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Software-defined networks (SDN) enable flexible and effective communication systems that are managed by
centralized software controllers. However, such a controller can undermine the underlying communication
network of an SDN-based system and thus must be carefully tested. When an SDN-based system fails, in
order to address such a failure, engineers need to precisely understand the conditions under which it occurs.
In this article, we introduce a machine learning-guided fuzzing method, named FuzzSDN, aiming at both
(1) generating effective test data leading to failures in SDN-based systems and (2) learning accurate failure-
inducing models that characterize conditions under which such system fails. To our knowledge, no existing
work simultaneously addresses these two objectives for SDNs. We evaluate FuzzSDN by applying it to systems
controlled by two open-source SDN controllers. Further, we compare FuzzSDN with two state-of-the-art
methods for fuzzing SDNs and two baselines for learning failure-inducing models. Our results show that
(1) compared to the state-of-the-art methods, FuzzSDN generates at least 12 times more failures, within the
same time budget, with a controller that is fairly robust to fuzzing and (2) our failure-inducing models have,
on average, a precision of 98% and a recall of 86%, significantly outperforming the baselines.
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1 INTRODUCTION
Software-defined networks (SDN) [25] have emerged to enable programmable networks that allow
system operators to manage their systems in a flexible and efficient way. SDNs have been widely
deployed in many application domains, such as data centers [18, 60], the Internet of Things [51, 55],
and satellite communications [20, 37]. The main idea behind SDNs is to transfer the control of
networks from localized, fixed-behavior controllers distributed over a set of network switches
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(in traditional networks) to a logically centralized and programmable software controller. With
complex software being an integral part of SDNs, developing SDN-based systems (SDN-systems),
e.g., data centers, entails interdisciplinary considerations, including software engineering.

In the context of developing SDN-systems, software testing becomes even more important and
challenging when compared to what is required in traditional networks that provide static and
predictable operations. In particular, even though the centralized controller in an SDN-system
enables flexible and efficient services, it can undermine the entire communication network it man-
ages. A software controller presents new attack surfaces that allow malicious users to manipulate
the systems [16, 53]. For example, if malicious users intercept and poison communication in the
system (using ARP spoofing [14]), such attacks broadly impact the system due to its centralized
control. Furthermore, the centralized controller interacts with diverse kinds of components such as
applications and network switches, which are typically developed by different vendors. Hence, the
controller is prone to receiving unexpected inputs provided by applications, switches, or malicious
users, which may cause system failures, e.g., communication breakdown.
To test an SDN controller, engineers need first to explore its possible input space, which is

very large. A controller takes as input a stream of control messages which are encoded according
to an SDN communication protocol (e.g., OpenFlow [45]). For example, if a control message is
encoded with OpenFlow, it can have 22040 distinct values [45]. Second, engineers need to under-
stand the characteristics of test data, i.e., control messages, that cause system failures. However,
manually inspecting test data that cause failures is time-consuming and error-prone. Furthermore,
misunderstanding such causes typically leads to unreliable fixes.
There are a number of prior research strands that aim at testing SDN-systems [1, 2, 5, 11, 29,

35, 43, 62, 64]. Most of them come from the network research field and focus on security testing
relying on domain knowledge, e.g., known attack scenarios [35]. The most pertinent research
works applied fuzzing techniques to different components of SDN-systems. For example, RE-
CHECKER [62] fuzzes RESTful services provided by SDN controllers. SwitchV [1] relies on fuzzing
and symbolic execution to test SDN switches. BEADS [29] tests SDN controllers by being aware
of the OpenFlow specification. However, none of these fuzzing techniques employ interpretable
machine learning techniques to guide their fuzzing process and to provide models that characterize
failure-inducing conditions. Even though the software engineering community has introduced
numerous testing methods, testing SDN-systems has gained little attention. The most pertinent
research lines have proposed techniques for learning-based fuzzing [10, 23, 65] and abstracting
failure-inducing inputs [24, 30] to efficiently explore the input space and characterize effective
test data that cause system failures. Learn@Fuzz [23] employs neural-network-based learning
methods for building a model of PDF objects for grammar-based fuzzing. A prior learning-guided
fuzzing technique, named smart fuzzing [10], relies on deep learning techniques to test systems
controlled by programmable logic controllers (PLC). SeqFuzzer [65] uses deep learning techniques
to infer communication protocols underlying PLC systems and generate fuzzed messages. However,
deep learning techniques are not suitable to characterize failure-inducing test data as they do not
provide interpretable models. Furthermore, these techniques do not account for the specificities of
SDNs, such as SDN architecture and communication protocol. Existing work on abstracting failure-
inducing inputs [24, 30] targets software programs that take as input strings such as command-line
utilities (e.g., find and grep), which are significantly different from SDN-systems. In summary,
no existing work simultaneously tackles the problem of efficiently exploring the input space and
accurately characterizing failure-inducing test data while accounting for the specificities of SDNs.

Contributions. In this article, we propose FuzzSDN, a machine learning-guided Fuzzing method
for testing SDN-systems. In particular, FuzzSDN targets software controllers deployed in SDN-
systems. FuzzSDN relies on fuzzing guided by machine learning (ML) to both (1) efficiently explore
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the test input space of an SDN-system’s controller (generate test data leading to system failures) and
(2) learn failure-inducing models that characterize input conditions under which the system fails.
This is done in a synergistic manner where models guide test generation and the latter also aims at
improving the models. A failure-inducing model is practically useful [24] for the following reasons:
(1) It facilitates the diagnosis of system failures. FuzzSDN provides engineers with an interpretable
model specifying how likely are failures to occur, e.g., the system fails when a control message is
encoded using OpenFlow V1.0 and contains IP packets, thus providing concrete conditions under
which a system will probably fail. Such conditions are much easier to analyze than a large set of
individual failures. (2) A failure-inducing model enables engineers to validate their fixes. Engineers
can fix and test their code against the generated test data set. A failure-inducing model can also
be used as a test data generator to reproduce the system failures captured in the model. Hence,
engineers can better validate their fixes using an extended test data set.

We evaluated FuzzSDN by applying it to several systems controlled by well-known open-source
SDN controllers: ONOS [4] and RYU [54]. In addition, we compared FuzzSDN with two state-of-
the-art methods (i.e., DELTA [35] and BEADS [29]) that generate test data for SDN contollers and
two baselines that learn failure-inducing models. As baselines, we extended DELTA and BEADS
to produce failure-inducing models, since they were not originally designed for that purpose but
were nevertheless our best options. Our experiment results show that, compared to state-of-the-art
methods, FuzzSDN generates at least 12 times more failing control messages, within the same
time budget, with a controller that is fairly robust to fuzzing. FuzzSDN also produces accurate
failure-inducing models with, on average, a precision of 98% and a recall of 86%, which significantly
outperform models inferred by the two baselines. Furthermore, FuzzSDN produces failure-inducing
conditions that are consistent with those reported in the literature [29], indicating that FuzzSDN is
a promising solution for automatically characterizing failure-inducing conditions and thus reducing
the effort needed for manually analyzing test results. Last, FuzzSDN is applicable to systems with
large networks as its performance does not depend on network size. Our detailed evaluation results
and the FuzzSDN tool are available online [44].
Organization. The rest of this article is organized as follows: Section 2 introduces the background
and defines the specific problem of learning failure-inducing models for testing SDN-systems.
Section 3 describes FuzzSDN. Section 4 evaluates FuzzSDN in a large empirical study. Section 5
compares FuzzSDN with related work. Section 6 concludes this article.

2 BACKGROUND AND PROBLEM DESCRIPTION
In this section, we describe the fundamental concepts of an SDN-system. We then discuss the
problem of identifying input conditions under which the system under test fails.
Controller. In general, an SDN-system is composed of two layers: infrastructure and control
layers. The infrastructure layer contains physical components, such as switches and links, that
build a physical network transferring data flows such as audio and video data streams. The control
layer is a software component developed by software engineers to meet the system’s requirements.
Specifically, the software controller manages the physical components in the infrastructure layer
to implement, for example, system-specific data forwarding, security management, and failure
recovery algorithms. Figure 1 shows an SDN topology example, containing a controller in the control
layer along with three switches and four hosts (such as servers and clients) in the infrastructure layer.
Note that this controller is the target of our testing, which is not present in traditional networking
systems. In this article, we simplified the SDN layered architecture [25] to clearly explain our
contributions by abstracting out network-specific details, e.g., SDN southbound interfaces, that are
not important to present this work.
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controller

switch1 switch2 switch3

host1 host2 host3 host4

: control channel : data channel

control layer

infrastructure
layer

Fig. 1. An SDN topology example containing one controller, three switches, and four hosts.

