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Abstract—Graph neural networks (GNN) have recently been
proposed as a technique for accurate and cost-efficient network
modeling. As an example, the GNN-based model RouteNet has
shown potential for network performance evaluation, being the
first-of-its-kind Machine-Learning-based model with generalization capabilities to other networks and configurations unseen
during training.
In this paper we assess the generalization limits of RouteNet,
by analyzing how different network parameters affect the accuracy of this model. To this end, we systematically evaluate the
accuracy of RouteNet under modifications of properties of the
network and the traffic, such as the topology size, link capacities,
the packet size distribution, and the network congestion level. We
determine that, while this GNN model is robust to changes in the
structure of its input graph, the quality of the estimates degrades
considerably, when the distributions of the predicted values of
the evaluation data differ from the training (e.g., end-to-end
delays). As a result, we argue that to achieve practical GNNbased solutions for network modeling, new methods are needed
that can, for example, cope with traffic loads and network sizes
that are significantly different than those seen during training.

I. I NTRODUCTION
Nowadays, more and more applications are emerging with
strict Quality-of-Service (QoS) requirements, such as bounded
latency, jitter, or high reliability. In this context, predicting key
performance indicators at a fine-grained granularity enables to
satisfy many relevant QoS-aware networking use cases. For
example, what-if analysis and automatic network optimization
can be achieved by predicting the performance of alternative
configurations (e.g., new routing schemes) without actually
applying them in the real network infrastructure, thus avoiding
possible misconfigurations that may break the correct operation of the network [1]. To this end, it is essential to have accurate network models that can predict performance (e.g., delay,
jitter, loss) for a network scenario and configuration (Fig. 1).
To predict the performance in networks, network engineers
and researchers can rely on packet-level network simulators,
for example, OMNeT++1 [2] and NS-32 [3]. However, simulations are typically time-consuming because each packet
in the network is simulated; and do not scale to large realworld scenarios. This is especially important in use cases
1 https://omnetpp.org
2 https://www.nsnam.org
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Fig. 1: Black-box representation of RouteNet [1].

where: (1) the simulator is used for online optimization (e.g.
to dynamically change routes in Software-Defined Networks),
or (2) many simulations are needed to explore a wide range of
configurations. Alternatively, analytical models such as queuing theory [4] or network calculus [5] offer more lightweight
and scalable executions. However, these models do not perform well when predicting fine-grained performance metrics in
real-world scenarios with complex configurations and realistic
traffic patterns [6].
In this context, during the last few years the networking
community is experimenting with Machine Learning (ML)
techniques as effective tools for achieving accurate network
models with limited execution cost. This new generation of
ML-based network models is often referred to as Digital
Twin Networks [7]. In this paper, we take as a reference an
improved variant of RouteNet [1], a model based on Graph
Neural Networks that represents the state-of-the-art in MLbased network modeling. Particularly, we focus on finding the
generalization limits of this model for network performance
evaluation. To this end, we perform an extensive evaluation of
the model under diverse network scenarios, including different
topologies, traffic intensities, and queue scheduling configurations. This allowed us to describe how the model generalizes
to these different parameters of the network.
The remainder of this paper is as follows. In Section II we
provide background information on the neural networks we use
(Graph Neural Networks and, more specifically, RouteNet).
Section III presents an overview of existing ML-based solutions for network modeling. In Section IV we evaluate the
current limits of RouteNet for the prediction of communication
network performance. We present the main findings of our
evaluation in Section V and provide an outlook in Section VI.

