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Abstract: Due to its popularity, the Android operating system is a critical target for malware attacks.
Multiple security efforts have been made on the design of malware detection systems to identify
potentially harmful applications. In this sense, machine learning-based systems, leveraging both
static and dynamic analysis, have been increasingly adopted to discriminate between legitimate and
malicious samples due to their capability of identifying novel variants of malware samples. At the
same time, attackers have been developing several techniques to evade such systems, such as the
generation of evasive apps, i.e., carefully-perturbed samples that can be classified as legitimate by
the classifiers. Previous work has shown the vulnerability of detection systems to evasion attacks,
including those designed for Android malware detection. However, most works neglected to bring
the evasive attacks onto the so-called problem space, i.e., by generating concrete Android adversarial
samples, which requires preserving the app’s semantics and being realistic for human expert analysis.
In this work, we aim to understand the feasibility of generating adversarial samples specifically
through the injection of system API calls, which are typical discriminating characteristics for malware
detectors. We perform our analysis on a state-of-the-art ransomware detector that employs the
occurrence of system API calls as features of its machine learning algorithm. In particular, we discuss
the constraints that are necessary to generate real samples, and we use techniques inherited from
interpretability to assess the impact of specific API calls to evasion. We assess the vulnerability of such
a detector against mimicry and random noise attacks. Finally, we propose a basic implementation to
generate concrete and working adversarial samples. The attained results suggest that injecting system
API calls could be a viable strategy for attackers to generate concrete adversarial samples. However,
we point out the low suitability of mimicry attacks and the necessity to build more sophisticated
evasion attacks.
Keywords: Android; malware detection; adversarial machine learning; evasion attack; problem space

1. Introduction
Android is the most used and attacked mobile operating system. According to McAfee [1],
the number of total malicious applications detected on mobile devices has continuously grown
through the four quarters of 2019. As Kaspersky reported [2], nineteen entries of the top 20 mobile
malware applications for the year 2019 target Android. For this reason, multiple efforts have been made
on the design of malware detection systems to identify potentially harmful applications. All these
security solutions employ different strategies based on the analysis of the application through static
analysis [3–5], dynamic analysis [6–8], or a combination of them. Additionally, such information is
often employed by machine learning algorithms to carry out an accurate detection of known and
previously unseen attacks [9–13]. However, machine learning algorithms are vulnerable to well-crafted
attacks. In fact, attackers have developed several techniques to evade such systems, ranging from
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code obfuscation to adversarial attacks, i.e., modifications to the samples that directly target learning
algorithms such that input samples are misclassified.
Previous work has extensively shown the vulnerability of learning-based detection systems,
including those designed for Android malware detection ([14,15]), to test-time evasion attacks,
which consist of creating carefully-perturbed malicious samples that are able to be classified as
legitimate by the classifiers. However, a critical problem that has been often overlooked in previous
work is the practical feasibility of generating adversarial samples. When designing a machine
learning-based detection system, experts identify a set of characteristics (features) that are expected to
be effective in classifying the input samples. That is, they create a feature space where they map specific
characteristics, patterns, or behaviors of the sample to a feature vector. Conversely, when performing
adversarial attacks, attackers generate an altered feature vector, thus converting each alteration into
a modification of the samples (in the problem space) in order to attain the desired evasion. Depending
on the setting, this transition is not straightforward and entails the difficulty of moving from the
feature space to the problem space (or vice versa), i.e., finding an exact, unique correspondence
between values in the feature vector and characteristics in the problem domain (e.g., functionalities in
an Android application). This is the so-called inverse feature-mapping problem [15–17]—or the more
generic problem-feature space dilemma [18]. Moreover, the generation of concrete, realistic adversarial
samples also requires taking into account different constraints, such as preserving the app’s semantics
or keeping it plausible for human inspection [19,20].
In this work, we explore the development of evasive Android apps in the problem space.
In particular, we aim to understand the feasibility of generating such samples specifically through the
injection of system API calls, which are known to be discriminative features for malware detectors.
We analyze an injection strategy that only adds the calls needed to achieve the evasion by preserving
the application’s overall functionality. Consequently, we consider a scenario where both the attacker’s
effort and the impact on the generated app are kept at a minimum level. Moreover, different from all
previous articles in the literature, we evaluate our strategy on a detector designed with non-binary
features. Overall, the main contributions of this paper are the following:
•
•
•
•

We discuss the constraints required to create concrete, working Android adversarial samples
through API call injection;
We evaluate the feasibility of injecting system API calls by both identifying the subset of the usable
ones and explaining their relevance to evasion through a gradient-based interpretability technique;
We evaluate the effectiveness of mimicry and random noise addition attacks against
a state-of-the-art ransomware detector that employs non-binary features;
We develop a basic implementation of the considered injection strategy that creates working
adversarial malicious samples.