In traditional networking systems, controllers are typically embedded in the physical devices,
operating based on their local configurations. This decentralized control approach contrasts with the
centralized control of SDN-systems. The SDN architecture centralizes decision-making, aiming for
enhanced efficiency and dynamic network management. However, this can also lead to SDN-specific
failures caused by such central point of control.
Message. The SDN controller and switches in a network communicate by exchanging control
messages. A control message is encoded as a sequence of values following a specific communication
protocol. For instance, OpenFlow [45] is a de facto standard communications protocol used in
many SDN-systems [32], enabling communication between the control and infrastructure layers.
To exercise the behavior of the controller under test, therefore, testing explores the space of possible
control messages.
In traditional networking systems, communication between devices usually employs well-

established transport protocols, such as UDP [48] and TCP [49], for data transmission. For exchang-
ing routing and state information, routers and switches use standard routing protocols, such as
OSPF [42] and BGP [52]. Since these protocols were designed to serve specific purposes in the
context of traditional static networks, the messages they encode are more similar and simpler than
those used in SDN. In contrast, SDN messages, such as those in OpenFlow, carry a variety of data
including flow setups, modifications, and statistics, allowing for more flexibility in network services.
However, this also entails a wider range of potential failures that should be accounted for during
testing.
Failure. Like other software components, SDN controllers may have faults that can lead to ser-
vice failures perceivable by users. These failures can manifest in various forms in the context of
SDN-systems. Specifically, previous studies on SDN testing [2, 29, 34, 35, 56] have investigated
the following failures relevant to SDN controllers: (1) Controller-switch disconnection. When
communications between the controller and the switches are unexpectedly disconnected, the
system obviously cannot operate as intended. For example, if a switch does not receive timely
commands from the controller due to this disconnection, the switch relies on outdated forwarding
rules installed earlier, possibly leading to dropping data flows entirely. (2) SDN operation stall.
This failure refers to situations where the required execution of an SDN operation is unexpectedly
prevented or delayed. For example, an SDN controller might stall the installation of forwarding
rules, affecting the construction of the communication path in the SDN. (3) Incorrect understanding
of network status. SDN controllers rely on a centralized view of the network to make control
decisions. If this centralized view becomes inconsistent with the actual network, regardless of the
reasons, e.g., receiving outdated or incorrect data from the network switches, the controller may
fail to make decisions that reflect the network’s actual conditions. For example, if a link between
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two switches is broken, but the controller’s view still considers it operational, the controller fails to
instruct the switches to reroute data flows around the broken link, resulting in dropped data flows.
(4) Overutilization of resources. SDN controllers may overutilize their processing and memory
units due to various reasons, such as handling an unexpectedly high volume of requests. For
example, such a failure caused by a distributed denial-of-service (DDoS) attack [40] targeting the
SDN controller can lead to slower response times and potential service outages. We note that, in
addition to failures specific to SDN controllers, failures observed in traditional networks, such as
communication breakdowns among hosts (e.g., data servers and clients) and network performance
degradation, are also relevant in SDN-systems as its infrastructure layer usually employs traditional
network protocols, such as TCP, UDP, and IP.
In traditional networking systems, failures tend to be localized. If a router or switch fails, only

its directly connected neighbours (i.e., localized segments of the network) are affected. Similarly, if
a server or client fails, only the applications and users directly reliant on that specific device are
impacted. In contrast, SDN-systems have a centralized failure point in the controller. If the controller
crashes or loses connection with the switches, the entire network can be affected. This central
point of potential failure makes rigorous testing essential to ensure robustness and reliability.
Problem. When developing and operating an SDN-system, engineers must handle system failures
that are triggered by unexpected control messages. In particular, engineers need to ensure that the
system behaves in an acceptable way in the presence of failures. In an SDN-system, its controller is
prone to receiving unexpected control messages from switches in the system [11]. For example,
network switches, which are typically developed by different vendors, may send control messages
that fall outside the scope of the controller’s expectations. Such unexpected messages can also
be sent by the switches due to various reasons such as malfunctions and bugs in the switches, as
well as inconsistent implementations of a communication protocol between the controller and
switches [34]. Furthermore, prior security assessments of SDNs have found several attack surfaces,
leading to vulnerable applications and communications protocols that enable malicious actors to
send manipulated messages over an SDN [29, 35].
When a failure occurs in an SDN-system, engineers need to determine the conditions under

which such failures occur. These conditions define a set of control messages that cause the failure.
Identifying such conditions in a precise and interpretable form is in practice useful, as it enables
engineers to diagnose the failure with a clear understanding of the conditions that induce it. In
addition, engineers can produce an extended set of control messages by utilizing the identified
conditions to test the system after making changes to address the failure. In general, any fix should
properly address other control messages that induce the same failure. Our work aims to both
effectively test an SDN-system’s controller by identifying control messages that lead to system
failures, and then automatically identify an accurate failure-inducing model that characterizes
conditions under which the SDN-system fails. Such conditions define a set of failure-inducing
control messages.

3 APPROACH
Figure 2 shows an overview of our ML-guided Fuzzing method for testing SDN-systems (FuzzSDN).
Specifically, FuzzSDN relies on fuzzing and ML techniques to effectively test an SDN-system’s
controller and generate a failure-inducing model that characterizes conditions under which the
system fails. As shown in Figure 2, FuzzSDN takes as input a test procedure and a failure detection
mechanism defined by engineers.

A test procedure consists of three steps: initializing the SDN-system, executing the test scenario,
and tearing down the system. In the initialization step, the procedure configures the entities
in the SDN-system, such as the controller, switches, and connections, bringing the system to a
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FuzzSDN

SDN-system
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Fig. 2. An overview of our ML-guided Fuzzing method for testing SDN-systems (FuzzSDN).

desired (ready) state for executing the test scenario. For example, during the initialization, the
procedure might configure switches with empty or preinstalled forwarding tables, which define
how to forward data packets through the SDN. This system configuration allows for testing how
the controller instructs the switches in the given setting. The test scenario represents a specific
operation (use case) of the SDN-system, involving the exchange of control messages between
the controller and switches that FuzzSDN can fuzz. For example, if the test scenario specifies a
data transmission from one host to another connected to the SDN, executing the test scenario
leads to the exchange of control messages between the controller and switches. These messages
are exchanged to discover the locations of the two hosts in the SDN and to instruct the relevant
switches with the proper forwarding tables to enable data transmission. In the teardown step, the
procedure resets the SDN-system to its default (pristine) state after executing the test scenario,
since FuzzSDN requires multiple independent executions of the test procedure.
A failure detection mechanism acts as a test oracle, determining whether the system fails or

successfully completes the given test procedure. For example, depending on the test procedure, it
detects instances of communication breakdown, controller crashes, or performance degradation.
Since an SDN-system provides monitoring tools that enable engineers to oversee system behavior
and performance, implementing such a failure detection mechanism is straightforward.

FuzzSDN then outputs test data and a failure-inducing model. The data includes the set of control
messages that induced the failure detected by the failure detection mechanism. A failure-inducing
model abstracts such test data in the form of conditions and probabilities pertaining to the failure.
As shown in Figure 2, FuzzSDN realizes an iterative process consisting of the following three

steps: (1) The fuzzing step sniffs and modifies a control message passing through the control channel
from the SDN switches to the controller. The fuzzing step repeats the execution of the input test
procedure and modifies only one selected control message for each execution of the system. It then
produces a labeled dataset that associates fuzzing outputs (i.e., modified control messages) and
their consequences in the system (i.e., system failure or success). (2) The learning step takes as
input the labeled dataset created by the fuzzing step and uses a supervised learning technique, e.g.,
RIPPER [13], to create a failure-inducing (classification) model. This model identifies a set of control
messages that cause the failure defined in the failure detection mechanism. Over the iterations
of FuzzSDN, such models are used to guide the behavior of the fuzzing step in the next iteration.
(3) The planning step instructs the fuzzing step based on the failure-inducing model created by the
learning step. Following such instructions, the fuzzing step then efficiently explores the space of
control messages to be fuzzed and adds new data points (i.e., modified control messages and their
consequences in the system) to the existing labeled dataset. The updated dataset is then used by
the learning step to produce an improved failure-inducing model. FuzzSDN stops the iterations of
the fuzzing, learning, and planning steps when the accuracy of the output failure-inducing model
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control message (e.g., packet_in message: 30 fields)
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Fig. 3. A data flow example of fuzzing a control message (e.g., packet_in message).

reaches an acceptable level or the execution time of FuzzSDN exceeds an allotted time budget.
Below, we explain each step of FuzzSDN in detail.
We assume that engineers using FuzzSDN have expertise in SDN, thus equipping them with

the capability to provide required inputs: test procedures and failure detection mechanisms. They
should also possess knowledge of the SDN protocol to understand a failure-inducing model that
characterizes a set of failure-inducing control messages. Such assumptions are reasonable since
engineers need to devise test procedures and failure detection mechanisms when testing their
SDN-systems, independently of FuzzSDN, and must know the SDN protocol as it defines the input
space of the SDN controller under test.