II. BACKGROUND
This section provides some background information on
Graph Neural Networks (GNN) and RouteNet [1] necessary
to understand our evaluation. Readers familiar with the topics
can skip this section.
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A. Graph Neural Networks
GNNs are machine learning models, which are made to
process data in the form of graphs appropriately. Here, a graph
is a mathematical object, consisting of nodes and (directed or
undirected) edges between them. The problem of determining
quantities yv ∈ R which are assigned to individual nodes v
often arises. For this paper only this case is relevant. The task
of a generic GNN can then be subdivided into two subtasks:
First, a hidden state vector hv needs to be computed for each
node v. This vector hv lies in some chosen state space Rm
of dimension m and consists of information on the state of
v at some level of granularity. It is computed by a message
passing scheme: After an initialization of hv with node-level
features related to v, each node sends its state to all of its
neighbors. Hence, each node v receives a certain number of
states hv1 , . . . , hvk , where k is the number of neighbors of
v. These states, together with the state hv of v itself, are
converted into an aggregated message mv :
mv =

k
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M (hv , hvi )

(1)
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Input: L, P, xp , xl
Output: ŷp
// Initialize states of paths and
links
foreach p ∈ P do h0p ← [xp , 0 . . . , 0];
foreach l ∈ L do h0l ← [xl , 0 . . . , 0];
// Message-passing phase
for t = 0 to T − 1 do
// links to paths
foreach p ∈ P do
foreach l ∈ p do
htp ← RNN(htp , htl )
t
m̃t+1
p,l ← hp
end
ht+1
← htp
p
end
// paths to links
foreach l ∈ LPdo
mt+1
← k:p∈l m̃t+1
l
k,l
t+1
hl ← U htl , mt+1
l
end
end
// Readout phase
ŷp ← Rp (hTp −1 )

Algorithm 1: General internal architecture of the original
RouteNet [1], as well as the model variant in [10].

i=1

by a message function M : Rm × Rm → Rn . The dimension
n of the codomain of M is again a chosen value. Using this
aggregated message, an update function U : Rm × Rn → Rm
computes a new hidden state U (hv , mv ) for each node v. This
message passing is repeated T times until the states of all
nodes have (approximately) reached stationary values. Then,
secondly, a readout function R : Rm → R computes yv for
each node v by applying R to hv .
A generic GNN thus essentially consists of three functions:
M , U and R. The mapping rules of these functions are given
by the application of certain independent neural networks (like
feed forward or recurrent neural networks). This justifies the
name GNN and allows the execution of a training process:
The internal parameters of the neural networks are updated via
supervised learning in order to compute the target quantities yv
accurately. To achieve this, instances of graphs together with
the target quantities yv for all nodes have to be provided. Note
that the way in which such a generic GNN is modeled enables
an application to graphs of different sizes and structures (both
during training and predicting).
Further details on this generic GNN architecture can be
found in literature [8], [9] and in the references provided
there. RouteNet deviates from the architecture of standard
GNN models. Particularly, it considers heterogeneous graphs
as input (i.e. with various types of nodes), and builds a double
message-passing phase to exchange the information between
the different element types.
In the next subsection we recall this architecture.

B. RouteNet
RouteNet [1] is a GNN-based architecture specifically designed for network performance evaluation. Particularly, this
model is intended to predict path-level performance metrics
given as input a network state snapshot, defined by: (1) a
network topology, (2) a routing configuration, and (3) an endto-end traffic matrix (Fig. 1). To this end, RouteNet considers
a heterogeneous graph as input, where nodes can be paths
or links. This enables to describe the input network state
information – i.e., topology, routing, traffic matrix – in a graphstructured manner, which can then be efficiently processed and
exploited by the internal GNN architecture of this model.
More in detail, Algorithm 1 shows the internal architecture
of RouteNet. In this model, each link of the input network
topology (l ∈ L) and each path resulting from the input routing
configuration (p ∈ P) is represented by a hidden state (that is,
hl or hp ), which is a vector that encodes information about
the corresponding element. The input topology and routing
configurations are explicitly described as relationships between
the links (L) and paths (P) in the input graph of the model.
Thus, each source-destination path p ∈ P is related with the
sequence of links that form that path (i.e., p = [l1 , l2 , ..., lk ]).
At the beginning of the execution, the hidden states of links
and paths are initialized with some features xl , xp (lines 12 in Algorithm 1). Then, the model executes a messagepassing phase (lines 3-15), where first the state of links are
combined with the state of their related paths (lines 4-10),

