking experiments for
federated demand forecasting in the future.

Several energy demand forecasting studies have already been done under an FL
setting. [15] aimed at measuring the robustness of server-client network with regards to
security threats. [11], [12] and [13] modified the simple aggregation method from [10] by
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adding a clustering step to increase the forecasting accuracy, with [13] also conducting a
large-scale demand forecasting experiment. All of the forecasting studies which used the
clustering step noted a significant increase in the forecasting accuracy, regardless of the
dataset they used. Despite these findings, no extensive experiments have been done to
compare the different clustering methods that were used so far. In addition, some popular
clustering algorithms [14] have never been used with energy demand data.

1.2 Research Problem
In most cases, the centralized learning process uses independent and identically dis-
tributed(iid) data samples. These datasets allow the model to learn better since it only
specializes in one task: learning the patterns inside the dataset stored in the central server.
In FL, the data sources are most likely non-iid, since storing the client datasets in one
location is not allowed. This method creates a conundrum in which one global model
tries to learn several different tasks simultaneously since the data distributions in clients
are different from each other. Consequently, a significant decrease in model performance
compared to the centralized learning setting is possible. In technical terms, this FL
drawback is called the statistical heterogeneity problem.

Consider Ci as the household i participating in a federated learning setting, which
includes one coordinating server and n households in total. Since human behavior
can vary greatly, all of these households may have energy usage patterns that may
be significantly different from each other, including the households coming from the
same or similar socioeconomic groupings. As these energy usage data diverge among
the households, it becomes more and more difficult for a global model to capture the
patterns in every client since optimizing for one of them may result in insufficient
forecasting accuracy for the other. Not to mention the inherent hardship of this task; the
first aggregation algorithm proposed in the FL field is simple weighted averaging, with
weights corresponding to the ratio of the number of data points that a client holds over
all the data points available. Even if using weights to emphasize the important clients is
more helpful than just treating every client as the same, it still does not solve the case
where the client datasets are similar in size but very different in distribution.

In this thesis, to tackle the limitations mentioned above, we propose to cluster the
client datasets differently and use a specific model for each one of those clusters. Instead
of using one global model that tries to learn the patterns in every client, the cluster
models will focus on learning the intricacies of the clients belonging to their own cluster
only. Our primary research goal was to compare the convergence rates and forecasting
accuracies of FedAVG with two other CFL algorithms.
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1.3 Research Contribution
While new CFL algorithms are frequently developed in federated learning research, the
proposed algorithms have yet to be compared against each other; especially in a demand
forecasting setting. This thesis aims to fill this gap by evaluating the performance of
clustered federated learning algorithms in an energy demand forecasting setting. By
doing so, we aim to understand the behaviour of CFL algorithms against each other, and
not only against commonly used baselines.

To this end, two popular CFL algorithms will be benchmarked against the simple
FedAVG algorithm, in addition to centralized learning baselines. This being said, it
would be eventually important to create a more comprehensive framework with numerous
CFL algorithms and energy datasets.

Next section will be about other limitations of this thesis that were not specified
under 1.1, which are more technical in nature.

1.4 Limitations
Demand forecasting via centralized machine learning methods is itself a complex task
whose success depends on many things; such as selecting the correct model, carefully
tuning the model’s hyperparameters and creating helper features that will help the model
to learn faster and better. Optimizing such tasks simultaneously with optimizing the
federated learning architecture is a highly time consuming task even if one assumes it
to be doable. Thus we will limit ourselves by focusing on several FL scenarios, and by
no means our experiments will aim to optimize all of these in a definite manner. Before
stating the actual aims of this thesis, we think it would be important to clarify the reasons
behind our model choice.

This thesis will use a neural network for forecasting energy demand. There are several
reasons behind sticking with this decision and not trying out other approaches that are
used in forecasting; such as traditional statistical models like ARIMA or tree-based
machine learning models like GBMs. One of these reasons is the neural networks’ ability
to capture linear or non-linear long-term temporal dependencies in the data in addition to
the short-term dependencies; something which the other models cannot skillfully do or
cannot do at all.

Another reason is the impossibility of using traditional statistical models in a federated
setting, which generally constitute a baseline in centralized learning scenarios. This
is due to these models not being able to continuously learn as the training progresses.
Their predictions depend on some parameters such as p, q and d, but trying to combine
those models will result in ensemble learning, not federated learning; since after the first
averaging all of these said parameters controlling the model behaviour will be the same,
there will be no point in having another learning round. Thus our choice for the baseline
will be different than the baselines used in centralized learning.
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Lastly, there are several research articles suggesting the use of neural networks,
particularly LSTMs, for forecasting [7, 16]. Although we acknowledge that the findings
of these research articles cannot be generalized to every single time-series dataset, we
nevertheless think that the usage of LSTMs is somewhat more popular than other machine
learning models for forecasting, at least for forecasts under FL scenarios. Thus we won’t
be focusing on comparably complex models like GBMs or Bayesian Networks, yet
admitting the importance of the exploration of such models in FL settings.