3.1 Fuzzing step: Initial fuzzing
During the fuzzing step, FuzzSDN manipulates control messages in an SDN-system to cause a
system failure. To do so, FuzzSDN utilizes a man-in-the-middle attack, which is a well-known
security attack technique in the network domain [14]. The attack technique enables FuzzSDN to
intercept control messages transmitting through the control channel and inject modified messages.
In addition, FuzzSDN pretends to be both legitimate participants (i.e., SDN switches and controllers)
of the control channel. Hence, the system under test is not aware of FuzzSDN while it is running.
We omit network-specific details of the attack technique, as they are not part of our contributions;
instead, we refer interested readers to the relevant literature [14].
Figure 3 shows a data flow example that illustrates how our fuzzing technique manipulates a

control message. As the control channel in the SDN-system transmits a data stream, the fuzzing
step first sniffs it as a byte string. It then decodes the sniffed string according to the adopted SDN
protocol (e.g., OpenFlow [45]) to identify a control message to be fuzzed. In Figure 3, the byte string
0x5A539BF1CF704B29 is sniffed and is then identified as a packet_in control message encoded in
30 fields according to OpenFlow. Note that a packet_in message is one of the control messages sent
by a switch to a controller in order to notify that the switch receives a packet. For details of the
packet_in message, we refer readers to the OpenFlow specification [45].

FuzzSDN fuzzes the control message by accounting for the syntax requirements (i.e., grammar)
defined in the SDN protocol and then injects the fuzzed message into the control channel in the
system. We note that FuzzSDN could apply a simple random fuzzing method that replaces the
sniffed string with a random string. However, the majority of byte strings generated by random
fuzzing would be invalid control messages that would be immediately rejected by the SDN message
parser in the system [29]. FuzzSDN therefore accounts for the SDN protocol in order to generate
valid control messages that test software components beyond the message parsing layer of the
system, which is a desirable feature in practice [29].
Initial fuzzing. At the first iteration of FuzzSDN, since a failure-inducing model is not present,
the fuzzing step behaves as described in Algorithm 1. Given a control message msg, the algorithm
modifies it and returns a fuzzed message msg′. As shown on line 1, the algorithm first randomly
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Algorithm 1 Initial fuzzing
Input:

msg: control message to be fuzzed
Output:

msg′: control message after fuzzing

1: 𝐹 ← select rand fields(msg)
2: msg′ ← msg
3: for all 𝑓 ∈ 𝐹 do
4: msg′ ← replace(msg′, 𝑓 , rand valid (𝑓 ))
5: end for
6: return msg′

selects a set 𝐹 of fields in msg. For each field 𝑓 in 𝐹 , the algorithm replaces the original value of 𝑓
with a new value randomly selected from its value range (lines 2-5). Hence, Algorithm 1 operates in
linear time, relative to the number of message fields (|𝐹 |). Note that our ML-guided fuzzing method
is described in Section 3.4. For example, in Figure 3, the algorithm modifies the sniffed packet_in
message by replacing the reason field value 0x2 with 0x8, which is randomly chosen within its
value range.
Data collection. To generate a failure-inducing model, FuzzSDN uses a supervised ML tech-
nique [61] that requires a labeled dataset the fuzzing step generates. Specifically, at each iteration
of FuzzSDN, the fuzzing step is executed 𝑛 times based on an allotted time budget. Each execution
of the fuzzing step (re)runs the input test procedure (Figure 2) and modifies a control message.
FuzzSDN then monitors the system response to the modified control message msg using the failure
detection mechanism (Figure 2). We denote by presence (resp. absence) the label indicating that the
failure is present (resp. absent) in the system response. For each iteration 𝑖 of FuzzSDN, the fuzzing
step creates a labeled dataset 𝐷𝑖 by adding 𝑛 tuples (msg1, 𝑙1), . . ., (msg𝑛, 𝑙𝑛) to 𝐷𝑖−1, where a label
𝑙 𝑗 could be either presence or absence and 𝐷0 = {}. We note that FuzzSDN uses an accumulated
dataset 𝐷 = 𝐷1 ∪ . . . ∪ 𝐷𝑖 to infer a failure-inducing model at each iteration 𝑖 .

3.2 Learning step
We cast the problem of learning failure-inducing models into a binary classification problem in ML.
Given a labeled dataset obtained from the fuzzing step, the learning step infers a prediction model,
i.e., a failure-inducing model, that classifies a control message as either the presence or absence
class. A classification result predicts whether or not a control message induces a system failure as
captured by the detection mechanism.

FuzzSDN aims at providing engineers not only with failure-inducing control messages but also
accurate conditions under which the system fails (as described in Section 1). Hence, we opt to use a
learning technique that produces an interpretable model [41]. Engineers could use the prediction
results to identify a set of control messages predicted to induce system failures as a test suite for
testing the system. An interpretable model would help engineers figure out why the failure occurs
in the system. We encode fields (e.g., version, type, and length in Figure 3) of a control message
as features in a labeled dataset so that an interpretable ML technique builds a failure-inducing
model using fields as features. For example, such a model could explain that the system fails when
receiving a control message with an incompatible version number, which is a higher version than
the system supports.
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FuzzSDN employs RIPPER (Repeated Incremental Pruning to Produce Error Reduction) [13],
an interpretable rule-based classification algorithm, to learn a failure-inducing model. We opt to
use RIPPER as it generates pruned decision rules that are more concise and thus interpretable
than commonly used decision trees (e.g., C4.5 [50]), which are prone to the replicated subtree
problem [61]. Further, RIPPER has been successfully applied to many software engineering problems
involving classification and rule inference [9, 22, 27]. Given a labeled dataset 𝐷 , RIPPER produces
a set 𝑅 of decision rules. A decision rule is a simple IF-condition-THEN-prediction statement,
consisting of a condition on the fields of a control message (e.g., version > 5 ∧ length ≥ 10) and a
prediction indicating either the presence or absence class.

For a decision rule, the learning step measures a confidence score [61] to estimate the accuracy
of the rule in predicting the actual class of control messages that satisfy the rule’s condition.
Specifically, given a labeled dataset 𝐷 and a decision rule 𝑟 , we denote by 𝑡 the total number of
control messages in 𝐷 that satisfy the condition of 𝑟 , i.e., the condition is evaluated to true. Among
these 𝑡 control messages, often, there are some control messages whose labels defined in 𝐷 do
not match 𝑟 ’s prediction. We denote by 𝑓 the number of such control messages. The learning
step computes a confidence score 𝑐 (𝑟 ) of 𝑟 by 𝑐 (𝑟 ) = (𝑡 − 𝑓 )/𝑡 . For example, given a rule 𝑟 : IF
version > 5 ∧ length ≥ 10 THEN class = presence, suppose 88 control messages in a labeled dataset
𝐷 satisfy the condition of 𝑟 and 7 out of the 88 control messages are labeled with absence. Then, the
confidence score 𝑐 (𝑟 ) is (88− 7)/88 = 0.92. FuzzSDN uses the confidence score 𝑐 (𝑟 ) in the planning
step to guide our fuzzing strategy.

3.3 Planning step
The planning step guides fuzzing based on a failure-inducing model, i.e., a set 𝑅 of decision rules
inferred from the learning step. Given an original control message to be fuzzed, the main idea is to
generate a set of modified control messages using 𝑅. To this end, the planning step exploits these
decision rules to generate effective control messages that induce failures.
Imbalance handling. Algorithm 2 describes how the planning step uses the set 𝑅 of decision
rules inferred in the current iteration of FuzzSDN to guide the fuzzing step for the next iteration.
We note that the planning step accounts for the imbalance problem [61] that usually causes poor
performance of ML algorithms. In a labeled dataset, when the number of data instances of one class
is much higher than such number for another class, ML classification models have a tendency to
predict the majority class. In our study, such models are not practically useful, as engineers are
more interested in control messages that cause system failures.
As shown on lines 1-3 of Algorithm 2, the planning step first counts the number minor (resp.

