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The last decade has witnessed a massive deployment of Machine Learning tools in every-
day life automated tasks. Neural Networks are nowadays in use in a growing number of
application areas because of their excellent performances. Unfortunately, it has been
shown by many researchers that they can be attacked and fooled in several different ways,
and this can dangerously impair their ability to correctly perform their tasks. In this paper
we describe a watermarking algorithm that can protect and verify the integrity of (Deep)
Neural Networks when deployed in safety critical systems, such as autonomous driving
systems or monitoring and surveillance systems.
� 2021 The Authors. Published by Elsevier Inc. This is an open access article under theCCBY-

NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

In the last decade the fast development of deep learning (DL) techniques has generated a massive interest in building,
training and deploying systems that heavily relies on these models. The most popular class of deep learning models is Deep
Neural Networks (DNN), which has been successfully adopted in many artificial intelligence applications, such as image
recognition [14], natural language processing [21] and speech recognition [2,12]. A state-of-the-art Neural Network (NN)
or DNN model is usually made of a large number of structured layers and a huge number of parameters to train. Therefore,
a lot of computational resources, storage and time is needed to generate such a model and to deploy it in the product. Once
deployed into a safety critical system, it is important to be able to verify the integrity of the model, in order to guarantee that
it has not been tampered with. To achieve such an aim, a fragile watermarking method could be used to insert a watermark
into the model to be protected and ensure the integrity of the system by checking if the watermark is intact.

In the field of computer security, the branch related to digital watermarking deals with the protection, in a wide sense, of
digital objects. One of the main characteristics of watermarking is the embedding of a watermark signal w directly into the
digital host object O: this differentiates watermarking from digital signatures which are an extra information to be carried
along with the host object O. The watermark w may be a binary or real valued signal, and may also be, in some cases, the
digital signature of the object O.

Many watermarking algorithms have been developed, with different objectives in mind, but all have the same high-level
structure; in general, protecting an object with a watermark involves two complementary operations.

The first operation is the embedding E: it is performed only once and, in general, off-line, thus it may require more com-
putational resources than the second step. The embedding phase embeds a watermark sequence w into the host object O: to
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make the whole process secure, or to increase its security, this phase may use a secret key k. The object Ow resulting from the
embedding procedure may thus be expressed as Ow ¼ E O;w; kð Þ.

The second operation is the validation (or verification or detection) V: this procedure is performed every time the need
arises for testing if an object contains a watermark signal, therefore a fast and light process is to be preferred. When a pos-

sibly watermarked and altered object O
0
w must be tested, the object is given to the validation function V O

0
w

� �
, which returns

a boolean value stating if the watermark is present and eventually extracts the contained watermark signal w0 . In general, V
requires the secret key k used by E and, in some watermarking algorithm, also the host object O and/or the original water-

markw. This means that V may depend on all these parameters and hence is written as V O
0
w;w; k;O

� �
. Obviously, the kind of

parameters required during validation changes the field of application of the algorithm.
A wide variety of watermarking algorithms have been developed to fit different goals and fields of application. To make

their differences apparent, it is then useful to classify them by their characteristics, properties, and constraints. Also, in the
following discussion, we will show how each property or characteristic applies to the specific case of the object of this study:
i.e., the embedding of watermarks in Neural Networks.

Transparency: a watermarking algorithmmay follow awhite-box or a black-box approach depending on the visibility of the
NN in the validation phase. If the validation function has no direct access to the parameters and structure of the NN, the
approach is black-box, otherwise it is white-box. To clarify, in black-box systems, since the validation function cannot access
the parameters of the NN, to establish if the watermark is present, V can only check the output of the NN over one or more
samples.

Reversibility: if the validation phase may recover the host object O from the watermarked one the algorithm is called re-
versible, otherwise it is called non-reversible or irreversible. Recovering may need the secret key k used during embedding and,
possibly, the watermark signal w. In case a NN is marked with a non-reversible algorithm, particular care must be given by
the algorithm developer to show that the embedding of the watermark signal does not impact the NN performances.