and then the states of paths are shared with their related
links (lines 11-14). After T message-passing iterations, the
model takes the final path hidden states (hTp −1 ) – which are
expected to encode relevant information of their corresponding
elements – and executes a readout function (Rp ) that produces
the final path-level outputs (ŷp ). This architecture combines
internally a series of neural networks (RNN, U , Rp ) that
are dynamically assembled according to the elements and
connections of the input graph – that is, the set of links,
paths, and their relationships. Particularly, the neural networks
RNN and U act as universal approximators that learn how to
combine and update the hidden states of paths (hp ) and links
(hl ) during the message-passing phase, and finally the neural
network Rp learns how to translate the hidden states of paths
to the final outputs of the model (e.g., path-level mean delays).
A more detailed description is in [1].
The authors of [1] showed that RouteNet is able to learn
the relationships between the state of the different network
elements involved (paths and links) and how they affect the
final path-level performance predictions of the model (for example, delay, jitter, loss). More importantly, they show that this
GNN model is able to accurately generalize to samples from
other networks, in contrast to previous ML-based techniques
with limited generalization power (e.g., feed-forward neural
networks, autoencoders). In this paper, we focus on evaluating
in more detail to what extent this GNN model is able to
generalize to different input parameters, by making extensive
evaluations varying different key network-related features.
However, note that the evaluation in this paper is not based
on the original RouteNet [1], but on an improved variant that
is also able to handle various queue scheduling policies and
was developed for the Graph Neural Networking challenge
2020 [11], [12]. The corresponding paper [10] provides details
on the architecture and training process. The main modifications can be summarized as follows: Change of loss function
to mean absolute percentage error from mean squared error,
adding more inputs to the initial state (for example, bandwidth
and scheduling policy for links as well as average data rate and
packet sizes for paths), increase path and link state size as well
as the number of neurons per layer in the readout function to
128, and upgrade the internal Gated Recurrent Units (GRUs)
of the model to stacked GRUs.
III. R ELATED W ORK
The paper [1] provides an evaluation of the performance
of RouteNet in communication networks that were not used
during training and hints to the limits of this approach, but
does not provide a comprehensive evaluation on the generalization capabilities. In particular, it does not investigate the
performance when the distribution of the validation data differs
from the distribution of the training data. Happ et al. [10]
extend RouteNet to deal with heterogeneous queue scheduling
policies, but do not examine other generalizations. The same
holds for the approach of Ferriol et al. [13]: They provide
a GNN architecture with states for links, paths and queues.
An extension of RouteNet to support different features on

forwarding devices was evaluated by Badia et al. [14]. The
goal of the Graph Neural Networking Challenge 2021 [15] was
to improve the generalization capability of RouteNet to larger
communication networks. Our work underscores the need for
further work on this problem.
For a general overview on the application of machine
learning to communication technologies and network measurements, we refer to the survey of Boutaba et al. [16].
The mentioned approaches in particular differ in whether the
data used for learning comes from network simulators (e.g.
from OMNeT++) or from measurements. In addition, they
can be divided into supervised, unsupervised and reinforcement learning. Mestres et al. [17] investigate modeling and
prediction of delays in communication networks with feedforward neural networks. They predict the latency based on the
traffic configuration. In contrast to the RouteNet architecture,
this neural network model has to be trained for each specific
communication network.
IV. E VALUATION
To assess the flexibility and limitations of our GNN implementation, we made changes to traffic and network topology
settings. For these two categories we performed simulations
(called scenarios from here on), each one with a specific
change of a single setting. Each scenario consists of 5000 data
sets, that is, it represents the results of 5000 simulations.
Each sample consists of per-path delay values for each
source-destination pair in the network. For example, in the
REDIRIS topology (19 nodes), there are 342 path delay values
(corresponding to the 19 × 18 possible source-destination
pairs). We evaluate all our results based on the Mean Absolute
Percentage Error (MAPE):
1 X |yp − ŷp |
,
(2)
MAPE =
|P|
yp
p∈P