major) of minority (resp. majority) control messages in the given labeled dataset 𝐷 . Given the
number 𝑛 of control messages to be fuzzed in the next iteration, lines 4-6 of the algorithm then
estimate the number minor′ (resp. major′) of control messages associated with the minority (resp.
majority) class to be added to 𝐷 to create a balanced dataset, containing |𝐷 | + 𝑛 control messages.
Specifically, FuzzSDN needs ( |𝐷 | +𝑛)/2−minor control messages associated with the minority class
to balance 𝐷 in the next iteration. Table 1 shows examples of minor , major , minor′, and major′ at
each iteration of FuzzSDN computed by Algorithm 2. For example, at the first iteration of FuzzSDN,
when minor = 10, major = 190, and the number of control messages to be fuzzed 𝑛 = 200, minor′

is calculated as (200 + 200)/2 − 10 = 190 and major′ = 10.
Budget distribution. Lines 7-20 of Algorithm 2 describe how the planning step distributes the
number 𝑛 of control messages to be fuzzed in the next iteration to each decision rule 𝑟 ∈ 𝑅. As
shown on lines 9-13 of the algorithm, for each rule 𝑟 ∈ 𝑅minor associated with the minority class,
the planning step decides to use 𝑟 for fuzzing based on its relative confidence score and the number
minor′ of control messages estimated on line 5. Specifically, the planning step associates 𝑟 with the
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Algorithm 2 Planning
Input:

𝐷 : labeled dataset
𝑅: decision rules
𝑛: number of control messages to be fuzzed

Output:
𝐵: budget distribution to the decision rules 𝑅

1: //count numbers of majorities and minorities in 𝐷

2: minor ← get num minorities(𝐷)
3: major ← get num majorities(𝐷)
4: //estimate numbers of majorities and minorities after the next iteration
5: minor′ ← min(( |𝐷 | + 𝑛)/2 −minor, 𝑛)
6: major′ ← 𝑛 −minor′

7: //assign budgets to minority rules
8: 𝐵 ← {}
9: 𝑅minor ← get minority rules(𝑅)
10: for all 𝑟 ∈ 𝑅minor do
11: 𝑏 ← minor′ × 𝑐 (𝑟 )/sum c(𝑅minor )
12: 𝐵 ← 𝐵 ∪ (𝑟, 𝑏)
13: end for
14: //assign budgets to majority rules
15: 𝑅major ← get majority rules(𝑅)
16: for all 𝑟 ∈ 𝑅major do
17: 𝑏 ← major′ × 𝑐 (𝑟 )/sum c(𝑅major )
18: 𝐵 ← 𝐵 ∪ (𝑟, 𝑏)
19: end for
20: return 𝐵

number of times 𝑟 will be applied to fuzz control messages, i.e.,minor′ ×𝑐 (𝑟 )/sum c(𝑅minor ), where
𝑐 (𝑟 ) denotes the rule’s confidence score (described in Section 3.2) and sum c(𝑅minor ) is defined
by

∑
𝑟 ∈𝑅minor 𝑐 (𝑟 ), the sum of confidence scores of the rules in 𝑅minor . The algorithm therefore

weighs the rules according to their confidence scores in order to maximize the chance of correct
predictions. When fuzzing a control message guided by a rule 𝑟 with a high confidence score
(e.g., 0.99), the system response to the fuzzed control message would highly likely match the
prediction of 𝑟 . Lines 14-19 describe how the planning step handles rules associated with the
majority class, which is the same as on lines 9-13. For example, at the first iteration of FuzzSDN
shown in Table 1, let 𝑅 be {𝑟1, 𝑟2, 𝑟3} where 𝑟1 and 𝑟2 are associated with the minority class (e.g.,
presence) and 𝑟3 with the majority class (e.g., absence). Given 𝑅, if 𝑐 (𝑟1) = 0.8, 𝑐 (𝑟2) = 0.7, and
𝑐 (𝑟3) = 0.8, then Algorithm 2 distributes minor′ = 190 (resp. major′ = 10) to 𝑟1 and 𝑟2 (resp. 𝑟3) as
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Table 1. Examples of minor , major , minor′, and major′ computed by Algorithm 2, when the number 𝑛 of
control messages to be fuzzed is 200.

iteration |𝐷 | minor major minor′ major′

1 200 10 190 190 10
2 400 125 275 175 25
3 600 248 352 152 48
4 800 380 420 120 80
5 1000 495 505 105 95
6 1200 600 600 100 100

follows: 190 × 0.8/(0.8 + 0.7) = 101 and 190 × 0.7/(0.8 + 0.7) = 89 (resp. 10 × 0.8/0.8 = 10). For the
second iteration, FuzzSDN then plans to apply 𝑟1 101 times, 𝑟2 89 times, and 𝑟3 10 times to fuzz
control messages. Algorithm 2 operates in linear time, relative to the number of rules (|𝑅 |), inferred
by the learning step.
We note that during early iterations of FuzzSDN, the obtained datasets are likely imbalanced

because control messages causing system failures are typically difficult to discover via purely
random fuzzing, since most fuzzed messages are detected and addressed by the system under test to
prevent such failures (see Table 1 and our experiment results in Section 4.6). In addition, due to the
small sizes of training datasets in early iterations of FuzzSDN, RIPPER is often not able to produce
accurate failure-inducing models. But as FuzzSDN continuously iterates the three steps within an
allotted time budget, according to Algorithm 2, training datasets are becoming more balanced and
larger (see Table 1), enabling RIPPER to produce increasingly accurate failure-inducing models.
Furthermore, given 𝑆 the space of all possible control messages, once a dataset is balanced, the
algorithm enables the fuzz step to explore not only the space 𝑃 of control messages that likely
cause failures but also the remaining space 𝑆 \ 𝑃 of control messages. Note that RIPPER infers a set
of rules’ conditions (which define 𝑃 ): 𝑟1, . . ., 𝑟𝑘 , that are associated with the minority class and a
single rule’s condition (which define 𝑆 \ 𝑃 ) in the form of ¬𝑟1 ∧ . . . ∧ ¬𝑟𝑘 for the majority class.
Progress monitoring. To monitor the progress of FuzzSDN, the planning step uses the standard
precision and recall metrics [61] (described in Section 4.4). In our context, a high level of precision
indicates that the inferred failure-inducing model is able to accurately predict the failure of interest.
A failure-inducing model with high recall indicates that most of the control messages actually
inducing the failure satisfy the failure-inducing conditions in the model. Hence, a failure-inducing
model with a high level of precision and recall is desirable. To compute precision and recall values,
FuzzSDN uses the 10-fold cross-validation technique [61]. In 10-fold cross-validation, a dataset 𝐷
is split into 10 equal-size folds. Nine folds are used as a training dataset and the other one fold is
retained as a test dataset. This process is thus repeated 10 times to compute precision and recall
values.

3.4 Fuzzing Step: ML-guided Fuzzing
From subsequent iterations of FuzzSDN, the fuzzing step utilizes a set 𝑅 of decision rules inferred
by the learning step according to a budget distribution 𝐵 computed by the planning step. Using a
rule 𝑟 ∈ 𝑅, the fuzzing step modifies a sniffed control message to satisfy the condition of 𝑟 . Further,
the fuzzing step employs a mutation operator to diversify fuzzed control messages beyond those
restricted by 𝑅. Below we describe the fuzzing step in detail.
Algorithm 3 describes a fuzzing procedure that modifies a sniffed control message msg using

a budget distribution 𝐵. As shown on lines 1-5 of the algorithm, the fuzzing step first chooses a
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Algorithm 3ML-guided Fuzzing
Input:

msg: control message to be fuzzed
𝐵: budget distribution to the decision rules 𝑅
mu: mutation rate

Output:
msg′: control message after fuzzing
𝐵′: budget distribution after fuzzing

1: //fuzz a control message based on a rule
2: (𝑟, 𝑏) ∈ 𝐵
3: 𝐹 ← get fields(𝑟,msg)
4: 𝐹 ′ ← solve(𝑟 )
5: msg′ ← replace(msg, 𝐹 , 𝐹 ′)
6: //update the budget distribution
7: 𝐵′ ← 𝐵 \ {(𝑟, 𝑏)}
8: if 𝑏 − 1 > 0 then
9: 𝐵′ ← 𝐵 ∪ {(𝑟, 𝑏 − 1)}
10: end if
11: //mutate the fuzzed control message
12: for all 𝑓 ∈ all fields(msg) \ 𝐹 do
13: if rand (0, 1) ≤ mu then
14: msg′ ← replace(msg′, 𝑓 , rand (𝑓 ))
15: end if
16: end for
17: return msg′, 𝐵′

budget assignment (𝑟, 𝑏) ∈ 𝐵, where 𝑟 denotes a rule to apply in fuzzing, and 𝑏 denotes how many
times the rule 𝑟 will be exploited by the fuzzing step. Given the rule 𝑟 , the algorithm selects a set
𝐹 of message fields in msg that appear in the condition of 𝑟 (line 3). Using an SMT solver [12],
the algorithm solves the condition of 𝑟 to find a set 𝐹 ′ of message fields that satisfy the condition
(line 4). Specifically, we use Z3 [15] – a well-known and widely used SMT solver – to solve such
conditions. Line 5 of the algorithm then replaces the original fields 𝐹 with the computed fields
𝐹 ′. For example, when FuzzSDN fuzzes a control message guided by the condition version > 5 ∧
length ≥ 10, it assigns 6 to the version field and 20 to the length field of the control message as the
assignments satisfy the condition.