Blindness: if the validation phase needs the host object O, that is V is in the form V O
0
w; � � � ;O

� �
, then the algorithm is called

informed, or non-blind; otherwise, it is called blind. Applications where the NN is deployed in an external environment nec-
essarily require blind watermarking algorithms.

Robustness: if the application context requires contrasting attacks to the watermarked object aimed at the removal of the
watermark then the algorithm must be robust and the validation function should be able to recover the presence of the
watermark signal even if the watermarked object has undergone severe modifications: this is the case of copyright protec-
tion, when a NN developer wants to protect its rights as owner of a product which required skills, efforts and computing
power in training a NN. On the other hand, if the purpose of the application is to discover attacks aimed at modifying the
NN behavior then a fragilewatermarking algorithm is needed which has a validation function that detects the minimal mod-
ification to the watermarked object: for example, if a NN operates in a critical environment (e.g. driving a car or flying an
airplane) it is important to be able to check its integrity.

Imperceptibility: this property is more related to multimedia objects, like music, images, videos, and refers to a subjective
judgment of a human on the watermarked object stating if the watermark signal (e.g., a logo superimposed on an image or
on a TV broadcast to identify the producer of the content) is visible (audible), in which case the watermark is said perceptible,
or not (imperceptible). In some cases, the watermark is intentionally left perceptible, but in the NN context this has little
sense because the main goal is to watermark a NN to the minimum extent to avoid altering its expected behavior.

Domain of embedding: the watermark signal may be embedded by directly modifying the original data of the host object
(like the vertex coordinates of a 3D model or the pixel values of a digital image) or the original data may be transformed in a
different domain, like the Singular Values Decomposition domain or the Wavelet Transform domain. In these cases, the
watermark is embedded into the computed coefficients and finally the modified coefficients are converted back to the orig-
inal domain by means of an inverse transform. In the first context the algorithm is said to work in spatial domain, time domain
or host domain, whereas if a transform is involved, the watermark is embedded into the frequency domain. In the case of NN,
algorithms may operate directly on the network parameters and structure or transform them in some chosen frequency
domain before embedding.

In this paper, we describe NeuNAC (Neural Network Authenticity Checker), a fragile watermarking algorithm that may be
applied to generic (deep or not) neural networks: it adopts a white-box approach to protect network structure and weights,
it is blind, fragile and secure. Security is ensured by embedding the watermark in a secret frequency domain defined by the
Karhunen-Loève Transform (KLT). Even if the algorithm is non-reversible, we will show that for many different tasks there is
no degradation in performances of the watermarked neural network with respect to the original one. Starting from the
framework proposed in [5], in this paper we devise a solution to face the new challenges posed by the digital object to
be watermarked, i.e., a neural network. In this context, in fact, in addition to showing that the watermarked object has min-
imal distortion with respect to the original one (as it is normally done with images), one needs to take into consideration also
the properties of reliability and performance. Specifically, one should demonstrate that it is very hard to find inputs produc-
ing diverging outputs for the host and the watermarked neural networks. Moreover, the intrinsic representation of a neural
network needs a watermark embedding method that: i) is able to cope with the floating-point coding of the network weights
and ii) protects the network structure.

The main properties and innovations of the NeuNAC algorithm with respect to the previous works are:
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� improved NN tamper detection and localization: the integrity of the NN may be efficiently verified and any alteration to the
parameters or to the structure of the NN can be detected with very high probability; moreover, the algorithmmay localize
at block level (as defined in Section 4) the tampered area;
� security: given that the watermark string is built applying a cryptographic hash function to some NN parameters and suc-
cessively embedded into a secret frequency domain defined by a secret key, the watermarked object is protected against
intentional and unintentional attacks and the watermark signal cannot be extracted by unauthorized entities;
� lower distortion: given that the modification of the weight values is made in the less significant digits of the floating-point
representation, the distortion introduced by the watermark embedding is lower than the one the algorithm introduces for
images;
� adapted watermark generation strategy: the watermark generation uses a secret key and the MSBs of some weights that are
not modified by the embedding procedure;
� efficacy: as we will show in Section 5, the performances of the watermarked NN model are not impacted by the slight
modifications due to the insertion of the watermark;
� fast and light integrity check: the complexity of the verification algorithm is linear in the number of NN parameters and it is
designed to allow a sampling-based check of the integrity of the network so to make it usable in real time applications;
� targeting embedded systems: NeuNAC has been designed from the get-go to target embedded systems. Its unique design
allows a hardware implementation of the verification process adding an additional level of security to the system.