We believe that this first proposal starts to highlight what viable injection strategies attackers
have at their disposal for the creation of real evasive malware samples.
The paper is organized as follows. In Section 2, we present the background knowledge about
Android, malware detection, and its evasion. Section 3 proposes an overview of the literature about
the creation of adversarial samples in the problem space. In Section 4, we illustrate the proposed
methodology. In particular, we describe the threat model of our setting. Then, we discuss the problem
space domain with its constraints. Finally, we describe our implementation for the generation of
Android adversarial samples. In Section 5, we present the experiments that we conducted. Section 6
closes the paper with the conclusive remarks, along with a discussion of its limitations and future work.
2. Android Background
In this section, we first present how Android applications are structured, primarily focusing on
the elements containing the apps’ instructions, which are the .dex files. Then, we discuss Android

Information 2020, 11, 433

3 of 20

malware detection, including machine learning-based systems. Finally, we describe how it is possible
to elude such detectors.
2.1. Android Applications
Android applications are well-organized structures whose elements are contained in a single
file. This file is a compressed archive whose extension is .apk (i.e., Android application package).
In particular, an Android application is composed of the following elements:
•

•
•
•

AndroidManifest.xml: This specifies the structure and the main components of the application;
for example, it lists the permissions required by the app and its activities, i.e., the components
that usually show a user interface;
Resources : graphical elements and .xml files used to define the layout properties of the application;
Assets: external resources of the application, such as multimedia files and native libraries;
Classes.dex: dex stands for Dalvik EXecutable. Android apps have one or more of these files,
which contain the executable code of the application. Since our work focuses on the alteration of
dex code, we describe the content of .dex files in the following.

Android applications are written in Java or Kotlin. Then, in both cases, the code is compiled into
Dalvik bytecode, which is contained in the .dex files (in the majority of the cases, there is a unique .dex
file called classes.dex). This bytecode can be further disassembled into Smali, a human-readable
format. From Android 4.4 onwards, the bytecode is converted to native ARM code during the
installation of the application (ahead-of-time approach), and it is then executed by Android Runtime
(ART). A .dex file is a layered container of bytes organized by reference. Therefore, class definitions
contain all the information as a reference to a data structure contained in the .dex file. The main
components of a .dex file are:
•

•
•
•

Header: This contains information about the file composition, such as the offsets and the size of
other parts of the file (such as constants and data structures). This data collection is crucial to
reconstruct the bytecode in the correct way when the code is compiled to ARM;
Constants: They represent the addresses of the strings, flags, variables, classes, and method names
of the application;
Classes: This is the definition of all the class parameters, like the superclass, the access type,
and the list of methods with all the references to the data contained in the data structure;
Data structure: This is the container for the actual data of the application, such as the method
code or the content of static variables.

To better understand .dex files, it is possible to imagine them as a sequence of hierarchical
references that, starting from the header, lead to the target data structures.
In this work, particular attention is given to the Dalvik bytecode instructions to call a method.
These are called invoke. As shown in Figure 1, an invoke-type instruction can be direct (to call a
constructor, a static, or a private method) or virtual (to call a public method); it may have multiple
registers in which the method parameters are contained, and it features the class and method to call
(as well as the return type of the method).

Figure 1. General form of an invoke instruction.

