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Abstract

Network modeling is crucial for the design, management, and opti-
mization of modern telecommunications and data networks. Recent
advancements in Machine Learning (ML), specifically Graph Neural
Networks (GNNs), offer promising solutions but rely on parameter-
ized traffic representations, necessitating retraining for new traf-
fic patterns. This paper explores integrating the Discrete Wavelet
Transform (DWT) with GNNs to enhance network traffic model-
ing. By leveraging wavelets, which decompose signals into both
time and frequency components, we aim to encode traffic patterns
without assuming specific distributions, improving model adaptabil-
ity and accuracy. We modify the state-of-the-art RouteNet-Fermi
model to incorporate wavelet-based traffic encoding and evaluate
its performance across different synthetic and real traffic scenarios.
Our findings show that wavelet-based encoding handles unseen
traffic distributions with minimal impact on performance, unlike
traditional parameter-based approaches. This work represents a
step forward in bridging the gap between non-parametric traffic rep-
resentation and advanced network modeling, offering a promising
solution for dynamic and complex network environments.
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« Networks — Network performance modeling; - Comput-
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1 Introduction

Network modeling is a crucial aspect of modern telecommunica-
tions and data networks. It provides a framework for understand-
ing and predicting network behavior under various conditions,
enabling efficient design, management, and optimization of net-
work resources. Accurate network models are vital for ensuring
reliable and high-performance communication services, which are
increasingly essential in our interconnected world, and to address
challenges like congestion [31], latency [6], and fault tolerance [4].

Traditional network modeling approaches include packet-event
simulators [23, 30] and analytical models like Queuing Theory and
Network Calculus [2, 26]. On one hand, packet-event simulators are
known to be accurate yet computationally expensive. Despite recent
efforts to address this through parallelization and integration with
Machine Learning (ML) models [15, 33], these still require powerful
hardware when applied onto larger flows and networks. Analytical
models, although significantly faster, often lack accuracy when
simulating networks that do not adhere to their assumptions, such
as Poisson arrival times for Queueing Theory [12].

Recently, flow-level Machine Learning (ML) models, and more
specifically Deep Learning (DL), have emerged as promising solu-
tions that offer both speed and accuracy. In particular, Graph Neural
Network (GNN) models have been successful due to their ability to
generalize to unseen network topologies during training [13, 18].
However, these models typically rely on parameterized approaches
to represent network traffic, requiring the traffic to be adjusted
or approximated to fit a predefined distribution. This limitation
is significant because real-world network traffic is highly variable
and often does not conform to these standard distributions [24, 32].
Additionally, these models must be retrained whenever they en-
counter new traffic patterns, which can be time-consuming and
computationally expensive. This retraining requirement hinders
their ability to quickly adapt to changing network conditions and
limits their practical applicability in dynamic and unpredictable en-
vironments, as the model remains unreliable until it can be adjusted
(e.g. a spike in network traffic due to a node failure).

Representing arbitrary traffic patterns can be challenging due to
their complexity and variability. One common approach for analyz-
ing signals is the Fourier Transform, which decomposes signals into
their frequency components. However, the Fourier Transform does
not consider the time domain, meaning it cannot capture when
certain frequencies occur. This limitation makes it less suitable for
non-stationary signals, where frequency components can change
over time. Alternatively, wavelets have emerged as a powerful
method for signal analysis [17, 21, 28]. Unlike the Fourier Trans-
form, wavelets decompose signals into both time and frequency
components, allowing for a more comprehensive representation.
The wavelet transform enables multi-resolution analysis, capturing
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both high-frequency details and low-frequency trends in the sig-
nal. This ability to provide time-localized frequency information
makes wavelets particularly well-suited for analyzing dynamic and
non-stationary signals such as network traffic.

In this paper, we explore whether wavelets can be effectively
used to encode arbitrary input traffic for use in modern GNN mod-
els. Specifically, we modify one of the state-of-the-art flow-level
network models, RouteNet-Fermi [13], to encode flows using the
wavelet decomposition of the sequences of packets that form it.
This results in a robust and adaptive network model capable of
handling diverse traffic patterns without the need for extensive
retraining. We evaluate our approach by training both the original
and modified versions of RouteNet-Fermi with samples belonging
to two parametric traffic distributions and then testing it on samples
from a third non-parametric distribution. Our results show that: (i)
the wavelet-based RouteNet-Fermi is capable of achieving similar
performance to the parameter-based model, and, more importantly,
(ii) it can keep the same performance when presented with flows
whose traffic distribution is different from ones in the training set.