Algorithm 3 modifies a single control messagemsg and outputs one fuzzed messagemsg′. Hence,
the fuzzing step executes the algorithm 𝑛 times to generate 𝑛 number of fuzzed control messages.
As shown on lines 6-10, the algorithm updates the budget distribution 𝐵 with (𝑟, 𝑏−1) indicating
that the rule 𝑟 has been applied once. Note that the fuzzing step reruns the system under test for
each execution of the algorithm.
As shown on lines 11-17 of Algorithm 3, the fuzzing step leverages a mutation technique to

diversify fuzzed control messages. Recall that lines 1-5 of the algorithm modify only the message
fields that appear in decision rules. Without mutation, decision rules inferred in the first iteration
of FuzzSDN would determine the message fields being modified in all subsequent iterations, while
other message fields would remain unchanged. Such a fuzzing method might miss important
failure-inducing rules related to other unchanged fields.
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The fuzzing step employs a uniform mutation operator [59] that randomly selects fields in a
control message with a mutation rate mu and changes the fields’ values to random values within
their ranges. As shown on line 12 of Algorithm 3, the fuzzing step selects the fields in the sniffed
control message msg that are not present in the exploited rule 𝑟 . Hence, the return message msg′

(line 14) also satisfies the condition of 𝑟 , as mutated fields cannot affect it. For example, suppose
a packet_in message encoded in 30 fields is sniffed to be fuzzed by FuzzSDN, and its version and
length fields are included in the condition version > 5 ∧ length ≥ 10 and hence fuzzed (lines 1-10).
In this setting, FuzzSDN randomly selects fields (e.g., reason and table_id) that are not present in
the condition, and then mutates the selected fields by assigning new random values within their
ranges (lines 11-16).
We note that the computational complexity of Algorithm 3 is primarily determined by line 4,

which uses Z3. The remaining computations scale linearly with the number of message fields. In our
context, as described in Section 3.2, the rule 𝑟 to be solved by Z3 is concise. Therefore, Algorithm 3
is expected to run in practical time, as empirically evaluated in our experiments (Section 4.6).

4 EVALUATION
In this section, we present our empirical evaluation of FuzzSDN. Our full evaluation package is
available online [44].

4.1 ResearchQuestions
RQ1 (comparison): How does FuzzSDN perform compared with state-of-the-art testing techniques
for SDNs? We investigate whether FuzzSDN can outperform existing techniques: DELTA [35] and
BEADS [29] described in Section 4.4. We choose these techniques as they rely on fuzzing to test
SDN-systems and their implementations are available online. Note that none of the prior methods
that identify failure-inducing inputs [24, 30] account for the specificities of SDNs; hence, they are
not applicable.
RQ2 (usefulness):Can FuzzSDN learn failure-inducingmodels that accurately characterize conditions
under which a system fails? We investigate whether or not FuzzSDN can infer accurate failure-
inducing models. In addition, we compare the failure-inducing conditions identified by FuzzSDN
with those reported in the literature [29] to assess if these conditions are consistent with analyses
from experts.
RQ3 (scalability): Can FuzzSDN fuzz control messages and learn failure-inducing models in practical
time? We analyze the relationship between the execution time of FuzzSDN and network size. To do
so, we conduct experiments with systems of various network sizes.

4.2 Simulation Platform
To evaluate FuzzSDN, we opt to use a simulation platform that emulates physical networks. Specif-
ically, we use Mininet [31] to create virtual networks of different sizes. In addition, as Mininet
employs real SDN switch programs, the emulated networks are very close to real-world SDNs.
Hence, Mininet has been widely used in many SDN studies [29, 35, 55]. We note that FuzzSDN can
be applied to test actual SDN-systems. However, using physical networks is prohibitively expensive
for performing the types of large experiments involved in our systematic evaluations of FuzzSDN.
We ran all our experiments on 10 virtual machines, each of which with 4 CPUs and 10GB of memory.
These experiments took ≈45 days by concurrently running them on the 10 virtual machines.

4.3 Study subjects
We evaluate FuzzSDN by testing two actual SDN controllers, i.e., ONOS [4] and RYU [54], which are
still maintained actively and have been widely used in both research and practice [29, 34–36, 56, 64].

, Vol. 1, No. 1, Article . Publication date: February 2024.



14 Raphaël Ollando, Seung Yeob Shin, and Lionel C. Briand

Both controllers are implemented using the OpenFlow SDN protocol specification [45]. Since
FuzzSDN fuzzes OpenFlow control messages, it can test any SDN controller that implements the
OpenFlow specification. Regarding virtual networks, we synthesize five networks with 1, 3, 5, 7, and
9 switches controlled by either ONOS or RYU. In each network, all switches are interconnected with
one another, i.e., fully connected topology. Each switch is connected to two hosts that can emulate
any device that sends and receives data streams, e.g., video and sound streams. We note that our
study subjects, i.e., 5 × 2 SDN-systems built on the five networks controlled by ONOS and RYU,
are representative of existing SDN studies and real-world SDNs. For example, DELTA [35] (resp.
BEADS [29]) was evaluated with an SDN-system including two (resp. three) switches controlled by
ONOS and RYU, as running experiments with SDNs requires large computational resources [3].
Shin et al. [55] introduced an industrial SDN-system developed in collaboration with SES, a satellite
operator, which contains seven switches controlled by ONOS.

4.4 Experimental setup
EXP1. To answer RQ1, we compare FuzzSDN with DELTA [35] and BEADS [29], which are
applicable to our study subjects. DELTA is a security assessment framework for SDNs that enables
engineers to automatically reproduce known SDN-related attack scenarios and discover new attack
scenarios. For the latter, DELTA relies on random fuzzing that randomizes all fields of a control
message without accounting for the specifics of the OpenFlow protocol. BEADS is an automated
attack discovery technique based on fuzzing that assumes the OpenFlow protocol, aiming at
generating fuzzed control messages that can pass beyond the message parsing layer of the system
under test. We note that we reused the implementations available online. However, we had to adapt
them in order to make them work in our experiments, though we minimized changes, since the
original executables of DELTA and BEADS did not work even after discussions with the authors.

In EXP1, we use two synthetic systems with one switch controlled by either ONOS or RYU. For
the test procedure (see Section 3) in EXP1, we use the pairwise ping test [8], applied in many SDN
studies [16, 29, 35, 39], that allows us to detect whether or not hosts can communicate with one
another. Regarding the failure detection mechanism (see Section 3) in EXP1, we consider switch
disconnections as system failures since both DELTA and BEADS analyzed switch disconnections in
their experiments. We further note that EXP1 identifies switch disconnections as failures only when
they lead to a communication breakdown and the system fails to locate the causes of the failures, i.e.,
no relevant log messages related to the failures. EXP1 fuzzes the packet_in message [45], which has
57 bytes encoded in 30 fields, as SDN switches send this message to the controller in the execution
of the test procedure, and both DELTA and BEADS fuzz it. For details of OpenFlow messages,
we refer readers to the OpenFlow specification [45]. We compare the number of fuzzed control
messages that cause the switch disconnection failure across fuzzing approaches.
EXP2. To answer RQ2, we evaluate the accuracy of failure-inducing models inferred by FuzzSDN.
To this end, we compare the models obtained by FuzzSDN with those produced by our baselines
extending DELTA and BEADS. In addition, we examine our failure-inducing models in light of the
literature [29, 35] discussing failure-inducing conditions.
EXP2.1. As baselines, we extend DELTA and BEADS, named DELTA𝐿 and BEADS𝐿 , to produce

failure-inducing models. DELTA𝐿 (resp. BEADS𝐿) encodes the fuzzing results obtained by DELTA
(resp. BEADS𝐿) as a training dataset (see the dataset format described in Section 3.1) and uses
RIPPER to learn a failure-inducing model from it. Unlike FuzzSDN, DELTA𝐿 and BEADS𝐿 do not
leverage the inferred failure-inducing models to guide their fuzzing.

For ensuring fair comparisons of FuzzSDN, DELTA𝐿 , and BEADS𝐿 , EXP2.1 creates a test dataset
containing 5000 fuzzing results for each method. EXP2.1 then measures the accuracy of the failure-
inducing models obtained by the three methods using the standard precision and recall metrics [61].
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Additionally, EXP2.1 measures imbalance ratios of the datasets obtained at each iteration of the
three methods using the imbalance ratio metric [61].