2.2. Android Malware Detection
Mobile attacks are a real security issue for Android users, as a wide variety of malware families has
been released in the wild, each one with different peculiarities. Two different analyses and detection
approaches are generally used to mitigate this issue: static analysis and dynamic analysis.
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Static analysis is based on disassembling an Android application and scanning its components
to find malicious traces without executing the application. A malicious trace is a sequence of bytes
(which can be translated, for example, to a sequence of instructions) with which it is possible to
recognize a particular malware family. Concerning Android, different research works have been
published about this type of analysis. Feng et al. [3] proposed Apposcopy, a detection tool that
combines static taint analysis and intent flow monitoring to produce a signature for applications.
Arzt et al. [4] proposed FlowDroid, a security tool that performs static taint analysis within the single
components of Android applications. Zhou et al. [5] proposed DroidRenger, a detection system
that performs static analysis on previously unknown Android malicious applications in official and
third-party market stores. Static analysis is quick, and it requires low computational resources and
time. For this reason, it can be implemented on Android devices as well. However, this technique is
subject to high rates of false positives. The reason is that to perform static analysis, it is necessary to
know a malicious trace in advance, so this detection method may be easily evaded by obfuscating
the code.
Concerning dynamic analysis, it is based on executing and monitoring an application in
a controlled environment (i.e., sandbox or virtual machine). The goal is to inspect the interactions
between the application and the system to reveal all the suspicious behaviors. With respect to Android,
multiple systems have been proposed about this type of analysis. Tam et al. [6] proposed CopperDroid,
a dynamic analyzer that aims to identify suspicious high-level behaviors of malicious Android applications.
Zhang et al. [7] proposed VetDroid, a dynamic analysis platform to detect interactions between the
application and the system through the monitoring of permission use behaviors. Chen et al. [8] proposed
RansomProber, a dynamic ransomware detection system that uses a collection of rules to examine
several execution aspects, such as the presence of encryption or unusual layout structures. Dynamic
analysis is more challenging to implement. It requires more computational resources and time to be
executed. This is why this type of analysis cannot be implemented on a mobile device. However, it has
better performances in detecting well-known and never seen malware families.
Currently, machine learning-based systems have become widely employed to detect whether
or not an application is malicious. This is because this type of algorithms can identify particular
patterns by analyzing specific application behaviors, such as resource usage, system calls, and specific
permissions. A pattern is defined as a collection of features that may describe a particular behavior
in a unique way. Hence, once the malicious patterns are defined, it is possible to identify all the
applications that fall into those patterns and classify them as malicious. Generally, the features used
for the classification of patterns are gathered using static or dynamic analysis.
R-PackDroid [12,21]. We now briefly describe the work by Maiorca et al. [12], which is the basis of
the setting considered in this paper. The authors proposed a system designed for the detection of
Android ransomware attacks. This machine learning-based system uses three labels to classify Android
applications: benign, malicious, and ransomware. The feature set consists of the occurrence of API
package calls, which marks a difference from other malware detection proposals, such as DREBIN [10],
which considers the simple presence of specific calls (system-related or not), resulting in a binary
feature vector. This system has attained high performance in discriminating ransomware samples.
On the basis of this work, Scalas et al. [21] performed a comparison of the impact of more granular
features (API class calls and API method calls) on detection. In our case, we consider the original
proposal of API package calls.
2.3. Detection Evasion and Defense
Although the detection approaches discussed in Section 2.2 help improve Android’s security by
detecting malicious activities, they are far from being infallible. Different techniques may be employed
to evade detection.
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When static analysis is employed to detect malicious behaviors, it is possible to modify the
application to hide the malicious content by using obfuscation techniques. As multiple research works
have shown [22,23], these techniques may be differentiated into two primary groups: trivial and
non-trivial. Trivial obfuscation techniques are easy to implement, and they are based on modifying
the structural application files without altering the code. The non-trivial ones are more challenging to
implement, and they are based on the modification of the structural application files and code, thus
resulting in a more effective detection elusion.
To detect and analyze the aforementioned obfuscation techniques, it is possible to use specific
detection tools to see if an application has any signs of trivial or non-trivial obfuscation [24]. Another
possible way to analyze an obfuscated application is through dynamic analysis, which allows the
analyst to access the content of the variables and the obfuscated code’s output at run-time.
Since dynamic analysis is usually performed inside a virtual environment (to preserve the system
from malicious executions), it is possible to employ a tool to detect virtualization. Hence, attackers
may block the execution of some routines to hide the malicious behavior.
Adversarial Machine Learning. As pointed out by multiple research works [14,25,26], machine
learning algorithms are tested with datasets whose samples have the same probability distribution.
This means that machine learning classifiers that do not employ any adversary-aware approach are
vulnerable to well-crafted attacks that violate this assumption. This scenario is called adversarial
machine learning.
Among adversarial offensives, in evasion attacks, attackers take a malicious application and
manipulate its features to lead the classifier to misclassify the malicious sample as a benign one. To do
so, the features that are generally used are the system or non-system calls (classes and packages) and
the information contained in the Android Manifest, such as, among others, permissions and activities.
To increase the security of machine learning-based classifiers, the training phase of these systems
is conducted proactively, trying to predict possible attacks with threat modeling techniques [14].
A proactive approach depends on the considered attack scenario, which is based on the system
knowledge of the attacker. The higher is the attacker’s system knowledge, the more effective is
the attack.
3. Related Work
While it is possible to find multiple research efforts about the formal aspects of the evasion
attack, few of them have focused on creating adversarial samples that accomplish this kind of attack
in practice.
Concerning the Android domain, Pierazzi et al. [19] proposed a formalization for problem
space attacks and a methodology to create evasive Android malware. In particular, starting from
the feature space problem, which has been widely discussed in the literature, they identified the
constraints to keep the generated samples working and realistic. This means creating adversarial
samples that are robust to pre-processing analysis, preserved in its semantics, completely functioning,
and feasible in its transformations. We discuss such constraints more extensively in Section 4.2.1.
To generate the adversarial samples, they used an automated software transplantation technique, which
consists of taking a piece of code (that contains the wanted features) from another application. Finally,
they evaluated their system on DREBIN [10], an Android malware detection system based on an SVM
algorithm that uses binary features, and its hardened variant, which uses a Sec-SVM classifier [14].
They showed that it is possible to create a sample that evades the classification (with about 100%
probability), making about two dozen transformations for the SVM classifier and about a hundred
transformations for the Sec-SVM classifier. While this work is robust and effective in its methodology,
it could be possible to use an opaque predicate detection mechanism to detect the unreachable
branches [27,28].
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Grosse et al. [29] proposed a sample generation method with only one constraint: keeping the
semantics of the evasive samples consistent with a maximum of 20 transformations. They tested their
system with a deep neural network classifier trained using the DREBIN dataset. However, their work
only performed minimal modifications to the Manifest, so these modifications may be detected
with a static analysis tool made to remove unused permissions and undeclared classes. Furthermore,
the adversarial samples were not tested, so there is no way to know whether the adversarial samples
were correctly executed.
Yang et al. [30] proposed a methodology to create adversarial Android malware following
two principal constraints: preserving the malicious behaviors and maintaining the robustness of the
application (e.g., correct installation and execution). They evaluated their adversarial malware system
against the DREBIN classifier [10] and the AppContext classifier [31]. However, their methodology
lacks in preserving the stability of the application (e.g., they show high rates of adversarial application
crashes), especially when the number of features to add increases.
It is worth noting that, different from our case (see Section 4), all the above-mentioned articles
evaluated their proposals on systems with binary features, thus only highlighting the presence or
absence of certain characteristics in the app.
For what concerns other domains, Song et al. [20] presented an open-source framework to create
adversarial malware samples capable of evading detection. The proposed system firstly generates the
adversarial samples with random modifications; then, it minimizes the sample, removing the useless
features for the classification. They used two open-source classifiers: Ember and ClamAV. They also
described the interpretation of the features to give a better explanation of why the generated adversarial
samples evade the classification. They showed that the generated adversarial malicious samples
can evade the classification and that, in some cases, the attacks are transferable between different
detection systems.
Rosenberg et al. [32] proposed an adversarial attack against Windows malware classifiers based
on API calls and static features (e.g., printable strings). They evaluated their system with different
variants of RNN (recurrent neural network) and traditional machine learning classifiers. However,
their methodology is based on the injection of no-op API calls that may be easily detected with a
static code analyzer. Hu and Tan [33] proposed a generative adversarial network (GAN) to create
adversarial malware samples. They evaluated their system on different machine learning-based
classifiers. However, their methodology is not reliable because of the use of GAN, which is known to
have an unstable training process [34].
4. Model Description And Methodology
In this section, we first describe the threat model to perform the evasion attack in the feature
space (Section 4.1), followed by the constraints to consider in order to accomplish it in the problem
space (Section 4.2). Finally, we illustrate the steps adopted to generate the concrete adversarial samples
(Section 4.3).
4.1. Threat Model
The typical main aspects to consider when modeling the adversarial threats are the following:
the attacker’s goal, the attacker’s knowledge, and the attacker’s capability [14,15,20].
Attacker’s goal. This consists of pursuing an indiscriminate or targeted attack. In the first case,
the attacker is generically interested in having the samples misclassified. In the second case, its
goal is to have specific samples classified as a target class. In our setting, the attackers aim to make the
detection system classify ransomware apps as trusted ones. In particular, since we consider the evasion
strategy, they fulfill this goal by modifying the Android apps at test time rather than by poisoning the
system’s training set.
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Attacker’s knowledge. Given a knowledge parameter Φ that indicates the amount of information
about the target detection system available to them, this can be related to:
(a)
(b)
(c)