The paper is structured as follows: Section 2 introduces wavelets
and the Discrete Wavelet Transform (DWT). Section 3 then de-

scribes our proposal to expand RouteNet-Fermi with DWT-transformed

data. Finally, in Section 4 we study the impact of DWT’s most im-
portant hyperparameters over the model’s error, and we compare
our proposal against the original parameter-based approach.

2 Background: Wavelet Transform

The wavelet transform is a process that allows for decomposing
signals in both the frequency and temporal domains. This is done
through the use of wavelets, originally defined as "harmonic oscil-
lations" that can be shaped to accommodate different resolutions
[14, 16]. This contrasts with the Fourier transform, which describes
signals solely in the frequency domain. Furthermore, while other
forms of time-frequency decomposition exist, the wavelet trans-
form supports multi-level decomposition, allowing the examination
of the signal at different resolutions, unlike alternatives such as the
Short-Time Fourier Transform. The wavelet transform (WT) for
signal f is expressed through either of the following equations:

WTp(t,s) = \/%/f(x)‘lf(x%t)dx

1 1=t xXj — ti
WTe(t,s) = \/ﬁ Z f[xl]\y( i - z)
Sl =0

As it can be seen, the wavelet transform can be defined as the
convolution between the original signal and the wavelet function ¥.
As a convolution, the operation can be applied to continuous signals,
as in the first equation, or discrete sequences, as in the second; in
the case of the latter f is represented as an array of length | f]. Since
the wavelet function must follow a set of properties for the correct
application of the WT [11, 22], these functions are usually selected
from a set of well-known wavelet families [3, 10, 29].

The wavelet transform requires two inputs: the temporal trans-
lation to obtain the convolution value at time ¢, and the scaling
factor s, which applies a temporal dilation of the wavelet. Using
different values of s will affect how the wavelet interacts with the
signal’s components. For example, small values of s shorten the
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wavelet, which allows it to better capture the temporal resolution
around t and high-frequency components of the signal. By contrast,
large values of s widen the wavelet, which makes it better when
capturing the low-frequency components of the signal.

However, the issue with the continuous wavelet transform is
the amount of information returned by the process, which should
instead be consolidated. Hence, the discrete wavelet transform
(DWT) is a version of the WT that uses values of s and t based
on powers of two (dyadic) to balance accuracy across scales and
efficiency in the number of features [10, 22]:

If1-1
DWTy(a,b) = \/% Z f[xi]\lj(xib—a)
i=0

Under this equation, the ¢ and s are replaced by a = @92/ and b = 2/
respectively, where j indicates the level of the decomposition.

3 Methodology

Figure 1 shows a summary of the current and proposed methods
for flow encoding. The current approach encodes each flow as an
array of features. For example, for On/Off traffic, we specify the
duration of the "on" and "off" periods duration, or in Poisson traffic,
the A parameter (1). Then, we normalize these features with the
Z-score (2) and use a Multilayer Perceptron (MLP) (3) to generate
the flow state that will be used by RouteNet-Fermi.

In contrast, the proposed approach begins by extracting the
packet sequences from packet traces and calculating the Inter-
Packet Gap (IPG) and packet size for each packet in the flow (1),
which are then normalized using the Z-score (2). After this step,
we have a sequence of pairs (IPG, packet size) for each flow in the
network. The next step involves applying the DWT to the sequence
of IPGs and packet sizes at different decomposition levels to ex-
tract the desired coefficients (3). At this point, the process diverges
depending on whether we use a single level or multiple levels of
decomposition. If only one level is used, the resulting coefficients,
encoded as a sequence, are inputted into a Gated Recurrent Unit
(GRU) [8] to generate the encoding of a flow state (4). If multiple
levels of decomposition are used, each level, defined as a different-
sized sequence of coefficients, is processed by its own GRU (4). The
outputs from each GRU are then concatenated and summarized
using an MLP (5), which returns the encoding of the desired shape.
This encoding process is repeated for all flows in the network.

3.1 Efficient Multilevel DWT: Mallat
decomposition

To perform DWT at multiple decomposition levels efficiently, we
use the Mallat decomposition algorithm [22]. It uses the DWT as
a band-pass filter by adjusting the wavelet function and the level
of decomposition j used. The algorithm proceeds as follows: it
takes as input a signal f, represented an one-dimensional sequence,
and a maximum level of decomposition ! as an hyperparameter.
At the first level, the original signal is transformed using a high
pass and a low pass filter (implemented through DWT). The signal
resulting from the low pass filter at level j is referred to as the
approximation signal A;, and the signal resulting from the high
pass filter is referred to as the detail signal D;. During the process,
the number of elements in each signal is halved. Furthermore, each
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Figure 1: Current approach to encode traffic characteristics (top) versus proposed (bottom). Step (5) of the proposed wavelet-
assisted encoding is only applied when using the outputs of multiple decomposition levels.
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Figure 2: Visualization of Mallat decomposition algorithm

a

level j after the first uses the previous approximation signal A;_;
as input. The algorithm returns A;, representing an approximation
of the original signal f, and all the detail signals [D;...D;], each
representing the impact of the harmonic components identified at
each level. This process is visualized in Figure 2.