Other limitations of this thesis expressed so far are either a research topic of its own,
such as hyperparameter tuning under federated learning, or have been carefully explored
in other published articles, such as feature engineering for energy demand data [13].

1.5 Outline
This thesis will be an attempt to fill the need of performance evaluation of several
Clustered Federated Learning schemes. Motivation behind it was discussed in 1.1, the
details of the research problem and thesis objectives was explained in 1.2, research
contribution was discussed in 1.3 which is then followed by some technical limitations
in 1.4. Section 2 provides an extensive literature review and a preliminary technical
background for the thesis. Section 3 describes the FL algorithms used, while section 4
presents the experimental results. Section 5 presents potential research directions for
future. We will conclude by presenting an overall summary of the thesis in section 6.

2 Background
This section will present the work done on solving the statistical heterogeneity problem in
federated learning and on federated energy demand forecasting. Although two approaches
are not strictly separated, with the latter can be grouped under the former, we still think it
would be wise to discuss the latter one separately; so not to lose focus of this thesis. After
providing the literature review on statistical heterogeneity and federated energy demand
forecasting, we will briefly explore the nature of time series forecasting problems, since
energy demand data is an example of time-series data. We will finish the chapter by
explaining the deep learning model used to obtain demand forecasts.

2.1 Statistical Heterogeneity Problem
Using data sources which have dissimilar distributions is a problem acknowledged even
in the first paper published [10] in the federated learning domain. Since that time,
methods used for tackling the statistical heterogeneity of clients under federated learning
became a lot more varied that several surveys have been published for the topic [17–19].
Due to this fact, we will briefly mention certain methods that are relevant for this thesis;
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in addition to the ones which are not directly relevant yet well-known in the domain.
Attempting to conduct an exhaustive review is out of scope for this thesis. We will mainly
follow the classification put forward by [19].

Probably the easiest way to deal with non-iid client data is by employing data-centric
methods. These methods generally violate the data privacy assumption of federated
learning to a small degree with the intention to craft a model that is robust to statistical
heterogeneity. For example, X proposes to pool a small percentage of client data in the
server followed by training the global model on such representative data before sending
it to clients. This way the model sent by server to clients would be prepared beforehand
to different client data distributions just by providing a small percentage client data to
the server. While these data-centric methods may not be acceptable for some training
scenarios due to the clients not wanting to share any part of their data at all; they are
suitable for cases where clients are open to collaborate with each other to a degree.

In addition to data-sharing, model-based approaches can also be effective in terms of
results. One way to deal with the non-iid nature of data in federated learning is to use a
global model which can be adjusted to the client data. To this end, Hanzely et al [20]
added a regularization term to the global cost function of FedAVG algorithm, so that
each device will learn a mixture of global and local model. On the other hand, one can
also adjust the behaviour of the global model to every client by adding a personalization
layer on top of the base layers of the global model. The algorithm, FedPer, proposed
by Arivazhagan et al [21] applies FedAVG only to base layers while the personalization
layers are trained locally. While these algorithms have low communication cost and
do not demand much computation power on the client-side, their performance is yet to
be tested on different types of data other than benchmarks such as FEMNIST. In most
cases they are more efficient than the FedAVG baseline, yet they may not produce results
which are more accurate than other methods such as Federated Multi-Task Learning.

Algorithms classified under Federated Multi-Task Learning(FMTL) try to produce
a unique model for every client in the network to deal with clients’ differing data
distributions. One well-known example to this is the MOCHA [22] algorithm. By using a
primal-dual optimization method, MOCHA tries to learn similarities and differences for
each client by creating a model special to each of them. The drawback of it though is its
unsuitability for using non-convex optimization tasks. FMTL algorithms generally deal
with statistical heterogeneity very well; yet they may have some particular constraints
such as the structure of the client network being known beforehand [23]. In short it is
difficult to deny the promise of FMTL in federated learning, yet more research is needed
to better understand the effectiveness of such algorithms.

Clustered Federated Learning(CFL) is the algorithm family we will use in our
benchmarks in this thesis. CFL assumes that clients with significantly different data
distributions belong to different clusters in the network, so the goal is correctly identifying
such clusters and then running models on a per-cluster basis. In simple terms, CFL tries
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to create one global model unique to every cluster, after detecting the clusters themselves.
At the moment of writing this thesis, available CFL articles are already numerous so it
can be said that the CFL methods are in a maturing phase. We will briefly mention these
works before presenting the advantages and disadvantages of CFL.

The simplest approaches in clustered federated learning use the existing features
in data, which are not privacy-sensitive, to cluster the clients. If such features are
unavailable or privacy-sensitive, then a feature engineering approach can be used to get
an understanding of the client context. As long as such features exist and can be shared
by the server, a clustering algorithm such as K-Means or DBSCAN can be used to cluster
the clients. After this step every cluster will have its own model which can be trained by
FedAVG.