We compute precision and recall values as follows: (1) precision 𝑃 = TP/(TP +FP) and (2) recall 𝑅
= TP/(TP +FN ), where TP , FP , and FN denote the number of true positives, false positives, and false
negatives, respectively. A true positive is a control message labeled with presence (see Section 3.1)
and correctly classified as such. A false positive is a control message labeled with absence (see
Section 3.1) but incorrectly classified as presence. A false negative is a control message labeled
with presence but incorrectly classified as absence. We compute the imbalance ratio of a dataset
as follows: imbalance ratio 𝐼 = 1 − (minor/major), where minor and major denote the number of
control messages in the dataset 𝐷 , labeled with the minority and majority class, respectively. In
EXP2.1, we use two synthetic systems with one switch controlled by either ONOS or RYU. EXP2.1
applies the pairwise ping test and fuzzes 8000 packet_in messages with FuzzSDN, DELTA𝐿 , and
BEADS𝐿 .
EXP2.2. Jero et al. [29] manually inspected their SDN testing results obtained with BEADS and

identified some conditions on message fields that led to system failures. EXP2.2 examines our
failure-inducing models to assess the extent to which our models are consistent with their manual
analysis results.
For EXP2.2, we use two synthetic systems with one switch controlled by either ONOS or RYU.

EXP2.2 fuzzes the following five types of control messages: packet_in (57 bytes, 30 fields), hello (8
bytes, 4 fields), barrier_reply (8 bytes, 4 fields), barrier_request (8 bytes, 4 fields), and flow_removed
(55 bytes, 22 fields), which are manipulated by BEADS. We randomly selected these five message
types from the 16 types of control messages analyzed in the prior study of BEADS, to keep the
expected cost of running our experiments manageable (see Section 4.5). In EXP2.2, FuzzSDN fuzzes
8000 control messages of each type. To fuzz the barrier_request and the barrier_reply control
messages, we use a test procedure that connects switches to an SDN controller as it generates the
control messages. For the remaining types of control messages, we use the pairwise ping test [8].
Regarding failure types, EXP2.2 detects unexpected broadcasts from switches and unexpected
switch disconnections as failures. These are studied in existing work (BEADS). The broadcasting
mechanism of ARP (Address Resolution Protocol) [47] is used to discover host locations in the SDN.
If broadcasting occurs unexpectedly, it may lead to the installation of incorrect forwarding rules on
the switches in the SDN, possibly resulting in information leakage (since data can be forwarded to
unintended hosts) or connectivity losses. Regarding the other types of failure, if the communication
between the controller and the switches is unexpectedly disconnected, the SDN-system obviously
cannot operate as intended. This is because the controller monitors the network status based on the
messages received from the switches and the behavior of the switches is directed by the controller.
EXP3. To answer RQ3, we study the correlation between the execution time of FuzzSDN and the 2
× 5 synthetic systems (described in Section 4.3) with 1, 3, 5, 7, and 9 switches controlled by either
ONOS or RYU, respectively. We measure the execution time of each iteration of FuzzSDN and the
execution time of configuring Mininet and the SDN controllers. Our conjecture is that the execution
time of FuzzSDN does not depend on network sizes. However, we also conjecture that there is
a correlation between the configuration time of Mininet and SDN controllers and network sizes.
Such configuration time includes the time for initializing controllers and Mininet, creating virtual
networks, and activating controllers. EXP3 uses the pairwise ping test.

4.5 Parameter Tuning
Recall from Section 3 that FuzzSDN must be configured with the following parameters: number of
control messages to be fuzzed at each iteration, mutation rate, and RIPPER parameters. For tuning
the parameters, we ran initial experiments relying on hyperparameter optimization [61] based on
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Fig. 4. Comparing FuzzSDN, BEADS, and DELTA based on the number of fuzzed control messages that
cause the switch disconnection failure. The boxplots (25%-50%-75%) show distributions of the numbers of
failure-inducing control messages obtained from 10 runs of EXP1, testing either ONOS or RYU.

guidelines in the literature [28, 61]. In our initial experiments, we assessed 10 configurations of the
parameters’ values to select the best one to be used in further experiments. We selected these 10
configurations using a grid search [61]. To select the best configuration, for each configuration, we
ran FuzzSDN for four days to ensure there were no notable changes in the results and measured
the precision and recall values of the obtained failure-inducing model. For our experiments, we set
the number of control messages to be fuzzed at each iteration to 200 and the mutation rate to 1/|𝐹 |,
where |𝐹 | denotes the number of fields in a control message to be fuzzed. The parameter values of
RIPPER used in our experiments can be found in our repository [44].

To fairly compare FuzzSDN and the other approaches (i.e., DELTA, BEADS, DELTA𝐿 , BEADS𝐿),
we assign to them the same computation budget: four days for ONOS and two days for RYU.
Within this budget, FuzzSDN generates a balanced dataset (described in Section 3.2), and precision
and recall values of the inferred failure-inducing models reach their plateaus. We note that the
configuration time of RYU to run FuzzSDN is approximately half that of ONOS. Hence, we set
different budgets so that FuzzSDN fuzzes similar numbers of control messages for ONOS and RYU.
Since FuzzSDN is randomized, we repeat our experiments 10 times.

The parameters of FuzzSDN and our experiments can certainly be further tuned to improve the
accuracy of FuzzSDN. However, we were able to convincingly and clearly support our conclusions
with the selected configuration, using the study subjects (described in Section 4.3). Hence, this
article does not report further experiments on optimizing those parameters.

4.6 Experiment Results
RQ1. Figure 4 compares FuzzSDN, BEADS and DELTA when testing the two study subjects
controlled by either ONOS or RYU (EXP1). The boxplots depict distributions (25%-50%-75% quantiles)
of the numbers of control messages that cause the switch disconnection failure. The results shown
in the figure are obtained from 10 runs of EXP1. To fairly compare FuzzSDN, BEADS, and DELTA,
they were assigned the same computation budget: four days for ONOS and two days for RYU (as
described in Section 4.5).

As shown in Figure 4, for ONOS, FuzzSDN generates significantly more failure-inducing control
messages than BEADS and DELTA. On average, 3425 failure-inducing control messages are gen-
erated by FuzzSDN, in contrast to 270 by BEADS and 3 by DELTA. Most of the control messages
manipulated by DELTA are filtered out by the message parsing layers of the controllers, which is
consistent with the finding reported in the BEADS study [29]. Regarding the application of BEADS
to RYU, the situation is apparently more complicated. RYU is in fact much less robust than ONOS
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Fig. 5. Comparing distributions of precision and recall values obtained from FuzzSDN and BEADS𝐿 that test
the systems controlled by either ONOS or RYU (see EXP2.1). The boxplots (25%-50%-75%) show distributions
of precision (a, b) and recall (c, d) values obtained from 10 runs of EXP2.1.

when handling fuzzed control messages. It is therefore easy to fuzz messages leading to failures
with RYU. But recall that FuzzSDN aims at generating a balanced labeled dataset containing control
messages that are associated with both the presence and absence of failures in similar proportions
(Section 3.2). This is not the case of BEADS which then generates a very large proportion of
failure-inducing control messages with RYU, more than that observed with FuzzSDN.

The answer to RQ1 is that FuzzSDN significantly outperforms BEADS and DELTA. In particular,
our experiments show that FuzzSDN is able to generate a much larger number of control
messages that cause failures when the SDN controller is relatively robust to fuzzed messages
(e.g., ONOS). Such robustness is a desirable and common feature in industrial SDN controllers.

RQ2. Figure 5 compares precision (a, b) and recall (c, d) values obtained from FuzzSDN and BEADS𝐿
for the study subjects controlled by either ONOS or RYU and the test dataset (EXP2.1). The boxplots
in Figures 5(a) and 5(b) (resp. 5(c) and 5(d)) show distributions (25%-50%-75% quantiles) of precision
(resp. recall) values over 40 iterations of the methods obtained from 10 runs of EXP2.1. Note that
each iteration of BEADS𝐿 adds 200 fuzzed control messages (the same as FuzzSDN) to a dataset and
learns a failure-inducing model. In contrast to FuzzSDN, BEADS𝐿 does not use the failure-inducing
model to guide fuzzing. We omit the results obtained by DELTA𝐿 because the labeled dataset it
created contains only a few failure-inducing control messages, as reported in RQ1.