where yp is the delay of path p from the simulation (the true
value), ŷp is the value predicted by the GNN model, and the
sum is over the set of all paths P.
As delay values and predicted delay values are not independent within one network scenario, we average over all
values within one network sample. Note that each network
consists of the same amount of delays, therefore weighted
and unweighted means are identical. We performed a sample
size calculation assuming an approximate normal distribution
for the per-network weighted means to detect an effect of
1.5%±∆ for ∆ = 0.125% with a power of 95% at a two-sided
nominal level of α = 5% (for the MAPE). The required sample
size is 4694. As the simulated data sets typically contain a few
simulation timeouts, we ran 5000 simulations to make sure that
the scenarios we analyze are based on at least 4700 simulations
after the removal of timeouts.
Because it is generally difficult to explain why a neural
network produces a certain result, we do not try to explain individual results, but only report the accuracy of the prediction.
We will, however, describe general characteristics, which provide at least some ideas under which conditions the predictions

of the neural network are good. To gain deeper understanding
why an individual prediction is good or bad a possible starting
point is explainable artificial intelligence [18]–[20].
A. Underlying Simulations
For the experiments made in this paper, we generated
datasets with the OMNeT++ packet-level simulator [2]. In
each simulation we generate an input scenario, defined by a
combination of: (1) a network topology, (2) a configuration
description, and (3) a source-destination traffic matrix. To
generate the traffic matrices, we use the following formula:
T (source, destination) = U(0.1, 1) · TI

(3)

Where U[0.1, 1] is a continuous uniform distribution in
the range [0.1, 1], and TI represents a tunable parameter of
the traffic intensity in the simulation (maximum per-path bits
per time units). In each source-destination path, packet interarrival times (i.e., the sending interval) are modeled with an
exponential distribution, where the mean is computed from
the traffic volumes defined in the traffic matrix T . Also, if not
otherwise indicated, the packet size follows a scaled Bernoulli
distribution, where 50% of the packets have 300 bit and the
other 50% contain 1700 bit. The configuration description
includes a source-destination routing scheme and the queue
scheduling configuration per device interface. For the routing
configuration, we generate small variants of the shortest path,
while for the queue scheduling configuration we consider that
all interfaces have three queues with a size of 32 packets,
and can implement the following scheduling policies: Strict
Priority, Weighted Fair Queuing, or Deficit Round Robin. We
made simulations in different topologies with variable link
capacities and traffic intensities. More details about the specific
samples generated for each specific experiment can be found
in the corresponding section.

in the baseline data is also 1000 bit (expected value of the
Bernoulli distribution described above). However, the result
of 18.41% is worse than the first case with the uniform
distribution. We also tried different deterministic packet sizes,
for 1700 bit a mean absolute percentage error of 42.92% is
obtained and for 300 bit the error is 6812.96%.
TABLE I: Results for changes of the packet size distribution
Packet size distribution

MAPE [%]

Bernoulli (300 bit and 1700 bit)
Uniform (300 bit to 1700 bit)
Deterministic (1000 bit)
Deterministic (300 bit)
Deterministic (1700 bit)

1.50
9.55
18.41
6812.96
42.92

Another option for varying the traffic is the distribution of
packet inter-arrival times (Table II). The training and baseline
data is generated by a modified exponential distribution where
the right tail is limited to 10 times the mean to avoid arbitrarily
large values. We then considered a deterministic setting (with
the same mean inter-arrival time) which resulted in a MAPE
of 20.24%.
TABLE II: Result for changes of the packet inter-arrival times
Inter-packet time distribution