Another way to cluster the clients is treating the local loss value as a signature of the
client’s data distribution. In principle, it can be assumed that clients with similar datasets
will have similar loss values, thus the clustering procedure can be conducted by using
them. Ghosh et al [14] propose IFCA, which calculates the loss values of cluster models
sent by the server to the clients on the client-side, and using the cluster model with the
lowest loss for local training. After the client trainings are completed the server applies
FedAVG to the models on a per-cluster basis. An extension of IFCA is proposed by Li et
al [24], which incorporates soft-clustering to IFCA.

Similar to the loss based clustering approach, local model weights can be used
to determine the data distributions as well. Briggs et al [25] propose a two-phased
approach in which the clients are trained with normal FedAVG for a certain number of
warmup rounds, followed by the application of hierarchical clustering algorithm on the
model weights received by the server. After the server clusters the clients based on their
model weights, every cluster gets its own cluster model and these are separately trained
by FedAVG. Though this method showed its effectiveness regarding federated energy
demand forecasting in [11], weight-based clustering has a high communication cost by
virtue of using the weights for obtaining clusters.

Last but not least, using the model hyperparameters are also possible to cluster the
clients. Musilek et al [26] propose to train the clients together with a local hyperparameter
tuning scheme. At certain rounds, the client models’ hyperparameters are shared with the
server and the server clusters the clients, which is followed by FedAVG on a per-cluster
basis.

As CFL only tries to create one specialized model for every cluster, rather than every
client, it may produce less accurate results than FMTL; but CFL methods don’t require
any knowledge about the cluster structure of the data and can be used with non-convex
optimization tasks. Likewise, it may be a better choice than global models if the main
concern is accuracy, but if communication cost or client-side computation cost is more
important then an algorithm such as FedPer should be used. Lastly, even if CFL is quite
popular in federated learning research, effectiveness of proposed clustering methods are
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by no means definite.
In addition to these small sample of algorithm families, several other ways were

proposed to deal with statistical heterogeneity; adapting known concepts from centralized
deep learning such as transfer learning or batch normalization to the federated learning
paradigm. To keep this thesis compact, we won’t discuss the peculiarities of such
methods; yet more information about them are available in [19].

2.2 Federated Energy Demand Forecasting
To our knowledge; the articles written for federated energy demand forecasting either
deal with improving the security of the FL system even more [15, 27], or they deal with
improving the forecast accuracy. This thesis falls in the latter group, thus we will not
discuss the published research written for secure federated learning, even if we consider
it as important.

Nearly all the approaches we encountered so far apply a variant of clustered federated
learning to obtain better demand forecasts, and reduce the number of federated learning
rounds for convergence, if possible. Hong et al [12] compared vanilla FedAVG with
a CFL approach using OPTICS algorithm on extracted features from the data; such as
house type, number of rental units and heating type. While these features are not always
available; their method needed at most 60 rounds before all clusters to reach convergence.

Instead of coming up with a new algorithm, Savi et al [13] designed a complex experi-
ment setting in their work by focusing on feature engineering, hyperparameter tuning and
simulation of different training scenarios that tries to mimic real life. Algorithm-wise,
they used an approach that clusters the clients based on their socioeconomic aspects;
in addition to clustering the clients via K-Means based on the statistics extracted from
their energy consumption patterns, such as consumption mean and median. They were
able to achieve remarkable forecasts in terms of accuracy in addition to explaining the
importance of several hyperparameters on federated training, but one drawback of their
work is data privacy since they assume that a small amount of energy data is publicly
available for training.

Different from the mentioned approaches, Wang et al [28] adapted the k-means
clustering algorithm to the federated learning setting, which can be used directly on the
data without the need of any extracted features. They tried their method on two different
energy demand datasets and purely on an unsupervised way, by just measuring the quality
of extracted clusters according to different clustering metrics.

2.3 Time-Series Forecasting
As its name suggests, the essence of a time-series forecasting problem is predicting the
future value of a certain feature; by using the past and present values of the feature itself,
generally in combination with the values of some other helper features in order to obtain
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more accurate forecasts. Examples to this problem include predicting the stock market
prices of a company’s shares based on the past prices of those shares, predicting the
energy supply produced by a solar panel or predicting the energy demand of a household,
which is the main focus of this thesis.

The importance of correctly predicting the future energy demand is crucial for
grid operators. Overestimating the demand may cause the grid to malfunction, while
underestimating it will pave the way for blackouts. Consequently, accurate forecasts are
important not only for the firm operating the grid, but also for the entities bound to the
grid, whether they represent households or factories.

The nature of the time series data must be understood first before understanding the
forecasting methods. Thus, this section will discuss it first before moving on to discuss
the varied ways used for forecasting.

2.3.1 Time-Series Data

In its simplest form, a dataset for a forecasting problem come in the form of (time, value)
pairs. An observation in such datasets include one or several values for every time index.
For example, the table below represents the total energy usage of one household with
respect to time; between midnight and 9 am, January 1st 2013.