The NeuNAC algorithm has been developed for DNNs deployed into safety–critical systems, such as (semi) autonomous
car driving systems, energy monitoring systems etc., for which (intentional) tampering might cause severe and seriously
damaging accidents. In these systems, a periodic and possibly asynchronous check for integrity should be constantly carried
out. For instance, let us consider a DNN installed on a self-driving car to recognize pedestrians. It is not enough to check the
integrity of the network at startup, as a malicious attacker could compromise the network afterwards. We propose to con-
stantly and asynchronously validate the integrity of the network during its normal use and stop the system as soon as a tam-
pering is detected. The validation phase of NeuNAC is very fast (few milliseconds) and can be easily implemented into a
cheap hardware device.
2. Related works

Due to the widespread diffusion of images over the Internet, digital image watermarking has received much attention for
more than a decade [3]. Recently, the massive deployment of Neural Networks, which require large engineering and com-
putation efforts to be trained and possibly also to perform critical tasks, has posed the problem of protecting the intellectual
property and the integrity of such networks.

For what concerns black-box algorithms, [32] proposes a DNN watermarking algorithm for copyright protection; owner-
ship can be proved by querying the proprietary DNN model operated by a third party. To obtain this result, the model is
trained with secret pre-defined watermark patterns that produce specific classifications. Also, in [1] the authors use back-
dooring and the definition of a trigger-set to watermark a DNN that can be subsequently tested for copyright protection
without accessing the network parameters. [11] proposes a framework to perform robust watermarking of a DNN for embed-
ded systems: to achieve a black-box approach, the DNN is fine-tuned with original examples both unmodified and modified
with a mark derived from a signature, the latter examples producing a different classification label. [6] describes the Black-
Marks framework: this black-box approach fine tunes a DNN to embed a binary watermark string by first creating a set of
pairs (key image, label) with an adversarial attack and then embedding the set into the DNN. Adversarial examples are used
in [20] to watermark a model by slightly altering its decision frontier. Szyller et al. [28] modify the classification output of the
neural network in order to prevent model stealing attacks. Another black-box approach, tailored to protect DNNs for image
processing operations rather than classification tasks, is presented in [25], where the authors exploit the overparameteriza-
tion of the DNNs to produce a predefined output image when given a particular input image.

Wang and Kerschbaum in [30] show that the white-box method proposed in [23,29] may be attacked by exploiting the
weight variance and the watermark removed with overwriting operations that embed another watermark: moreover, the
new watermark does not suffer of the defect present in [23,29]. In a more recent paper [31] Wang and Kerschbaum present
a robust watermarking algorithm which is undetectable and whose watermark extraction function is performed by a deep
neural network trained with an adversarial network.

The above approaches differ from NeuNAC because their task is copyright protection, so the watermark must be robust to
attacks that aim at its removal. All of these approaches use a black-box algorithm during ownership testing, while some fine-
tune the networks and others build appropriate inputs that enable the watermark detection. NeuNAC, on the contrary, is
intended for integrity protection. The watermark needs to be extremely fragile so that it easily breaks when the DNN is
altered.

The only method we are aware of that is designed for integrity protection as NeuNAC is presented in [15] where the
authors propose VerIDeep. VerIDeep is a black-box method that builds special examples that are sensible to minimal mod-
ifications of the neural network. Submitting them to an altered DNN would make the network to produce outputs that are
different from the ones expected, thus allowing the system to identify that the network has been altered. Even though Ver-
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IDeep shares several properties with NeuNAC, it is not designed for embedded systems because its black-box verification
procedure requires querying the network synchronously, i.e., the network cannot be used while verifying its integrity. Neu-
NAC verification procedure, instead, can be run asynchronously while the DNN is in use.
3. Embedding tools

NeuNAC makes use of two important tools to embed the watermark into the neural network weights, namely the
Karhunen-Loève Transform (KLT) and Genetic Algorithms (GA). This section gives a brief description of both; a detailed
explanation of their use and methods of application is presented in [5].