As shown in Figure 5, the failure-inducing models obtained by FuzzSDN yield higher precision
and recall than those obtained by BEADS𝐿 over 40 iterations. The results show that, after 20
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Fig. 6. Comparing distributions of imbalance ratios obtained from FuzzSDN and BEADS𝐿 that test the
synthetic systems controlled by either ONOS or RYU (see EXP2.1). The boxplots (25%-50%-75%) show distri-
butions of imbalance ratios obtained from 10 runs of EXP2.1.

iterations, there are no notable changes in precision and recall values. Specifically, for ONOS
(resp. RYU), FuzzSDN achieves, on average, a precision of 99.8% (resp. 95.4%) and a recall of 75.5%
(resp. 96.7%) after 20 iterations. In contrast, BEADS𝐿 achieves, for ONOS (resp. RYU), on average,
a precision of 20.9% (resp. 90.5%) and a recall of 29.9% (resp. 70.7%) after 20 iterations. The 20
iterations of FuzzSDN took, on average, 2.33 days for ONOS and 1.10 days for RYU.
Figure 6 shows the comparison of imbalance ratios for datasets obtained from FuzzSDN and

BEADS𝐿 that test the study subjects controlled by either ONOS or RYU (EXP2.1). The boxplots
depict distributions of imbalance ratios over 40 iterations of the methods, compiled from 10 runs of
EXP2.1. Note that the lower the imbalance ratio, the more balanced the dataset. In Figure 6, we
omitted the results obtained by DELTA𝐿 as they provide no additional findings, which are discussed
below.

As shown in Figure 6, the datasets generated by FuzzSDN are significantly more balanced than
those generated by BEADS𝐿 over 40 iterations. Specifically, after 40 iterations, FuzzSDN achieves,
on average, an imbalance ratio of 5.47% for ONOS and 1.38% for RYU. In contrast, BEADS𝐿 achieves,
on average, an imbalance ratio of 96.2% for ONOS and 78.9% for RYU. DELTA𝐿 produces datasets
that are even more imbalanced than the other two methods, with, on average, an imbalance ratio of
99.9% for both ONOS and RYU over 40 iterations. The results thus indicate that FuzzSDN effectively
addresses the imbalance problem over iterations, leading to accurate characterization of failure-
inducing models (see the precision and recall results in Figure 5). However, BEADS𝐿 and DELTA𝐿 ,
which do not tackle the imbalance problem, produce highly imbalanced datasets across all iterations,
leading to lower precision and recall of failure-inducing models (see Figure 5).
Table 2 presents the summary of our experiment results obtained from EXP2.2. In the experi-

ments, recall that FuzzSDN fuzzes the following five types of control messages: packet_in, hello,
flow_removed, barrier_request, and barrier_reply. For each control message type, the table shows
the message size, the number of rules generated by FuzzSDN, the number of fields in the in-
ferred rules, and the number of fields that appear in failure-inducing strategies reported in a prior
study [29]. Such strategies were manually defined by analysts, e.g., the switch disconnection failure
can occur when changing the version, type, and length fields in a packet_in message. The “all
included?” column in the table indicates whether or not the fields in the existing failure-inducing
strategies appear in the failure-inducing model obtained by FuzzSDN.
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Table 2. Summary of the EXP2.2 results. Five types of control messages are fuzzed for each experiment with
the system controlled by ONOS.

message type message size # rules
(FuzzSDN)

# fields
(FuzzSDN)

# fields (manual) all included?

packet_in 57b,30f 32 12 3 yes
hello 8b,4f 21 4 3 yes

flow_removed 55b,22f 12 4 3 yes
barrier_request 8b,4f 8 4 3 yes
barrier_reply 8b,4f 3 3 3 yes

b: bytes, f: fields
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Fig. 7. Comparing execution times of FuzzSDNwhen varying network sizes as follows: 1, 3, 5, 7, and 9 switches
(see EXP3). The bars show the mean execution times of each step of FuzzSDN and the mean configuration
times of ONOS and Mininet computed based on 40 iterations of FuzzSDN. The vertical lines on the bars show
the standard errors of the mean values.

From Table 2, we see that, for each failure case, all fields in the corresponding failure-inducing
strategy described in existing work appear in the failure-inducing models obtained by FuzzSDN.
Hence, the results show that FuzzSDN does not miss any important field related to system failures.
However, FuzzSDN discovers more fields relevant to failures than the ones reported in prior work.
For example, FuzzSDN found 32 rules with 12 fields for the packet_in experiment. Nevertheless,
we believe that inspecting those 32 precise rules is considerably more efficient for understanding
failure-inducing conditions than manually inspecting 8000 fuzzed control messages. Regarding our
results for RYU, we refer the reader to our repository [44] since our findings are similar to those of
ONOS.

The answer to RQ2 is that FuzzSDN generates accurate failure-inducing models in practical time,
thus faithfully characterizing failure conditions. In addition, the failure analysis results reported
in the literature are consistent with the failure-inducing models produced by FuzzSDN.

RQ3. Figure 7 shows the mean execution times of the planning, fuzzing, and learning steps of
FuzzSDN and the mean configuration times of Mininet and ONOS for each iteration of FuzzSDN.
The figure presents the results obtained from EXP3 using five study subjects with 1, 3, 5, 7, and 9
switches controlled by ONOS. Note that the y-axis of the figure is a 10-base log scale in seconds.
As shown in Figure 7, the execution times of the three FuzzSDN steps do not depend on the

network sizes. For each FuzzSDN iteration that generates, on average, 200 fuzzed control messages,
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the planning step takes 300ms, the fuzzing step 5.1s, and the learning step 3.5s, which align with
our expectations for executing them in practical time. However, 200 configurations of Mininet and
ONOS at each iteration takes, on average, 2.85h with 1 switch, 3.00h with 3 switches, 3.02h with 5
switches, 3.31h with 7 switches, and 4.07h with 9 switches, which dominate the overall testing times.
Recall that the configuration time of RYU takes approximately half that of ONOS. Even though the
configuration times of an SDN controller and Mininet are not in the scope of our study, the results
indicate a technical bottleneck to be further investigated to shorten testing time. Regarding the
memory requirement, our experiments consumed, at most, 1.2GB of memory, including FuzzSDN,
an SDN controller, and the simulation platform. In particular, ONOS used ≈1GB of memory and
Mininet ≈15MB of memory per switch. Hence, FuzzSDN does not add significant overhead to the
current simulation practice for SDNs.

The answer to RQ3 is that the execution time of FuzzSDN has no correlation with the size of
network. Hence, FuzzSDN is applicable to complex systems with large networks.

4.7 Threats to Validity
Internal validity. To mitigate potential internal threats to validity, our experiments compared
FuzzSDN with two state-of-the-art solutions (DELTA and BEADS) that generate failure-inducing
control messages for testing SDN controllers. Though DELTA and BEADS were our best options,
they do not generate failure-inducing models. Therefore, we extended them to produce failure-
inducing models and support the comparison of FuzzSDN with these baselines.
External validity. The main concern regarding external validity is the possibility that our results
may not generalize to different contexts. In our experiments, we applied FuzzSDN to several
SDNs and two actively maintained SDN controllers, i.e., ONOS and RYU. We ensured that our
synthetic SDN-systems, consisting of five networks with 1, 3, 5, 7, and 9 switches, controlled by
either ONOS or RYU, are representative of existing SDN studies and real-world SDN-systems (e.g.,
emergency management systems [55]). Further, the SDN-systems used in our experiments are more
complex and larger than those previously used to assess DELTA and BEADS, which contain at
most three switches. In general, the performance of SDN fuzzing techniques, such as FuzzSDN,
DELTA, and BEADS, is not correlated with the size of SDN, as these techniques sniff and modify a
control message passing through the control channel between the SDN switches and the controller.
Specifically, sniffing a network interface and fuzzing a network packet that passes through the
interface does not depend on the size of an SDN-system. To evaluate FuzzSDN in a realistic setting,
we used actual SDN controllers and switch software while emulating only the physical networks,
including links, host devices, and switch devices.

The prototype implementation of FuzzSDN supports OpenFlow, which is a de facto standard SDN
protocol used in many SDN-systems [29, 34–36, 39, 56]. As a result, we were able to apply FuzzSDN
to actual SDN controllers (i.e., ONOS and RYU) and compare it with existing tools (i.e., DELTA
and BEADS), given their support for OpenFlow. To apply FuzzSDN to SDN-systems that employ
other SDN protocols, such as Cisco OpFlex [57] and ForCES [26], one must adapt the sniffing
and injecting steps of FuzzSDN (see Figure 3) to correctly decode and encode control messages,
respectively. However, this adaptation does not affect the fuzzing, learning, and planning steps of
FuzzSDN. We therefore expect that, while the adaptation requires engineering effort to update the
sniffing and injecting steps, it does not impact FuzzSDN’s performance.