DateTime kWh(kilowatts per hour)
2013-01-01 00:00:00 0.074
2013-01-01 01:00:00 0.000
2013-01-01 02:00:00 0.000
2013-01-01 03:00:00 0.102
2013-01-01 04:00:00 0.090
2013-01-01 05:00:00 0.087
2013-01-01 06:00:00 0.087
2013-01-01 07:00:00 0.085
2013-01-01 08:00:00 0.085
2013-01-01 09:00:00 0.085

Time-series data generally have three crucial elements characterizing it. These
components are called as trend, seasonality and noise. Being able to correctly extract such
components helps the analyst during model selection and maybe even for engineering
new features that can be used in the predictive model. It is also possible to encounter
observations without any trend, seasonality and noise through time, yet such constant
series are trivial for analysis.

Trend describes the increasing or decreasing behaviour of the observations through
time. For example, energy usage in a household may increase from 5 pm to 9 pm, where
the house is mostly occupied and the occupants are generally active in the house. The
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trend of a time-series dataset can follow many patterns, in other words, it can be linear or
non-linear.

Seasonality represents the cyclical variations of the data over time. A good example
to seasonality is the sales of plane tickets, where the demand generally increases in
summer months followed by a decrease after the end of vacation season. Depending on
the type of observations; seasonal patterns may occur yearly, monthly, weekly or even
hourly. Like trend, seasonality can be linear(cycles with constant width or amplitude) or
non-linear(cycles with changing width and amplitude).

Lastly, noise refers to the random variation in time series which is not captured by
trend or seasonality components.

The components described henceforth can be combined in different ways to constitute
a time series dataset. In other words, the observations may have a linear trend and
nonlinear seasonality, or vice-versa. There exists several methods to extract the time
series components for further analysis, but for simplicity this section will only describe
additive and multiplicative decomposition.

Additive decomposition assumes that the series are formed with a linear trend and
linear seasonality.

On the other hand, multiplicative decomposition assumes that the series are formed
with non-linear trend and non-linear seasonality over time.

It is not easy to detect the trend and seasonality from time-series data due to the
different ways the components can come together. Even in cases where one succeeds
in such a task, the noise component may prevent the models from making accurate
predictions.

2.4 Recurrent Neural Networks
The biggest advantage of Recurrent Neural Networks(RNN) [29] over the feed-forward
ones is the former’s ability to use the past information present in the data when predicting
the future. This is mainly due to the cell memory present in the architecture of an RNN,
which is absent in a simple artificial neuron. In technical terms, the memory of an RNN
cell is called as its hidden state, h.

One layer of an RNN is just a connection of certain number of recurrent neurons,
which take the output of the previous neuron in addition to the actual input data being fed
to it. After doing some simple summation and multiplication operations with both inputs,
the recurrent neuron then outputs a number which would be used by the next neuron.
The intuition behind this process is probably best understood by a visual, which is given
below.
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Figure 1. A single recurrent neuron(left) and an RNN Layer(right). Source: Geron [30]

The image above shows an RNN architecture which uses the eventual output y to be
used in the next neuron. While this is perfectly possible, there are other types of RNN
architectures which are a little bit more complex than the one shown above. In actuality,
an RNN cell outputs two vectors, y and h. These vectors can be equal to each other as
in the simple RNN architecture above, or they may be different. Similarly, the recurred
value can be the value of the hidden state h, or the output value y. Figure 2 below shows
another recurrent neural network but with a hidden state recurrence.

Figure 2. An RNN with hidden state recurrences. Source: Geron [30]

It is also important to clarify the hidden state value that the very first neuron in a
recurrent layer gets. For example, in Figure 2 the first neuron takes the input x0 and
produces y0 and h0. This neuron seems not to be using any hidden state input at all, but
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actually this is not the case. Due to the fact that there is no neuron coming before it, it
initializes its hidden state value to 0, and uses it together with x0 in its operations.

With several preliminaries are now settled, one can start to delve deep into the
workings of a recurrent neuron. We will use the second neuron in Figure 2 to explain
the mathematics behind RNNs. There, x1 represents the vector input corresponding
to timestep t=1, and h0 is the hidden state output of the recurrent neuron dealing with
timestep t=0. Both of these vectors have their own weight matrices, which can be
called as Wx and Wh. The first operation that the recurrent unit does is taking the
aforementioned inputs and multiplying them with their weights, followed by summing
the results with a bias term, bh. The resulting is then given into an activation function fh,
which produces the current hidden state value.

h1 = fh(Wxx(1) +Whh(0) + bh) (1)

After the hidden state value of the cell is calculated, the neuron then outputs its target
value, y1. Similar to the operations above, y value is calculated by multiplying the hidden
state corresponding to present time, h1, together with a weight matrix Wy. This result is
then summed up with a bias term by and fed into a certain activation function fy.

y1 = fy(Wyh(1) + by) (2)

The operations described so far one neuron can be generalized to any neuron in the
recurrent layer with the set of equations below.

ht = fh(Wxx(t) +Whh(t−1) + bh) (3)
yt = fy(Wyh(t) + by) (4)

The operational pattern described so far repeats until all the vectors corresponding
to different timesteps are processed. For example, if the main input tensor X includes
vectors with observations taken from t=0 to t=2, then the recurrences continue until x2 is
reached and its output y2 is returned.