MAPE [%]
1.50
20.24

Exponential
Deterministic

We also tested different variations of traffic intensity. A
higher intensity leads to more congestion in the network and
thus higher delay values. The GNN model performs better in
cases of lower traffic intensity (Table III, see also Section IV-A
for a definition of traffic intensity in this context).
TABLE III: Results for changes of the traffic intensity

B. Traffic Settings
There are several ways in the OMNeT++-based simulator
to change the simulated traffic. The first change we considered
was the size distribution for packets (Table I). Note that the
first line in all following result tables with a MAPE value of
1.50% shows the configuration settings and the performance
of our GNN solution on the original test data sets that we used
for developing the model. The original training and test data
(just like the baseline data) were created using a Bernoulli
distribution that assigns with equal probability either a packet
size of 300 bit or of 1700 bit. Note that the configuration
settings used to generate the training, test and baseline data
were chosen to a generate a somewhat realistic dataset for
the development of RouteNet, however those settings were
not directly derived from real-world traffic captures. We then
considered a uniform distribution that randomly assigns a
packet size within the interval [300, 1700]. In particular, packet
sizes occur that do not exist in the training data or evaluation
data. The MAPE in that case is 9.55%.
We also considered deterministic packets sizes, that is, all
packet sizes are equal to 1000 bit. The average packet size

Traffic intensity
200
400
800
200

-

2000
4000
2000
1000

MAPE [%]
1.50
11.24
1.79
0.6

Finally, in all simulations we use 3 Types of Service (ToS)
for prioritizing traffic. Each port of a network device also
has 3 queues, one for each of the 3 ToS classes. A flow
is randomly assigned a ToS with equal probability. In the
following, these probabilities are changed (Table IV). The
results for the MAPE are between 1% and 2%, which is close
to the baseline value of 1.5%. This indicates that the GNN
model is robust against changes of the ToS distribution. Note
that we did not consider the case of increasing the number
of ToS classes as we cannot incorporate such a change in the
GNN model without retraining.
C. Network Setup
In this section, the network topology and network device
properties are varied. The simulator and our GNN model

TABLE IV: Results for changes of the ToS distribution
ToS 0 [%]

ToS 1 [%]

ToS 2 [%]

MAPE [%]

33.33
15
20
45

33.33
40
30
30

33.33
45
50
25

1.50
1.16
1.03
1.78

Weight profile
Baseline
Variant 1
Variant 2
Variant 3

support three different scheduling policies: Strict Priority (SP),
Weighted Fair Queuing (WFQ) and Deficit Round Robin
(DRR). For the policies WFQ and DRR, 5 different weight
profiles are used and randomly assigned to the outgoing ports
of network nodes. The weight profiles used in the original
training and test data are shown in Table V.
TABLE V: Baseline weight profiles
Queue 1

WFQ
Queue 2

Queue 3

90
33.33
60
50
75

5
33.33
30
40
25

5
33.33
10
10
5

Queue 1

Queue 3

80
33.33
60
70
65

10
33.33
30
20
25

10
33.33
10
10
10

85
35
70
40
80

WFQ
Queue 2

Queue 3

7.5
35
25
40
15

7.5
30
5
20
5

Queue 1
70
35
70
85
55

DRR
Queue 2

Queue 3

15
35
25
10
25

15
30
5
5
20

TABLE VII: Variant 2 weight profiles
Queue 1
95
40
50
55
80

WFQ
Queue 2

Queue 3

2.5
35
35
35
13

2.5
25
15
10
7

Queue 1
88
40
50
55
80

DRR
Queue 2

Queue 3

6
35
35
35
12

6
25
15
1
8

TABLE VIII: Variant 3 weight profiles
Queue 1
87
40
65
55
70

WFQ
Queue 2
7
30
25
40
20

Queue 3
6
30
10
5
10

Queue 1
85
37
65
75
60

DRR
Queue 2
8
35
30
15
25

Queue 3
7
28
5
10
15

In a first step, we investigated the impact of these weights
on the GNN’s performance by changing the weights to slightly
different values as shown in Tables VI to VIII. The results in
Table IX suggest that the model has some robustness regarding
the modification of scheduling policy weights.
In a next step we increased the link capacities of every link
in the network by a factor of 2, 5 or 10, respectively. To ensure