the dataset D;
the feature space X;
the classification function f .

Accordingly, Φ = ( D, X, f ) corresponds to the scenario of perfect knowledge about the system and
represents the worst case for a defender. However, it is unlikely to see such a scenario in real cases,
as attackers often have incomplete information (or no information at all) about the target system.
For this reason, in this work, we simulate a scenario where the attacker has minimum information
about the Android detection system. Specifically, we focus on the mimicry attack, which has been
studied in previous work [14–16]. In this case, Φ = ( D̂, X ), which means that the attacker knows
the feature space and owns a set of data that is a representative approximation of the probability
distribution of the data employed in the target system. This is a more realistic scenario, in which
the attacker can modify the features of a malicious sample to make its feature vector as similar as
possible to one of the benign samples at its disposal. As a comparison, we also consider a random
noise addition attack, which does not allow targeting a specific class, but can be useful to provide
a generic assessment of the vulnerability of the system to perturbed inputs.
Attacker’s capability This refers to the kind of modifications that the attacker is able to perform on
a sample, e.g., a malicious Android application. For example, the Android detection domain mostly
allows the attacker to only add new elements to the app (feature addition), such as permissions, strings,
or function calls, but does not permit removing them (feature removal). We discuss this aspect with
more detail in the section that follows.
4.2. The Problem Space Domain
Our goal is to evaluate to what extent it is feasible to generate real-world Android adversarial
samples. In particular, in this work, we focus our analysis specifically on the constraints and
consequences of injecting system API calls. To do so, the first concern to consider is the so-called
inverse feature-mapping problem—or the more generic problem-feature space dilemma [18]. As hinted
at in Section 1, this refers to the difficulty of moving from the feature space to the problem domain
(or vice versa), i.e., finding an exact, unique correspondence between values in the feature vector and
characteristics in the problem domain, e.g., functionalities in an Android application. The feature
mapping problem can be defined as a function ψ that, given a sample z, generates a d-dimensional
feature vector x = [ x1 , x2 , ..., xd ], such that ψ(z) = x [19]. Conversely, the opposite flux in the inverse
feature-mapping case is a function S, such that taking a feature vector x, we have S( x) = z0 . However,
it is not guaranteed that z ≡ z0 .
As an example, let us consider the feature vector of our setting, which consists of the occurrence
of API package calls. Due to this choice, the value of a feature xi in the feature vector can be increased
through two main behaviors in the Android application: (a) the call of a class constructor and (b) the
call of a method. In both cases, the class involved in these calls must belong to the package that
corresponds to the i-th feature. This means that there are as many ways to change that feature value as
the number of callable classes in the package. Figure 2 exemplifies this aspect by showing, for a few
packages, their related classes that we identify as callable for our purposes. By contrast, an alternative
feature vector (as discussed in [21]) that describes the occurrence of system API method calls would
have a one-to-one mapping between the i-th feature and the call of the corresponding method.
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Figure 2. List of usable classes for three different Android packages.