The computational cost of the decomposition is O(n), where n
is the sequence length, independent of the maximum level of de-
composition. This efficiency arises because, at each decomposition
level, the sequence length is halved, thereby halving the number
of operations. This is similar to the cost of obtaining the parame-
ters in parameter encoding if these are unknown and need to be
approximated from the packet traces. However, using the GRU for
summarizing the wavelet coefficients increases the inference cost
of the ML model, which will be explored later in the evaluation.

3.2 Wavelet Selection

As for the wavelets used in the DWT, while our methodology is
compatible with any appropriate wavelet, we consider wavelets
belonging to these three families:

(1) Daubechies (db) [10]: One of the first families of wavelets de-
veloped, and hence one of the most widely used. They are designed
to contain multiple vanishing moments, which allows capturing
more complex signal components. The naming scheme indicates
the number of these vanishing moments (e.g., the "db2" wavelet is
comprised of two vanishing moments).

(2) Coiflets (coif) [3, 10]: Also designed by Daubechies, these
wavelets are designed to have an increased quantity of vanishing
moments, making them suitable for tasks requiring higher accu-
racy in both time and frequency domains. The naming convention
indicates that the "coif N" wavelet contains 2N vanishing moments
(e.g., the "coif2" wavelet is comprised of four vanishing moments).

(3) Biorthogonal (bior) [29]: This family of wavelets is charac-
terized by using different wavelets for the decomposition and re-
composition of the original signal, as well as providing linear phase

characteristics, properties beneficial in signal processing tasks. The
naming convention indicates the number of vanishing moments in
both the decomposition and reconstruction wavelets. For example,
"bior1.3" indicates one vanishing moment in the decomposition
wavelet and three in the reconstruction wavelet.

3.3 Implementation

All the code was written using Python 3.10, and our version of
RouteNet-Fermi was implemented using TensorFlow 2.15 [1]. We
used the DWT implementation from PyWavelets 1.6 [19]. RouteNet-
Fermi’s original hyperparameters were kept. The DWT was per-
formed using the Haar wavelet (equivalent to "db1") and the "zero"
mode for padding, to then extract the approximation signal after 10
levels of decomposition, unless specified otherwise. All the follow-
ing experiments were conducted on a server with an AMD Ryzen
9 3950X 16-Core 32 Threads 3.5 GHz CPU and 64 GiB of RAM,
running Ubuntu 22.04 LTS. We published our modified RouteNet-
Fermi’s implementation in a public repository!.

4 Evaluation

In this work, we aim to answer the following questions relating to
the use of the DWT as a data preprocessing method:

(1) What is the impact of the wavelet chosen?

(2) What is the impact of the decomposition level, and does
combining different levels improve the model’s accuracy?

(3) How does using DWT compare to using RouteNet-Fermi’s
default flow encoding method? Specifically, does DWT im-
prove RouteNet-Fermi’s predictions when working with
unseen traffic distributions?

To address these questions, we implemented a modified ver-
sion of RouteNet-Fermi, starting from their public repository?. We
evaluated the effectiveness of the DWT and its chosen hyperpa-
rameters by measuring how well the enhanced model predicts the
average packet delay of flows within a network scenario. Each net-
work scenario consists of a network experiencing for 4 seconds
of unrecorded traffic (windup for the network buffers to stabilize)
followed by another 4 seconds of recorded traffic. The data was

Uhttps://github.com/BNN-UPC/Papers/wiki/Wavelet-Enhanced-Graph-Neural-
Networks
Zhttps://github.com/BNN-UPC/RouteNet-Fermi



Distribution Poisson On/Off MAWI Total
Training 3012 3070 3059 9141
Validation 604 629 594 1827
Test 418 407 393 1218
Total 4034 4106 4046 12186

Table 1: Number of samples per distribution and partition.