MAPE [%]
1.50
3.45
3.76
2.97

a comparable degree of link utilization, the respective traffic
intensities have also been multiplied by the same factor. The
MAPE increases with higher link capacities (Table X).
TABLE X: Results for changes of the link capacities and
accordingly scaled traffic intensities
Traffic factor

DRR
Queue 2

TABLE VI: Variant 1 weight profiles
Queue 1

TABLE IX: Results for changes of the scheduling policy
weight profiles

1
2
5
10

MAPE [%]
1.50
35.34
181.60
744.07

Finally, we measured the performance of the model on
different network topologies from the Internet Topology Zoo3
(BASNET and Bell Canada) and two artificially-generated
networks (Testnet 20 and Testnet 60). Particularly, the latter
topologies were generated according to the Power-Law OutDegree algorithm [21].
BASNET with only 6 nodes represents a smaller network
than the baseline REDIRIS network with 19 nodes, while Bell
Canada with 48 nodes represents a larger network. Testnet 20
is a scale-free network with 20 nodes, about the same size as
our baseline network; Testnet 60 is a scale-free network with
60 nodes. Note that the routing of flows through a network was
always based on shortest path routing. If there were multiple
shortest path in a network, one of them was randomly selected
for each simulation run. Also note that despite varying the
network sizes, the link capacities in the networks were not
adapted.
While our GNN-based solution demonstrated the ability to
perform well in unseen network topologies [10], it has difficulties scaling to larger networks (Bell Canada) and networks
of different characteristics (Testnet 20 and 60).
TABLE XI: Results for other network topologies
Topology
REDIRIS
BASNET
Bell Canada
Testnet 20
Testnet 60

MAPE [%]
1.50
0.48
79.57
71.13
146.84

V. R ESULTS AND D ISCUSSION
As seen in the previous section, the GNN model performs
worse in certain scenarios. One possible explanation is that the
3 http://www.topology-zoo.org
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Fig. 2: Empirical probability density functions of all delay values of the training data differs from other scenarios. The
distribution of delay values of the training data and of the scenario Traffic intensity 800 − 2000 are similar (p∗ = 0.01). In
the scenario Packet size deterministic (300) the delay values tend to be smaller than in the training data (p∗ = 0.35). In the
scenario Topology Testnet 20 the delay values tend to be larger than in the training data (p∗ = 0.42).

distribution of delay values for which the model was trained
and the distribution that appears in some scenarios are too
different (see Fig. 2). To investigate this hypothesis, there are
multiple metrics that provide a measure of dissimilarity of two
univariate distributions, e.g. the Kullback-Leibler divergence
or the Wasserstein metric. However, for this analysis we
decided to use the non-parametric, unweighted relative effect,
which is identical to the area under the receiver operating
characteristics curve (AUC). One reason for that decision is
that metrics do not give us any information in ”what way”
the distributions differ. Our hypothesis is that the model has
difficulties handling delay values larger than those seen in the
training data. Hence, it would be useful to have a criterion
that takes this into account. Another reason is that the relative

effect can be efficiently calculated even for large data sets as
it is the case for the new test data.
Let us denote the distributions of the delay values for the
training set by F0 and for an alternative scenario by F1 . Then
the relative effect is defined as
Z
p=

1
F0 dF1 = P (X0 < X1 ) + P (X0 = X1 ),
2

(4)

where X0 ∼ F0 and X1 ∼ F1 are the corresponding random
variables. The receiver operating characteristics curve is the
function given by the graph (1 − F0 (c), 1 − F1 (c)) where c
can be thought of as the cut-off value for the comparison of
the distributions, and the area under the receiver operating

TABLE XII: Similarity of distributions of analyzed scenarios
versus training data
p∗