The Karhunen-Loève Transform (also known as Principal Component Analysis, PCA) belongs to the set of linear transfor-
mations. A linear transformation is a mapping from an n-dimensional vector space to an m-dimensional vector space that
can be described by a matrix A (called kernel of the transformation) of size m� n. In our case n ¼ m.

Given two vector spaces V ,W of dimension n and a vector x 2 V then the forward transform is computed as y ¼ Ax, y 2W:
the elements of y are called coefficients of the transform. If A is square and full rank, the inverse transformation can be com-

puted as x ¼ A�1y.
Examples of linear transformations are the Discrete Cosine Transform (DCT) and the Fourier transform which have fixed

kernels (for a pre-determined value of n).
The KLT has not a fixed kernel: in fact, its kernel matrix may be derived from a set of vectors X � V , card Xð Þ > n (where

card Xð Þ represents the cardinality of the set X). Given a set of vectors X the transformation is computed as it follows:

� first the mean vector of X, l ¼ E Xf g, where E :f g represents the expected value operator, and the covariance matrix

C ¼ E X � lð Þ X � lð ÞT
n o

are computed, then

� the eigenvectors of C and their associated eigenvalues are evaluated and sorted by descending order of eigenvalue;
� the sorted eigenvectors are used to build the orthonormal kernel matrix A arranging them by rows.

The forward KLT of a vector v is computed as
y ¼ A v � lð Þ ð1Þ

and the inverse KLT is evaluated with
v ¼ A�1yþ l: ð2Þ

As it will be presented in the following, the neural network parameters may be given a total order and grouped into con-

tiguous non-overlapping sequences: from each sequence it is possible to compute a set of n features (called, in the following
section, Watermark Embedding Unit) to be used for embedding a digital watermark. In particular, the neural network
parameters are modified so that the KLT (defined by an n-dimensional kernel A) coefficients computed on the features store
the watermark string.

The KLT kernel may be computed from any set of n-dimensional vectors: keeping this set secret allows the calculation of
the coefficients of the transform, and consequently the watermark embedding space, only to authorized entities making the
overall system secure. A simple method to have a set of n-dimensional vectors is to use the pixel values of an image or the
samples of a sound, but obviously other approaches are possible.

A detailed presentation of KLT may be found in [9].
The modification of the neural network parameters to embed the watermark bit string into the features’ KLT coefficients

requires the solution of a complex non-linear problem. One possible method to cope with this non-linearity is to use a
Genetic Algorithm. The reasons for this choice are the simplicity of the implementation, the availability of several ready
to use libraries, the very good performances both in terms of solution quality and running time, and the fact that can be
easily parallelized for even faster execution. GAs are a computational method that emulates the evolution of a population
of biological individuals. Individuals are evaluated according to a fitness function and made evolve towards an optimal solu-
tion (i.e., one having the best value of the fitness function). A problem may be solved using a GA if its solutions: 1) can be
stored in a sequence (record) of parameters: each instance of such a sequence represents an individual; 2) it is possible to
evaluate the degree of goodness of an individual to fit the solution computing a (fitness) function.

A GA starts by generating (randomly or supervised by some problem-driven heuristic) a population of individuals; then, it
evolves this population in a series of epochs. In each epoch individuals are reproduced to build a new population for the next
epoch. The individuals are selected, according to their fitness value, to generate offspring with the objective of improving the
quality of the solutions encoded. The reproduction is performed by mixing their descriptions; moreover, a mutation is ran-
domly applied to some individuals to extend the solution search space. The population for the new epoch is built taking
some individuals from the old population and some among the offspring according to various possible strategies. The evo-
lution process stops after a pre-defined number of epochs is reached or an individual with the desired fitness value (e.g.,
below a predefined threshold) is obtained.