Wavelet MAPE (%) ‘ Wavelet MAPE (%) ‘ Wavelet M
Validation ~ Test ‘ Validation ~ Test Validation  Test

db1 13.737 13.881 db20 13.615 13.740 bior2.2 13.678 13.851

db2 13.689 13.816 coifl 13.658 13.810 bior2.6 13.634 13.758

db4 13.725 13.852 coif2 13.611 13.739 bior3.1 13.769 13.912

dbg 13.664 13.777 coif4 13.686 13.827 bior4.4 13.638 13.792
db12 13.685 13.828 biorl.1 13.737 13.881 bior5.5 13.620 13.745
db16 13.684 13.818 bior1.5 13.670 13.776 bior6.8 13.661 13.816

Table 2: Impact of wavelet selection over model error.

generated by running traffic traces into an 8-node network. We con-
sidered three types of scenarios according to the time distribution
that describes its packet traffic:

o Poisson Distribution: Equal-sized packets are generated
following a synthetic Poisson distribution.

e On/Off Distribution: Equal-sized packets are generated in
alternating periods of constant bit rate activity ("on" period)
and inactivity ("off" period).

o MAWI PCAPs: Traces are generated from the MAWI Work-
ing Group Traffic Archive [7].

The scenarios also vary in terms of the topology of the computer
network, the number of flows generated, and their routing. Further-
more, the data samples were split into training, validation, and test
partitions to avoid bias in the evaluation. The number of samples
generated is summarized in Table 1.

4.1 Impact of the chosen wavelet

We begin by examining how the type of wavelet affects the effec-
tiveness of the DWT when encoding traffic flows. Table 2 shows
the impact of different wavelets on the Mean Absolute Percentage
Error (MAPE) of RouteNet-Fermi when comparing the predicted
average packet delay per flow against the true measured value. The
table presents results for both the validation and test partitions. The
explored wavelets are examples from the wavelet families described
in subsection 3.2.

The results show that all the wavelets tested performed simi-
larly, with the test MAPE ranging between 13.739% and 13.912%.
Furthermore, the difference between the validation and test perfor-
mance of each wavelet is minimal, with differences of 0.1% to 0.2%
between the two, indicating good generalization to unseen samples.
While experimenting with different wavelets may be useful during
hyperparameter tuning to maximize the model’s accuracy, these
results suggest that, in general, any wavelet is appropriate.
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Signal Used Decomposition MAPE (%) Inference cost
levels Validation =~ Test  per sample (ms)
Single 4 13.669 13.842 1016
R 6 13710 13.865 267
PP o 8 13709 13.860 76
& 10 13.737 13.881 30
4 13.680 13.833 1011
Signal detail 6 13.646 13.792 267
signal 8 13.656 13.807 77
10 13.761 13.885 30
Multiple detail ' g nd10 13655 13.803 1025
signals
Multiple Detail signals
approximation  4,6,8and 10 = 50 43668 1033
and detail Approximation — —
signals signal: 10

Table 3: Impact of decomposition level and signal selection.

4.2 Impact of the level of decomposition

Next, Table 3 shows how using different signals at various decom-
position levels affects the results. We tested the use of signals at
different decomposition levels, as well as the use of multiple detail
signals combined since the properties of the DWT ensure these
are independent of each other. The results indicate that the level
of approximation barely affected the error of the model when pre-
dicting packet delay per flow, with all errors being around 13.8%
MAPE. The model with the highest amount of information available
achieved the lowest error, but only marginally, at 13.6% MAPE.

As explained in Section 3, the sequences generated by the DWT
are processed by a GRU model. The results suggest that the GRU is
as effective in summarizing these sequences as using a higher level
of decomposition. However, this results in a higher inference cost,
as the sequences generated by the DWT double per each decrease
in the level of decomposition. Given the negligible impact on the
model’s error, it is recommended to use the highest level of decom-
position available to minimize the sequence length and therefore
reduce the inference time. This approach balances computational
efficiency and model accuracy, making it practical for real-time
network traffic prediction scenarios.

4.3 Comparison against the current
parameter-based encoding

Finally, we evaluate how wavelet decomposition flow encoding
compares against the original, parameter-based method. In the
original parameter-encoding approach, the model has access to
the flow’s bandwidth, packet rate, distribution type (represented
through one-hot encoding), the A parameter in Poisson distribu-
tions, and the "on" period duration, "off" period duration, and "on"
period bit-rate in On/Off distributions. For the wavelet decomposi-
tion encoding, we evaluate both single- and multi-level approaches.
The single-level approach uses the "coif2" wavelet to extract the
approximation signal after 10 levels of decomposition, as discussed
in subsection 4.1. The multi-level approach uses the "db1" wavelet
with multiple levels of decomposition, as detailed in subsection 4.2.
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Figure 3: MAWI prediction error and inference cost of
Parameter-Based encoding (RouteNet-Fermi) versus Wavelet
Decomposition. In "trained without MAWI" models are
trained only with Poisson and On/Off samples, while in
"trained with MAWTI" with all three distributions.