Even though the simple recurrent neural networks are able to use the contextual
information when making predictions, the context they refer to generally falls short
while working with more complex data. For example, if an input instance x contains
values spanning 24 timesteps in total, the first timestep value will go through 23 different
mathematical operations before affecting the prediction given by 24th neuron. The
memory of the network regarding the initial input gets worse as the training progresses,
since backpropagation algorithm may not affect any changes for the weights of the first
input, because of the gradients getting smaller and smaller from the neurons at the end
of the network to the neurons located at the start. One effective way to counter this
problem is to use a more complex neural unit for computations, called as Long-Short
Term Memory cell.
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2.4.1 Long-Short Term Memory Networks

Long-Short Term Memory(LSTM) [4] Networks are a special type of RNNs which are
capable of memorizing a much wider contextual information than the simple RNNs.
While the working principle of LSTMs are very similar to that of RNNs, there are some
differences between the two because of the more powerful neurons(also called as cells)
that the LSTM networks use. It would be best to start with a visual description of such
cells before presenting the details.

Figure 3. A single LSTM neuron. Source: Geron [30]

Probably the first difference that strikes the eye is the addition of a new vector, ct,
which is called as the cell state. This state tries to store the long-term memory of an
LSTM cell, while the hidden state ht trying to store the short-term memory. These two
variable vectors, in addition to the input xt, interact through several gates inside the cell
to produce the outputs of an LSTM cell.

Let us start with the operations that the cell state goes through. For the timestep t=t,
the LSTM neuron gets the value of the previous cell state output, ct-1. This vector is then
multiplied element-wise with ft in the forget gate. The reason for the naming is due
to the nature of the logistic activation function that produces ft, which forces ft to take
values between 0 and 1. So forget gate either drops or keeps some values inside the cell
state vector.

After passing the forget gate, the cell state vector is summed together with the output
vector returned from the input gate. The resulting combination forms the new cell state.
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This new cell state is also copied and passed into the hyperbolic tangent activation
function, which in turn is sent to the output gate for another element-wise multiplication.
Output gate simply takes two vectors, tanh(ct) and ot to produce the new hidden state
vector ht and the LSTM cell’s target output yt. In simple terms, it acts as yet another
filter similar to the forget gate, selecting which values from the cell state must be stored
in ht and yt.

Now let us look into what happens to ht-1 and xt. These input vectors are both sent to
four different fully-connected layers, with one having a hyperbolic tangent activation
function and the others having a logistic one. These four activation functions produce
the outputs ft, gt, it and ot. The role of ft and ot is already described above in connection
to the forget gate and the output gate, so we won’t go over them again.

The last gate that hasn’t been fully explained is the input gate, which takes gt and
multiplies it element-wise with it. Here it acts as a gate controller like ft because of the
logistic activation function producing it. gt on the other hand, is formed by combining
the latest hidden state value ht-1 and the current input xt. So the input gate selects which
parts of gt should be added to ct-1.

We can formalize all of the operations with the equations given below:

it = σ(Wxixt +Whiht−1 + bi) (5)
ft = σ(Wxfxt +Whfht−1 + bf ) (6)
ot = σ(Wxoxt +Whoht−1 + bo) (7)
gt = tanh(Wxgxt +Whght−1 + bg) (8)
ct = ft ⊙ ct−1 + it ⊙ gt (9)
ht = yt = ot ⊙ tanh(ct) (10)

(11)

In the equations above, Wxi,Wxf,Wxo,Wxg are the weight matrices corresponding to
the input xt. Similarly; Whi,Whf,Who,Whg are the weight matrices acting upon the last
hidden state ht-1.

bf,bi,bo and bg represent the bias vectors of the four different fully connected layers
inside the network.

σ is the logistic activation function and tanh stands for the for hyperbolic tangent
activation function. ⊙ represents element-wise multiplication operation.

To sum up, the ability of an LSTM cell regarding the storage of long-term depen-
dencies in addition to the short-term ones in a sequence makes it a suitable choice for
using more contextual information from the input data while making predictions. Since
most of the time-series data, especially the ones regarding the energy consumption, has
high complexity embedded inside them; using LSTMs for prediction would very likely
to return more accurate forecasts.
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3 Methodology
This section will explain the methods used to tackle the statistical heterogeneity problem
in federated energy forecasting. As the focus of this thesis is on benchmarking several
methods in a federated energy demand forecasting setting, the algorithms we will propose
to use are neither our own nor nothing new.