FuzzSDN is developed to be generally applicable to any SDN-system. Our evaluation package and
the FuzzSDN tool are available online [44] to (1) facilitate reproducibility of our experiments and
(2) enable researchers and practitioners to use and adapt FuzzSDN. Nevertheless, further case studies
in other contexts, including industry SDN-systems that employ different SDN protocols, as well as
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user studies involving practitioners, remain necessary to further investigate the generalizability of
our results.
Limitations. FuzzSDN requires users to provide a test procedure (e.g., pairwise ping test) and
select a control message (e.g., packet_in) to be fuzzed. These design choices enable FuzzSDN to
generate failure-inducing messages and models within reasonable time budgets (e.g., 4 days for
ONOS and 2 days for RYU). Automatically exploring possible use scenarios (i.e., test procedures)
and sequences of messages, while accounting for state changes in the SDN controller, can help
engineers reduce their manual efforts in testing (e.g., providing test procedures and selecting a
message to be fuzzed). However, efficiently and effectively exploring such spaces is a hard problem
that requires further research. Given its promising results, we believe that FuzzSDN is nevertheless
a practical solution and serves as a solid foundation for researchers and practitioners to further
enhance automation in testing SDN controllers.

5 RELATEDWORK
In this section, we discuss related work in the areas of SDN testing, fuzzing, and characterizing
failure-inducing inputs.
SDN testing.Testing SDNs has been primarily studied in the networking literature targeting various
objectives, such as detecting security vulnerabilities and attacks [2, 5, 11, 29, 35, 43, 64], identifying
inconsistencies among the SDN components (i.e., applications, controllers, and switches) [34, 36, 56],
and analyzing SDN executions [19, 39, 58]. Among these, we discuss SDN testing techniques that
rely on fuzzing, as they constitute the most closely related research. Woo et al. [62] proposed
RE-CHECKER to fuzz RESTful services provided by SDN controllers. RE-CHECKER fuzzes an input
file, encoded in JSON format, that a network administrator uses to specify network policies (e.g.,
data forwarding rules). This results in generating numerous malformed REST messages for testing
RESTful services in SDN. Dixit et al. [17] presented AIM-SDN to test the implementation of the
network management datastore architecture (NMDA) [6] in SDN. AIM-SDN randomly fuzzes REST
messages to test the NMDA implementation in SDN with regard to the availability, integrity, and
confidentiality of datastores. Shukla et al. [56] developed PAZZ that aims at detecting faults in SDN
switches by fuzzing data packet headers, e.g., IPv4 and IPv6 headers. Albab et al. [1] presented
SwitchV to validate the behaviors of SDN switches. SwitchV uses fuzzing and symbolic execution to
analyze the p4 [7] models that specify the behaviors of SDN switches. Lee et al. [33, 34] introduced
AudiSDN that employs fuzzing to detect policy inconsistencies among SDN components (i.e.,
controllers and switches). AudiSDN fuzzes network policies submitted by administrators through
the REST APIs. To increase the likelihood of discovering inconsistencies, AudiSDN employs rule
dependency trees derived from the OpenFlow specification, which restrict valid relationships among
rule elements. In contrast to these existing methods, FuzzSDN fuzzes SDN control messages to test
SDN controllers (as DELTA and BEADS do). Furthermore, FuzzSDN uses ML to guide fuzzing and
learn failure-inducing models.
Fuzzing. To efficiently generate effective test data, fuzzing has been widely applied in many
application domains [38]. The research strands that most closely relate to our work are fuzzing
techniques based on ML for testing networked systems [10, 65]. Chen et al. [10] proposed a fuzzing
technique for testing cyber-physical systems, which contain sensors and actuators distributed
over a network. The proposed approach relies on a deep learning technique to fuzz actuators’
commands that can drive the CPS under test into unsafe physical states. Zhao et al. [65] developed
SeqFuzzer that enables engineers to test communication systems without prior knowledge of the
systems’ communication protocols. SeqFuzzer infers communication protocols using a deep learning
technique and generates test data based on the inferred protocols. Unlike these prior research
threads, FuzzSDN applies ML and fuzzing in the context of testing SDN-systems. In addition,
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FuzzSDN employs an interpretable ML technique to provide engineers with comprehensible failure-
inducing models.
Besides the fuzzing techniques mentioned above that leverage ML for testing networked sys-

tems, coverage-aware fuzzing techniques have been used in many studies across different do-
mains [21, 46, 63]. For example, AFL [63] is a mutational, coverage-guided fuzzer that uses compile-
time instrumentation and genetic algorithms to automatically generate test cases that uncover
previously unexplored internal states in the program under test. AFL++ [21] is a fuzzing frame-
work that expands on AFL, incorporating many state-of-the-art techniques that enhance fuzzing
performance, thus enabling researchers to evaluate different combinations of such techniques.
However, applying such fuzzing tools, developed in other contexts, to test SDN controllers is far
from being straightforward as there are differences in inputs, outputs, and states. For example, the
notion of coverage, e.g., statements and branches, used in coverage-aware fuzzing tools is suitable
for testing stateless programs, where outputs depend solely on inputs and do not depend on any
memory of past interactions. However, an SDN controller is a stateful program. It takes as input
sequences of control messages from the switches in the network, processes these messages, and
outputs appropriate sequences of responses. Note that the controller’s response is determined by
the currently received message and its internal state, which is determined by previously processed
messages. AFLNet [46], which extends AFL to test servers, is proposed to address this issue by utiliz-
ing state coverage rooted in finite state machines. In AFLNet, finite state machines are constructed
using the response codes (also known as status codes) from network protocols, which indicate
the result of a client’s request to a server. However, AFLNet is not applicable when such response
codes are not available, as in our context. Hence, we need a different notion of coverage when
testing SDN controllers. In addition to the coverage issue, existing techniques that enhance fuzzing
performance for single programs are not easily applicable to testing SDN controllers. For example,
the forkserver technique implemented in AFL++, which uses the fork mechanism to reduce the
high cost of initialization, is not applicable to our context. Since an SDN controller interacts with
multiple switches connected to various hosts, testing the controller requires the costly initialization
of not only the controller but also the other components in the SDN-system. Further, testing the
controller impacts the states of these other components, making it difficult to efficiently reset and
maintain a consistent testing environment. While coverage-aware fuzzing tools, such as AFL++,
provide significant advances in testing stateless programs, applying them to test SDN controllers
therefore raises difficult challenges.
Characterizing failure-inducing inputs. Recently, a few research strands aimed at characterizing
input conditions under which a system under test fails [24, 30]. Gopinath et al. [24] introduced
DDTEST that abstracts failure-inducing inputs. DDTEST aims at testing software programs, e.g.,
JavaScript translators and command-line utilities, that take as input strings. For abstracting failure-
inducing inputs, DDTEST uses a derivation tree that depicts how failure-inducing strings can
be derived. Kampmann et al. [30] presented ALHAZEN that learns circumstances under which
the software program under test fails. ALHAZEN also targets software programs that process
strings. ALHAZEN relies on ML to learn failure-inducing circumstances in the form of decision
trees. Compared to our work, we note that the context of these research threads is significantly
different from our application context: SDNs. Hence, they are not applicable to generate test data
and learn failure-inducing models for SDN controllers. To our knowledge, FuzzSDN is the first
attempt that applies ML for guiding fuzzing and learning failure-inducing models by accounting
for the specificities of SDNs.
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6 CONCLUSIONS
We developed FuzzSDN, an ML-guided fuzzing method for testing SDN-systems. FuzzSDN employs
ML to guide fuzzing in order to (1) generate a set of test data, i.e., fuzzed control messages, leading to
failures and (2) learn failure-inducing models that describe conditions when the system is likely to
fail. FuzzSDN implements an iterative process that fuzzes control messages, learns failure-inducing
models, and plans how to better guide fuzzing in the next iteration based on the learned models.
We evaluated FuzzSDN on several synthetic SDN-systems controlled by either one of two SDN
controllers. Our results indicate that FuzzSDN is able to generate effective test data that cause system
failures and produce accurate failure-inducing models. Furthermore, FuzzSDN’s performance does
not depend on the network size and is hence applicable to systems with large networks.

In the future, we plan to extend FuzzSDN to account for sequences of control messages. Fuzzing
multiple control messages at once poses new challenges due to message intervals, message de-
pendencies, and state changes in the system under test. To learn failure-inducing models from
control message sequences, we will further investigate ML techniques that process sequential data.
In addition, we will extend FuzzSDN to generate diverse test cases, defined by message sequences,
aiming at maximizing state coverage during testing of SDN controllers. To this end, we will conduct
further research to define and quantify the diversity of test cases and the state coverage of SDN
controllers, and incorporate these into our fuzzing framework. In the long term, we plan to further
validate the generalizability and usefulness of FuzzSDN by applying it to additional SDN-systems
and conducting user studies.

DATA AVAILABILITY
Our evaluation package and the FuzzSDN tool are available online [44] to (1) increase the re-
producibility of our experiments and (2) enable researchers and practitioners to use and adapt
FuzzSDN.
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