The above-described issue is particularly relevant for the creation process of adversarial samples.
Another implication to consider is the potential presence of side-effect features, i.e., the undesired
alteration of features besides the ones targeted in the attack [19]. For example, inserting whole portions
of code to add specific calls may have the effect of injecting unnecessary, additional calls. This may
lead to an evasive feature vector that is slightly different from the expected one, thus making the
behavior of the target classifier unpredictable.
The injection approach considered in this work starts from the will of inserting the minimum
amount of modifications needed to evade the detection. However, other concerns must be taken into
account in order to create a realistic, working adversarial malware. We discuss them below.
4.2.1. Constraints
We now present the constraints that we consider in our approach and their implications on the
injection strategy design. We illustrate them on top of the definitions proposed by Pierazzi et al. [19].
We refer the reader to that work for further details.
Available transformations. The modification of the features has to correspond to doable actions in the
problem domain. That is, it is necessary to evaluate the set of possible transformations. In the case of
Android, some sample modifications could lead to a change in the app behavior, a crash during the
execution, or rejection by the Android Verifier. Typically, the attacker can only add new elements to the
apps (feature addition), such as permissions, strings, or function calls, while it is harder for it to remove
them (feature removal). For example, it is not possible to remove permissions from the Manifest.
In this work, we choose the feature addition strategy, as we only inject new system API calls into
the dex code. In this sense, it is possible to successfully perform the modifications only for a reduced
set of Android system packages and classes. In fact, the packages we inject are the ones whose classes
are not interfaces or abstract classes and whose constructors are public and accessible. Another issue is
related to the call parameters. These have to be correctly defined because Java has a strict, static type
checking. Thus, to call methods or constructors that receive specific parameters, one could create and
pass new objects of the needed classes. Since this can result in being a complicated procedure, in this
work, we start exploring the most straightforward setting for attackers, i.e., where they restrict the set
of callable classes to the ones that need primitive or no parameters at all. We evaluate both cases in
Section 5.2, and we implement the no-parameters case.
Preserved semantics. The transformations must preserve the functionality and behavior of the original
sample, e.g., the malicious behavior of Android malware. To check if the application’s behavior has
been kept unchanged after the injection, one could build a suite of automatic tests to perform basic
operations. For instance, it is possible to open and close the main activity, put it in the background,
then verify if the produced output is the same as the one of the original app. In our setting, the main
criticality of the injection of API calls is related to the execution of operations that could lead to crashes
or block the execution, which is especially relevant when calling methods, while more manageable
when calling only class constructors. More specifically, a call may require a reference to non-existent
objects, causing an exception in the execution (e.g., openOptionsMenu() from android.view.View if
no Option Menu is present) or may block the user interface if it runs in the main thread.
Plausibility. The created adversarial samples have to be plausible for human inspection, i.e., they
do not contain evident (from a human perspective) signs of manipulation. For example, having
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50 consecutive calls of the same method inside the same function would be extremely suspicious.
However, this concept is also quite tricky in practice; in fact, there are no general and automatic
approaches to evaluate it. In our work, we pursue this constraint by limiting the repetition of the
same calls multiple times in the same portion of the app. In particular, we spread the injected calls
throughout the whole app in order to make a sequence of constructor calls less likely. However, a more
sophisticated strategy should take care of the coherence of the injected code with the application
context. For instance, adding permissions that do not pertain to the app’s scope could be suspicious to
the human expert.
Robustness. The alterations made to the samples should be resilient to preprocessing. For example,
injecting dead code in the app is common for attackers, but it is easy to neutralize through dead code
removal tools. In this sense, our approach aims at the injection of code that is properly executed.
4.2.2. API Injection Feasibility
In the specific setting of this work, successfully creating the adversarial samples implies carefully
selecting the system APIs to inject. Therefore, to implement the attack, the first step is to identify
what API constructors are usable. Starting from the complete set of them for each package of each
API level, we remove the ones that (a) are not public or have protected access, (b) belong to abstract
classes, (c) potentially throw exceptions (thus requiring a more complex code injection), and (d) receive
parameters of non-primitive types. Then, we identify as usable the classes that have at least one
constructor satisfying this filtering; consequently, we also derive the packages that have at least one
class available. Moreover, we consider two cases on the input parameters of the constructors: the first
one—which we call no-parameters—computes the values on the basis of the constructors that receive
no parameters in order to be called; in the second case—which we call primitive-parameters—we also
include constructors that receive parameters of primitive types, where by primitive, we mean one
among the following types: int, short, long, float, double, char, and boolean. Notably, attackers
could include other non-primitive types that are simple to manage, such as java.lang.String.
In Section 5.2, we evaluate the attained results quantitatively.
Explaining evasion. Besides identifying the modifiable packages and classes at the disposal of the
attacker, it would be interesting to understand if and to what extent the usable APIs turn out to be the
ones that are effective for evasion attacks; that is, the ones that, when modified, move the adversarial
sample towards the benign class.
To perform this kind of evaluation, we make use of integrated gradients [35]. This is a state-of-the-art
interpretability technique (for the sake of simplicity, in this paper, we also use the term explainability
interchangeably), part of the so-called attribution techniques. As illustrated by Ancona et al. [36],
this term means that the explanation of a sample z consists of a vector r z = [r1 , r2 , ..., rd ], where each
component is a real value—an attribution or relevance—associated with each feature. This value
can be positive or negative, depending on the direction in which the feature orients the classification.
As regards to integrated gradients specifically, it is a gradient technique since it is based on the
computation of the partial derivative of the prediction function f with respect to each feature of the
input sample vector xi . Different from other similar techniques, it is designed to deal with non-linear
classifiers. We refer the reader to the work by Ancona et al. [36] for further details.
The relevance values produced by this kind of technique are associated with each feature of
a single sample (local technique) and do not provide an estimate of the general importance of the
feature for the classifier (such as for global techniques). The relationship between interpretability and
adversarial attacks is currently under study. For example, recent work has proposed to put a bridge
between gradient-based explainability techniques (like integrated gradients) and evasion attacks
specifically in the Android malware detection domain, showing the correlation between relevance
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values and the vulnerability of detectors to sparse evasion attacks [37]. In the following, we then
assume that a relevant feature is significant for a successful realization of the evasion attack.
Since the attribution values of integrated gradients can be calculated with respect to a specific
output class of the classifier, we consider the trusted one. In this way, positive values indicate that a
feature moves the prediction towards the trusted class. Consequently, we consider a feature as relevant
(for evasion) when its attribution value is strictly positive. In other words, we identify the features
that influence the classification in the direction of the trusted class and, consequently, the ones that an
attacker should modify to evade the detection of the considered sample. We show this assessment
in Section 5.2.
4.3. Adversarial Malware Creation
The core of our implementation is based on two libraries: DexLib [38] and Apktool [39]. Dexlib is
a Java library with a great number of functionalities, such as reading, modifying, and writing Android
.dex files. Apktool is a tool to disassemble, reassemble, and debug an Android application. Figure 3
shows the architecture of our implementation of the system to generate adversarial samples according
to a mimicry attack—or a random noise one alternatively. The system takes as input a malicious
Android sample and gives as output an adversarial malware that is expected to be classified as benign.
The system chain consists of three phases that we describe in the following.