3.1 Federated Averaging(FedAvg) Algorithm
Federated Averaging [10] is the algorithm that kickstarted the federated learning
paradigm in the general discipline of machine learning. Being relatively simple as
compared to others, it can be said that FedAvg is a good baseline choice for all federated
learning experiments. In this section, we will describe the algorithm by introducing it at
a higher, conceptual level. This will be followed by providing its formalism.

As described earlier in the Introduction, a typical federated learning setup includes
a server and several clients(can also be called as nodes). The process begins with the
server initializing a model f, which is then copied and sent into all the clients; or at
least, the available clients at the moment of sending. The clients then train the model
on their training data for a specified number of epochs, and after the local trainings
are completed, clients send their models’ weights back to the server. The server then
averages all these weights and updates the model it initialized with them. This marks the
end of one federated training round. The following rounds follow exactly the same
procedure except the initialization part, since at the start of every following round the
server model is initialized with the averaged weights of the client models; while at the
very beginning it was initialized randomly by the server.

Figure 4 below visualizes the process we have just described. As the image states,
it must be emphasized that the only interaction between the server and the clients are
through exchanging the model weights, but not client data.
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Figure 4. Federated Averaging. Source: Wikipedia [31]

A more rigorous description of FedAvg algorithm is given below.
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Algorithm 1: Federated Averaging

1

FedAvg is simple to understand and may turn out to be really effective if the client
datasets are coming from the same data distribution. Yet if the datasets are dissimilar to
each other; the algorithm may take too many rounds to converge, or may not converge at
all. In order to deal with this problem, we will now take a look at clustered federated
learning algorithms.

3.2 Federated Learning with Hierarchical Clustering(FL+HC)
Proposed by Briggs et al [25], FL+HC is designed with the intention to deal with client
datasets that are not identically distributed. The algorithm itself is very different from
vanilla FedAvg, except for the fact that it trying to detect clusters among the clients and
conducting the training on a per-cluster basis.
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In FL+HC, the server starts the federated training rounds as it was in FedAvg. It
initializes the model, sends its copies to clients, averages the client models’ weights
which are sent to it and updates the server model with the averaged weights. For a set
number of warmup rounds, this iterative process continues. Right after the warmup
rounds are completed, ie in the subsequent round following the last warmup round,
the server clusters the clients based on their model weights. The authors’ selected
hierarchical clustering algorithm for this procedure, yet one can use a different method.
After the clients are clustered based on their weights; the server runs FedAvg inside
each cluster, aggregating the client weights on a per-cluster basis and sending the copies
of a model unique to every cluster instead of sending a single, global model to every
client. The training goes on until the set number of rounds are reached, or if the average
validation loss over all the clients starts to stabilize.

FL+HC is formalised as Algorithm 2.
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Algorithm 2: FL+HC

1
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In their paper, the authors achieve better results with FL+HC as compared to the
plain FedAvg algorithm. This being said, FL+HC introduces several hyperparameters
like number of clusters and number of warmup rounds that need to be tuned carefully.
Using the model weights as a reference for clustering is also problematic as well, due
to the possibility that two similar models having different model parameters because of
permutation invariance of the model to the hidden units [14]. In our approach, we will
be using the training loss of the model obtained at the end of the warmup rounds, not
weights, for clustering the clients.

Static clustering method may not accurately capture the client clusters; since if the
first clustering attempt fails to capture the cluster structure, the network will not have
any chance to correct this. By dynamically updating the client clusters at every round,
Iterative Federated Clustering algorithm aims to tackle this potential shortcoming.

3.3 Iterative Federated Clustering Algorithm(IFCA)
In IFCA, the server stores k different models θj, j ∈ [k]. Each of these models are
randomly initialized at beginning of the first round and correspond to a cluster, whose
number is controlled by hyperparameter k. In the t-th iteration of algorithm, the server
randomly selects a number of clients and sends the cluster models to them. The clients
then calculate the loss value of every cluster model on their whole dataset by using their
loss function Fi. After calculating the losses, the client then selects the cluster model
which returns the lowest loss value for training; in addition to storing its own cluster
identity j that corresponds to the cluster model θj . By using the said cluster model, the
client then runs a set number of local training epochs on its own training set and updates
its model. The server then receives the clients’ cluster identities together with the cluster
models they used. The cluster models are then averaged on the server-side, updating the
global cluster model list stored in the server.

While model averaging is one option, one can also use gradient averaging to update
the cluster models. In this thesis though, we decided to use the former due to its simplicity.
Both of these options can be seen in Algorithm 3 below.
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Algorithm 3: IFCA

1
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4 Experiments
Here we present the experiments conducted with the intention to answer the research
goals stated in Introduction. Our experiments will be about simulating a real life federated
learning setting in one machine, so the computational resources we used are limited. The
choices made regarding the dataset preparation and hyperparameters specific to federated
learning is a consequence of this. In all our experiments, the evaluation metric we used
was the mean of mean squared error over all client test sets. If we set ŷ as the predicted
energy consumption value, y as the real value and n as the number of data points in
clients’ test set, we can define the MSE for one client as:

1

n

n∑
i=1

(yi − ŷi)
2 (12)

If we have the MSE values of k clients, taking the mean of all these client MSEs will
give us our final evaluation metric:

1

k

k∑
i=1

(MSEi) (13)

Again, we stress that these loss calculations are made by using the client test sets
only.