Figure 3 illustrates the MAPE of all three approaches when pre-
dicting the average packet delay per flow in the MAWI PCAPs
samples. In the "trained with MAWTI" values, the dataset used to
train RouteNet-Fermi includes MAWI samples (which are indepen-
dent of the samples used for evaluation). In the "trained without
MAWTI" values, the dataset used to train RouteNet-Fermi includes
only samples from the Poisson and On/Off distributions. The figure
also shows the average per-sample inference cost for each approach.

As shown, when the model using parameter-based encoding
attempts to predict the MAWI PCAPs dataset, its error increases
from 19.17% to 38.4%, an 100% increase. Conversely, both wavelet
approaches prove more resilient, with the error increasing from
18.8% to 21.0%-21.9%, roughly a 10% increase. These results also
show that when the MAWI samples are not seen during training,
the wavelet encoding decreases the prediction error by 45%. Overall,
the parameter-based encoding fails to describe unseen distributions,
resulting in a significant increase in MAPE, whereas the wavelet
encoding method still effectively describes unseen distributions
with minimal impact on prediction error.

Furthermore, while both wavelet approaches performed simi-
larly, the multiple-level approach has an average inference cost per
sample of over one second, the single-level’s cost is comparable to
parameter-based encoding, taking 30 ms and 14 ms respectively.
This reinforces the conclusions obtained back in subsection 4.1,
where the single-level approach obtains the best balance in infer-
ence cost and model performance. We also note that, thanks to the
efficient O(n) cost of performing the wavelet decomposition, the
training cost remains similar as with the parameter-based encoding,
in range of one to two hours.

5 Related work

After wavelets and the wavelet transform were introduced, they
have been prevalent in a variety of fields, such as chemistry [17],
image compression [25] and vehicular traffic prediction [9]. Within
computer networking, the wavelet transform has been more preva-
lent in traffic prediction models [21, 27, 28, 34], while its use in
network modeling is more limited. In [20] the authors use DWT
and Markov wavelet models for Fractional Gaussian Noise traffic,
although they can also be adapted to non-Gaussian traffic. Later,

in [5], a Wavelet-based Rosenblatt synthetic traffic model was de-
signed for non-Gaussian traffic present within Networks-on-Chips.

In comparison, state-of-the-art network models are often based
on ML models, Discrete Event Simulation (DES), or a mixture of
both. DES-based and DES+ML solutions, such as DONS [15], OM-
NeT++ [23], NS3 [30] and DQN [33], take as input the raw packet
traces, as they simulate how each packet traverses the network.
Alternatively, ML models like RouteNet-Fermi [13] use aggregated
characteristics such as per-flow average bandwidth, packet rate,
and the parameters of the distributions supported by it.

On one hand, current network models that process data using
wavelet models can be applied to traffic with unknown or non-
parametric distributions, unlike network models like RouteNet-
Fermi. Also, unlike DES-based solutions, these wavelet models re-
main computationally inexpensive (e.g. in [20], the cost of building
the model is linear to the length of the training sequence). However,
the biggest limitation of current wavelet models is that they can
only model individual flows, while the state-of-the-art alternatives
can work with entire network scenarios. This limits their accuracy,
as they cannot take into account the impact of the network or
other traffic flows, and require performing inference separately for
each flow. Ultimately, in this work, we explore how to bridge the
differences between both approaches by strengthening one of the
non-wavelet solutions using the DWT in its preprocessing.

6 Conclusion

In conclusion, in this paper, we showed how flow-level network
models, specifically RouteNet-Fermi, can use the DWT to encode
and work with non-parametric network traffic. We also demon-
strated how the different hyperparameters of the DWT algorithm
may affect the model’s accuracy and cost. The combined approach
suggests that exploiting GNN’s ability to generalize to unseen net-
work topologies with wavelet signal decomposition allows the
generation of network models that reduce the burden of needing
to retrain the model to adapt to new scenarios.

While our proposed methodology demonstrates a promising
approach, there are several avenues for future research and im-
provement. For instance, instead of using the DWT, the Stationary
Wavelet Transform could be explored, as it has shown advantages in
traffic prediction [28]. Furthermore, integrating wavelet transforma-
tions directly into the ML architecture offers exciting possibilities,
such as Wavelet Networks [35] and the Graph Wavelet Gated Re-
current Network [9], as these advancements enhance the model’s
performance and adaptability.
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