Figure 3. The architecture of the system. Firstly, it processes the given malicious sample to retrieve its
feature vector. Then, it performs the modifications to the feature vector using either the benign reference
vector (mimicry) or the noise vector (random noise adding). Finally, it generates the adversarial
malicious sample.

Feature Mapping. In this phase, the malicious Android sample is statically analyzed to detect and
count all the Android system API calls and create the numeric vector of features x = [ x1 , x2 , ..., xd ].
As shown in Figure 4, firstly, we parse the .dex files (using Dexlib) to get the API called through the
invoke functions (see Section 2), matching the Android system calls previously gathered from the
official Android documentation. Then, we count the occurrences for each API call. Finally, we generate
a sparse feature vector where, for every non-zero feature, there is the occurrence of the references to
the specific package inside the analyzed Android application.
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Figure 4. Example of feature mapping for the creation of the feature vector.

Attack. The extracted malicious feature vector is then modified to perform the attack. This phase
aims to generate an adversarial feature vector using a mimicry or a random noise addition approach.
As shown in Figure 3, for the mimicry case, we choose as a reference a unique benign feature vector
xm = [ x m 1 , x m 2 , ..., x m d ]. The choice of this vector can be made in different ways. Specifically, one might
choose the benign reference vector to be added to the malicious sample according to different strategies.
In Section 5.3.1, we compare the results of our experiments for four ways of choice, which we call:
mean, median, real mean, and real median. Basically, in the first two cases, we take as the reference
vector the mean (median) vector among the trusted samples available to the attacker, i.e., the test
set; in the remaining two cases, we consider the real sample of the test set that is closest to the mean
(median) vector. Specifically, we take the real sample with the highest cosine similarity, calculated
with respect to the reference feature vector through the following formulation:
Cosine Similarity( x, xm ) :=

∑id=1 xi x m i
k xkk xm k

(1)

As regards the random noise addition, we generate a noise vector xn = [ x n 1 , x n 2 , ..., x n d ].
We consider different implementation strategies for the attack (see Section 5.3.2) also in this case.
We define these strategies as absolute and relative. The first one consists of increasing, for each
feature, the occurrence of the correspondent call with a randomly chosen value between zero and the
considered noise level (e.g., 10). In the second one, the features are added by taking into account the
original value of each feature in the sample. For example, with an original feature value of 20 and a
noise level of 50%, we randomly increase the occurrence with a value between zero and 10.
Once we obtain the vector that enables the modification, for the mimicry case, we compute the
difference between the reference feature vector and each malicious one, then add the resulting features
to the malicious sample, creating the adversarial feature vector x a = [ x a 1 , x a 2 , ..., x a d ]. Notably, if the
original malicious sample exhibits one or more features with values higher than those of the reference
vector, we keep the same value of the original sample (otherwise, we would have performed feature
removal). Regarding the random noise addition case, the noise vector is added to the malicious feature
vector to create the adversarial feature vector x a .
Inverse Feature Mapping. This phase is the opposite of the feature mapping phase, so each value
of the adversarial feature vector, which is not already in the malicious sample, is matched with the
corresponding Android system call and added in the malicious sample. We use Apktool to disassemble
the Android application; then, we employ Dexlib to perform all the modifications on the bytecode
level. Finally, we leverage Apktool again to reassemble and sign the generated adversarial sample,
which is manually tested to verify that the functionality is preserved. As introduced in Section 4.2,
for each feature (package), there may be more than one usable constructor since multiple classes can be
available. Thus, for each feature, we randomly choose a constructor among the available ones. In this
way, we increase the plausibility of the adversarial app, as it would be easier for a code analyst to
notice the same class called multiple times rather than different classes of the same package. In this
sense, we also spread the injected calls across all the methods already defined in the .dex file, so that
they are not concentrated in a unique portion of code.
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Each injected call is added by defining an object of the related class and calling its constructor.
Figure 5 shows the Smali representation of the injection code. We can see a new-instance function to
create an object of the class to add and an invoke-direct function to call the constructor of that class.
The injected instructions are placed before the return statement of the selected method. Notably,
the choice of calling constructors does not cause any side-effect since no features other than the target
ones are modified within the feature vector.

Figure 5. Example of the injection of an Android system call.

5. Experimental Results
In this section, after detailing our experimental setup (Section 5.1), we evaluate the capability for
the attacker to inject Android’s system API calls (Section 5.2). Then, we show the performance of the
mimicry and the random noise attacks (Section 5.3), as well as their impact in terms of added calls
with respect to the original samples (Section 5.4).
5.1. Setting
Dataset. We use the same dataset as [21], composed of 39,157 Android applications, 3017 of which
are ransomware applications, 18,396 trusted applications, and 17,744 malicious applications (that
do not include ransomware). As concerns the ransomware samples, they were gathered from the
VirusTotal [40] service and the HelDroid dataset [41]. The malware samples were retrieved from
(a) the Drebin dataset [10], (b) Contagio, a free source of malicious mobile applications, and (c)
VirusTotal. As concerns the trusted applications, they came from the Google Play store, thanks to an
open-source crawler [42], and from the Androzoo [43] dataset.
Feature extraction. As described in Section 2.2, we used R-PackDroid [12] as a reference detection
system. The feature set consists of the cumulative list of system API packages up to Level 26 (Android
Oreo), for a total of about 200 features. In particular, in our case, the set of APIs was strictly limited to
the to the Android platform [44] ones.
Classifier. We trained an MLP (multilayer perceptron) neural network with Keras [45]. We performed
a five-fold cross-validation repeated 100 times, along with a search for the best hyperparameters
(e.g., number of layers, number of neurons per layer) for the net. We performed a random split for each
repetition, with 50% of the dataset used as the training set. Figure 6 shows the mean ROC curve over
the five repetitions; we performed all the experiments using the best classifier of the first iteration.
Notably, the detection performance was not the optimal one for this setting since, in our tests,
we attained better results with a random forest algorithm. However, explanations with integrated
gradients cannot be produced from random forest due to the non-differentiability of its decision
function. Therefore, to keep our setting coherent, we chose to perform all the experiments on the
MLP classifier.
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Figure 6. Average ROC curve of the MLP classifier over the five repetitions of the 10-fold cross-validation.
The lines for the ransomware and malware classes include the standard deviation in translucent color.