4.1 Dataset Preparation
For our experiments we used the dataset published by UK Power Networks [32]. This
dataset contains the energy consumption values of 5567 households located in Lon-
don from November 2012 to February 2014, in the form of half-hourly measurements
recorded in kilowatts. It also has another feature representing the pricing type used,
which is either a standard flat-rate electricity billing tariff or a dynamic tariff based on
time.

Since we are simulating the FL setup in one machine, we decided to select the
energy data from January 1, 2013 to July 3, 2013. The resulting dataset is filtered
further by randomly selecting 50 households among all the available ones, whose energy
consumption values are recorded with standard pricing. We then resampled the dataset
so that it represented the consumption values in one hour, instead of half an hour. The
last operation we conducted was to scale the consumption values with MinMaxScaler, so
that the values will be limited between 0 and 1.

The size of the training set was selected as 0.7 times the size of the whole dataset.
The respective sizes of validation set and test set was 0.2 and 0.1 times the size of the
dataset.
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We selected a time window of 12, ie the values of past 12 hours were fed to the model
so that it can forecast the 13th hour.

4.2 Model Architecture
For getting the predictions, we used a similar model architecture to the scalable LSTM
model put forward by [33]. Our model has two hidden layers followed by a dense layer.
The first hidden layer had 32 LSTM cells and the second one had 16. Both layers had a
dropout rate of 0.1 and used hyperbolic tangent as activation function. The dense layer,
or the output layer, had only one neuron whose task is to return the 13th hour’s forecast.
The input layer took observations consisted of past 12 hours, ie the timestep dimension
was equal to 12 and feature dimension was equal to 1.

In addition to the info above, the selected batch size was 512 and the learning rate for
gradient descent updates was 0.002, while the loss function used for training is mean
squared error. Number of training epochs was varied, and will be mentioned separately.

4.3 Centralized Forecasting Experiments
Being the first baseline, the setting for this experiment was rather simple. The consump-
tion values from the randomly selected 50 households was concatenated and multi-output
predictions was made with the LSTM model defined in 4.2. The only peculiarity of this
setting was the number of training epochs, which was set to 200, and the number of early
stopping rounds was 20.

The obtained MSE value with centralized forecasting was 0.1169.

4.4 Distributed Forecasting Experiments
This setting is similar to the federated learning experiments, with the only difference
being the fact that the clients’ model weights not being averaged. As a result, the LSTM
models are trained for only one round inside the clients and neither data nor the model
weights are transferred between the clients and the server.

For this setting, the number of local training epochs was set to 200 and the number of
early stopping rounds was 20, as in centralized forecasting setting. The obtained mean
MSE value over all clients was 0.1874.

4.5 Experiments with FedAVG
As it was stated in introduction, FedAvg is the algorithm that we will try to beat in our
experiments. Besides functioning as a reference algorithm, we ran experiments with
FedAvg in order to see how the number of local epochs and number of federated learning
rounds will affect the overall performance. This is done with two intentions; one is
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to observe the behaviour of FedAvg regarding its convergance, the other is to see if it
would make sense to reduce the number of rounds needed for the more computationally
demanding clustering algorithms later. To that end, we decided to train for 25 and 50
rounds; and in each setting we set the number of local training epochs to 5 and 10. While
selecting the epochs; we aimed to not select too high a number as doing that may be
unrealistic in a real life FL scenario, in case such a scenario is conducted by clients with
small computational power like sensors. On the other hand, using a too small number for
epochs would be unrealistic either; since time-series data are essentially quite complex
and a learning model needs some time to learn the temporal dependencies, otherwise
underfitting is likely to occur.

Below you can see the plots showing the overall MSE on the y-axis versus the number
of FL rounds on the x-axis. On the left we will plot the trainings conducted with 5 epochs,
and on the right we will show the trainings done with 10 epochs. We will begin by
showing the results of 25 rounds on Figure 5, and the results of 50 rounds of training
will be shown on Figure 6.
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Figure 5. MSE with 25 rounds of FedAvg.

Figure 6. MSE with 50 rounds of FedAvg.