MAPE [%]

Baseline
Packet size uniform (300 to 1700)
Packet size deterministic (1000)
Packet size deterministic (300)
Packet size deterministic (1700)
Packet timing Deterministic
Traffic intensity 400-4000
Traffic intensity 800-2000
Traffic intensity 200-1000
ToS 15% - 40% - 45%
ToS 20% - 30% - 50%
ToS 45% - 30% - 25%
Scheduling weights variant 1
Scheduling weights variant 2
Scheduling weights variant 3
Traffic factor 2
Traffic factor 5
Traffic factor 10
Topology BASNET
Topology Bell Canada
Topology Testnet 20
Topology Testnet 60

0.03
0.06
0.07
0.35
0.10
0.06
0.14
0.01
0.13
0.03
0.03
0.03
0.03
0.03
0.03
0.23
0.39
0.42
0.17
0.39
0.42
0.48

1.50
9.55
18.41
6812.96
42.92
20.24
11.24
1.79
0.6
1.16
1.03
1.78
3.45
3.76
2.97
35.34
181.60
744.07
0.48
79.57
71.13
146.84
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Fig. 3: The scatter plot of p∗ and MAPE illustrates the
correlation of 0.86. Note that the two outliers with MAPEs
of 6812.96% and 744.07%, respectively, are not contained in
this plot.

the distribution of delay values between training data and new
test data.
VI. C ONCLUSION

characteristics curve can be calculated by
Z ∞


AUC =
1 − F1 (c) d 1 − F0 (c)
Z−∞
∞
=
F0 (c)dF1 (c)

(5)
(6)

−∞

= p.

(7)

Hence, an interpretation of the relative effect is the accuracy to
distinguish between training data and the alternative scenario
with respect to delay values. If the relative effect is
• p ≈ 1/2, then the delay values for the alternative scenario
do not tend to be larger or smaller compared to the
training data,
• p < 1/2, then the alternative scenario tends to have
smaller delay values compared to the training data,
• p > 1/2, then the alternative scenario tends to have larger
delay values compared to the training data.
Furthermore, it is also noteworthy to consider
p∗ = p −

1
2

(8)

as a measure of dissimilarity between two distributions. Note
that the relative effect is between 0 and 1 as it is a probability.
A relative effect p = 0 or p = 1 would imply completely
separated distributions. In other words the distributions have
no overlap. One drawback of the relative effect is that there
are cases where p = 1/2 but F0 6= F1 .
The correlation between p∗ and MAPE is 0.32. Without the
scenarios ”deterministic 300” and ”traffic factor*10” (with the
two highest MAPE of 6812.96% or 744.07%, respectively),
the correlation between p∗ and MAPE rises to 0.86. That
means p∗ can give in most cases a general idea how good
the MAPE will be, see Table XII and Fig. 3. In other words,
the GNN model’s performance depends on the differences on

In this paper we have performed a comprehensive analysis
on the generalization limits of RouteNet, a GNN-based model
that represents the state of the art on ML-based solutions for
network modeling. In the evaluation we have shown that we
can approximately predict the degree of accuracy of this model
by assessing the difference in the distribution of delay values
between the training and test data. Generally, the results show
some weaknesses of the current GNN approach to predict
performance metrics and provides hints for future work. For
example, the model does not generalize well to networks
considerably larger than those seen during the training phase.
In particular, this limitation was addressed in the subsequent
Graph Neural Networking Challenge 2021 [15]. From the
winning solutions, we could observe that an important modification to overcome this limitation was to predict queue
utilizations with the GNN model and derive path delays
indirectly from these values [22]. The main rationale behind
this is that queue utilizations are within a bounded range
[0,1], thus avoiding important distribution shifts on the model
output depending on the network size. However, to achieve
the final goal of creating accurate GNN-based Digital Twins
for communication networks, more research will be needed to
address and overcome the remaining limitations identified in
this paper.
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