5.2. API Injection Evaluation
As explained in Section 4.2, attackers have to take into account the feasibility of the alterations
of their malicious samples. Table 1 shows, for each API level up to 29, the percentage of usable
packages and classes out of the whole set of APIs. In particular, Table 1a is related to the no-parameters
case. Depending on the Android API level, it is possible to cover several packages, from 51% to 57%,
and several classes between 15% and 27%.
In the second case—primitive-parameters—of Table 1b, we also include constructors that receive
parameters of primitive types. With this variation, it is possible to cover more packages, between 55%
and 61%, and more classes, between 18% and 33%, depending on the Android API level. Overall, we
point out that the results are similar in both cases, but the effort in the first case is lower since that
attacker does not need to create and inject new variables with the correct primitive type. Therefore,
the first approach is more convenient for an attacker that wants to generate adversarial samples.
It is worth noting that the attacker’s goal is to infect the highest number of devices possible.
Consequently, the minimum API level of a malicious sample tends to be very low. For example,
by extracting the sdkversion field in the Manifest of each ransomware sample of our test set, we
verified that several apps lie in the 7–9 range. Therefore, attackers are encouraged to inject older APIs
rather than the newer ones.
Table 1. Number of available packages and classes for each Android API level. In Table 1a, only
constructors without parameters are considered, while in Table 1b, we also include constructors that
receive primitive parameters.
Granularity (%)

Android API Level
2

Packages
Classes

3

4

5

6

7

8

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29

53 54 55 56 56 56 55 55 55 56 57 57 56 56 55 55 55 55 55 54 53 53 53 53 51 51 51 51
27 26 26 25 25 25 24 24 24 24 24 24 23 23 22 22 21 21 21 19 19 18 18 18 17 17 16 15
(a)

Granularity (%)

Android API Level
2

Packages
Classes

3

4

5

6

7

8

9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29

58 59 59 61 61 61 60 59 59 60 61 61 60 60 59 59 58 58 58 57 58 58 58 58 56 56 55 55
33 32 32 31 31 31 30 29 29 29 29 29 28 28 27 26 26 25 25 23 23 22 21 21 20 20 19 18
(b)
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Are the modifiable features effective for evasion attacks? The number of available packages and
classes inferred in the previous experiment appears to be not really high. However, as introduced
in Section 4.2.2, it is also worth inspecting the importance of the usable features to the classification.
From now on, we conduct all of our experiments using the ransomware samples of the test set,
which emulates the set of samples at the attacker’s disposal. We computed the explanations using
DeepExplain [46].
As a first point, we evaluate the percentage of relevant features modifiable by the attacker for each
sample. We attain a mean value across the samples of 72.1% for the no-parameters case and of 73.8%
in the primitive-parameters one. This result suggests that the attacker can modify a good number of
useful features to evade detection. As a second test, we identify which relevant features are the most
frequent among the modifiable ones. The results are shown in Figure 7. As can be seen, the shown
features correspond, as expected, to the ones that are known to be descriptive of the trusted samples,
i.e., a broad set of functionalities related, for example, to the app’s user interface.
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Figure 7. Top 15 relevant features among the usable ones.

5.3. Attack Results
In the following, we assess the mimicry attack’s performance and, as a comparison, the most
straightforward attack possible, the random noise one.
5.3.1. Mimicry Attack
Figure 8a shows the evasion rate for four different reference samples, as illustrated in Section 4.3;
that is, how many adversarial samples evade the classification. In the x-axis, we evaluate an increasing
percentage of modified features, i.e., the number of injected packages out of the total number of
modifiable ones by the attacker. Since the choice of the subset of features to modify for each percentage
level below 100% is random, we show the average result over five repetitions. Moreover, it is worth
noting that each chosen feature exhibits a different number of calls to inject because some APIs are
being called in the app thousands of times, while others might be referenced only a few times. In the
same figure, it is possible to see that all the curves present similar trends.
In Figure 8b, we focus on the median strategy and show how the samples are classified. We can
see that the evasion works as desired because the number of samples classified as trusted increases
while the number of samples classified as ransomware and malware decreases. Notably, in Figure 8a,
the evasion rate at 0% of modified features is not zero because some ransomware samples are mistakenly
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classified as benign or malware. For the same reason, Figure 8b shows that the detection of the samples
as ransomware is not 100%.
Mimicry Attack Evasion Rate
Real mean

Real median

Mimicry Attack Detection (median case)
Mean
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0
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100
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Assigned class (%)
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Number of modiﬁed features (%)

(a)

100

Trusted

Malware

Ransomware

80
60
40
20
0
0

20

40
60
80
Number of modiﬁed features (%)
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(b)

Figure 8. Mimicry attack’s evasion rate for different choices of the reference sample (a). Detection rate
detail of the ransomware samples (b). Both figures are the average results over five repetitions and
include the standard deviation in translucent color.