The final results are shown in Table 1 below.
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25 Rounds 50 Rounds
5 Epochs 0.1347 0.1328
10 Epochs 0.1349 0.1344

Table 1. Final MSE values for FedAVG

The results get better as the number of training rounds are increased, though this
improvement is much more felt in training setting conducted with 5 epochs. This
being said, the difference doubling the amount of training rounds don’t bring too much
improvement to the forecasting accuracy; with the difference being 0.0019 points(or 1.4
percent improvement) between 50 rounds of training with 5 epochs and 25 rounds of
training with 5 epochs. Due to this, we decided to keep the total number of rounds equal
to 25 from now on, in order to better make use of the available computational resources.
In addition to fixing the rounds to 25, the epochs will also be fixed to 5 since using 10
local epochs seems to overfit the datasets.

One interesting observation is that the shape of the MSE curves, which is not at all
surprising. Right after the first round, the MSE values jump and then start to decrease
gradually. This MSE spike in the second round is due to averaging the models which are
trained on datasets that are dissimilar from each other.
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4.6 Experiments with FL+HC
For our second experiment setting, we used the initial 6 rounds for warmup rounds for
the FL+HC algorithm, while the remaining 19 rounds were clustered federated learning
rounds. We fixed the epochs to 5 and set the number of clusters to 2,3 and 5.

The results can be seen below. As it can be seen from the graph, changing the cluster
count didn’t change the MSE values very much. 2 clusters yielded the best MSE, which
is 0.1352. 5 clusters returned a value of 0.1354 and 3 returned 0.1358.

Figure 7. MSE with 25 rounds of FL+HC.
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4.7 Experiments with IFCA
IFCA’s settings was the same as that of FL+HC’s; with epochs equal to 5, FL rounds set
to 25 and the number of available clusters to the clients was 2, 3 and 5. We expected this
algorithm to produce better results and converge quickly.

Plots of IFCA experiment with 2,3 and 5 clusters can be seen below. The results
given by 5 clusters was the best among all, obtaining an MSE value of 0.1320.

Figure 8. MSE with 25 rounds of IFCA.

Notice the sharp decrease in error for all three settings, in addition to the higher
forecasting accuracy returned by IFCA, which surpassed that of FedAVG in just 25
rounds in all training scenarios with cluster count set to 2,3 or 5. Even if the decrease
in MSE is not too much compared to the best MSE achieved by FedAvg, IFCA used
only 25 FL rounds to reach these metrics. In addition to that, the convergence was much
faster.

5 Further Research
As we have stated in 1.1, this thesis is not an exhaustive study of the performances
of existing CFL algorithms for energy demand forecasting. Even if the algorithms we
selected are quite popular, we have only applied 2 of them, which resulted in many other
CFL algorithms to be left out. One research direction can be to expand this work by
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benchmarking with multiple other CFL algorithms. Other types of popular FL methods
that can counter the statistical heterogeneity among the clients can be added to such
a benchmark to get a more holistic view on performances. Similarly, using different
datasets preferably from different geographical regions would be a significant addition
on top of this work.

Another research direction can be about measuring the defensive capabilities of the
server-client network in different settings. FL systems are assumed to be secure by
design, yet they are not absolutely secure systems. For example, the client datasets
can be somewhat recovered by reverse engineering the model weights. If the server is
attacked and those weights are recovered, an external threat can discover the client data
to some extent. To prevent such security shortages from happening, several encryption
techniques such as differential privacy or secure multi party computation are used in
combination with FL algorithms. These techniques bring their own tradeoff, the may
reduce the forecasting accuracy or may increase the computation cost in the clients. A
good way to understand all these tradeoffs and also to measure the defensive capabilities
they bring is to experiment with such techniques in different attack scenarios.

Last but not least, measuring the communication costs between the clients and the
server is also important. The experiments in this thesis were simulated on a single
machine, and as a result the communication costs between server and clients are not
measured and the effect of network failures on some clients are not observed. Limited
bandwith or low internet connectivity can be significant constraints on the FL network if
it is to be deployed in a real-life setting.

6 Conclusion
As more and more energy consumption data is produced by individual households, it
becomes important to model them effectively and securely. Federated deep learning
is one way to achieve both of these goals, since it is capable to scale better and return
more secure forecasts as compared to centralized deep learning. Yet as the number of
houses increase, the forecast quality may decrease due to the fact that data exchanges
from households to server is not allowed in FL, which uses a single model to discover
the patterns in every household simultaneously. This is called as statistical heterogeneity
problem in FL.

We tried to solve the aforementioned problem by applying several Clustered Federated
Learning algorithms to household energy data. Our experiments have shown that all
algorithms have performed worse yet comparable to centralized forecasts, and did not
improve the FedAVG baseline significantly. Even though such experimental results
are unexpected, this thesis showed that a more secure system can be designed with
federated learning if one is willing to sacrifice a little bit from the performance obtained
with centralized forecasts. It must also be noted that this work is not exhaustive and
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experiments with different datasets are needed to understand the performance of used
CFL algorithms. In addition, CFL algorithms differ among themselves, the ones not used
in this thesis could have returned better results.

In the near future we aim to expand this benchmark with new energy consumption
datasets and new CFL algorithms. For the long-term, we aim to add more FL algorithms
that can deal with statistical heterogeneity among the clients.
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