5.3.2. Random Noise Attack
After the mimicry attack, we performed a random noise addition attack, which can be useful
as a reference since it only consists of injecting API calls without any specific pattern or target
class. Following the same procedure as Section 5.3.1, the results are shown in Figure 9. Specifically,
the absolute approach is the one shown in Figure 9a. On the left side, we evaluate the evasion rate for
different levels of added noise. As we can see, the higher the noise level is, the higher the evasion rate
is. On the right side of the figure, we show the detail of the assigned classes for a noise level equal to
20, which achieves similar evasion levels as the mimicry case. As we can see, the curve also exhibits
the same tendency, i.e., it causes an increasing detection of the ransomware samples as legitimate
ones as if it was a targeted attack. This is significant since it seems to suggest that no specific injection
pattern is needed to make ransomware samples classified as trusted ones. Consequently, attackers
would not need a set of trusted samples with the same probability distribution of the target system’s
training set, which is necessary to perform the mimicry attack.
The relative approach is shown in Figure 9b. The evasion rate on the left side of the figure is,
in this case, completely different from the absolute one, reaching a value of around 15% at the highest
point. Notably, there is no significant difference between each noise level. This can be related to the
sparsity of the samples’ feature vector. In fact, several features have a zero value, so the percentage of
a zero value would always end up with no addition. Therefore, in our implementation, we chose to set
a random increase between zero and one. Ultimately, this result shows that adding a high percentage
of noise only to the features that already had non-zero values is insufficient to accomplish the evasion.
5.4. Injection Impact
The mimicry and the random noise addition attack results showed that the evasion rates can go
up to around 80%. This appears to be an outstanding result; however, it does not depict the full view
of the problem. For example, it does not tell anything about the plausibility of the adversarial sample.
In fact, we may say that the plausibility for the method proposed in this paper is inversely correlated
to the number of injected features. The more additional calls (with respect to the original sample) there
are, the lower is the plausibility. Therefore, with Figure 10, we evaluate the impact on the samples of
both the considered attacks (median case for the mimicry attack, absolute noise level equal to 20 for
the noise attack), in terms of extra calls added. As with the previous Figures, in the x-axis, we put an
increasing percentage of modified features. We insert two y-axes to show the average number of added
calls both as a percentage of the original amount (left axis) and as the absolute number (right axis).
As can be seen in Figure 10a, the mimicry attack causes a massive increase in calls. For example,
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let us fix the evasion rate to 50%, which requires modifying around 35% of the modifiable features
(see Figure 8a). With this setting, the increment of system API calls would be almost nine thousand
percent on average. Notably, the standard deviation is quite high, so this number can be significantly
higher or lower; nevertheless, the generated adversarial sample would most likely not be realistic.
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(a) Absolute noise addition
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(b) Relative noise addition
Figure 9. Evasion rate for different levels of noise injection in the absolute and relative cases (left side
of Figure 9a,b, respectively). Detection detail for a noise level equal to 20 (right side of Figure 9a) and a
1% noise level (right side of Figure 9b). All the results are the average over five repetitions and include
the standard deviation in translucent color.

The random noise addition attack attains much better results in this sense. A 50% evasion rate
is accomplished by modifying around 30% of the modifiable features (see Figure 9a), which means
injecting 69% additional calls with respect to the original samples on average. Although the difference
with the mimicry attack is significant, the level of additional calls to add results in being too high to
be plausible.
Overall, the results showed the detector’s vulnerability to perturbed inputs, even with
a non-targeted attack. However, to achieve a sufficient evasion rate, attackers need to inject a vast
number of calls, which weakens the attack’s plausibility.
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Figure 10. Average impact on the number of calls for mimicry (a) and noise (b) attacks. The standard
deviation is also reported in translucent color.

6. Conclusions, Limitations, and Future Work
In this work, we present a study about the feasibility of performing a fine-grained injection
of system API calls to Android apps in order to evade machine learning-based malware detectors.
This kind of strategy can be particularly effective for creating a massive amount of adversarial samples
with a relatively low effort by the attackers. However, we discuss the necessity of satisfying several
constraints to generate realistic, working samples. In fact, the experimental results show that both
the mimicry and the random noise attacks, which do not require a high level of knowledge about the
target system, suffice to evade classification. Nevertheless, they cause a substantial loss of plausibility
of the generated adversarial sample since they add an excessive number of additional calls, thus
weakening the effectiveness. Therefore, we believe that future work should focus on implementing an
evasion attack using a gradient approach, minimizing the number of injected features to preserve the
plausibility. This aspect is also relevant to highlight that the detector considered in our work employs
non-binary features (different from all previous articles in the literature). Consequently, we think an
interesting future work would be to compare the impact of the feature vector design on the practical
feasibility of adversarial malware creation.
We also point out that our specific implementation to address the inverse feature-mapping
problem is not optimal as well in terms of plausibility. In fact, other work in the literature—such as
the one by Pierazzi et al. [19] where portions of real code were injected through automated software
transplantation—present, among others, the potential issue of injecting code that is out of context with
respect to the original app. In our case, the main concern lies instead in the choice of injecting calls
to class constructors. That is, we call new objects that are not used in the rest of the code. Therefore,
a more plausible solution for future work could be the injection of method calls, which are more likely
to be realistic even without being referenced next in the code.
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