A deeper discussion on GAs may be found in [8,13] and an analysis of GA parameters in this context was presented in [4].
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4. NeuNAC algorithm

The Neural Networks Authenticity Checker (NeuNAC) algorithm has the objective to insert a fragile watermark into the
parameters of a trained DNN, without disrupting the ability to perform its task at the same level of performances as without
the watermark. By appropriately grouping parameters into blocks, the presented algorithm also protects the structure of the
model as a by-product of the embedding process (i.e., it is able to detect changes in the structure of the model in addition to
changes to the weights).

The main modules of the method are the Embedder and the Extractor. Moreover, following the MIMIC framework [5], three
other complementary modules are employed to perform accessory functions. The data flow between these modules is shown
in Fig. 1. The description of the modules is presented in the following.

The Key generator module derives a KLT orthonormal basis (i.e., a kernel) from a secret set of vectors of the required size:
presently we use n ¼ 32 (see the Section 3). The computed orthonormal basis defines a secret embedding space that must be
known to both the Embedder and the Extractor modules (like a secret key in symmetric encryption algorithms). We suggest
using a secret image to form the set of vectors from which compute the KLT kernel, as proposed in [5].

In order to apply the embedding procedure, the parameters (each one represented with a 4 byte float in IEEE 754 format)
of the DNN are grouped into blocks consisting of S elements each (S ¼ 16 in the running example), called Parameter Unit
(PU). There are several ways to make these groupings depending on the tampering localization granularity one would like
to achieve. The simplest way to build the PUs is by extracting all the parameters from the DNN model (given a total order)
and splitting them into sequences of length S. Another possible approach consists in proceeding level-wise, such as extract-
ing all the parameters in a level and splitting them in sets of S elements. Yet another approach could be to consider each unit
input weights and extracting the PU from them. It should be pointed out that even the first strategy outlined above allows to
detect a structural change to the DNN, such as an added or removed unit, connection or level, but not a unit type replacement
(such as swapping a sigmoid for ReLU). As a matter of fact, any such structural change will result into a different grouping of
the weights and therefore a possibly different watermark will be extracted, signalling the tampering.

A portion of the watermark bit string w, built by the Watermark generator module, will be embedded in each PU. The
string w is computed as a function of some DNN parameters (that will not be modified by the embedding step, as it will
be clear in the following): starting from some bytes of these parameters a cryptographic hash function (c.h.f.), like the Secure
Hash Algorithm 3, SHA-3 [16], is initialized and called to produce a bit string of the desired length. The security of the c.h.f. is
not strictly required given that the embedding space is secret (the KLT kernel is known to embedder and extractor only),
nonetheless its application is considered a good practice aimed at thwarting any possible attack.

Given a PU built as described above, a 32 bytes Watermark Embedding Unit (WEU) is derived concatenating the 16
parameters’ least significant bytes (LSB) considering each value in its binary format (4 bytes float representation in IEEE
754 format) and a fingerprint of 16 bytes computed from the 3 most significant bytes (MSB) of each parameter value (see
Fig. 2). In particular, the fingerprint is computed as follows: the 3 MSBs of each parameter value are concatenated together
to form a string of bytes that is input to an MD5 c.h.f. [26] that returns a 16 bytes digest. In Fig. 2 note the bytes marked with
vertical stripes: they are the LSBs of the mantissa of each float value. As it will be discussed presenting the Embedder, the
watermark is inserted by altering only these bytes, while keeping unaltered the fingerprint bytes.

The Embedder produces a watermarked (Deep) Neural Network with a fragile watermark, operating one WEU at a time
and independently among WEUs (thus, the process can be easily parallelized): each WEU is assigned a (consecutive) portion
ws of the w bit string output by the Watermark generator. If m is the length of the string ws then we say that m is the payload
in bpb (bits per block): this algorithm parameter is chosen a priori taking into account the fact that large values require more
embedding effort but reduce the probability that an attack on a single WEU goes undetected, as it will be discussed in the
conclusions.

Each WEU is considered a vector i1; i2; � � � ; i32ð Þ of 32 bytes coding integers: the GA modifies the sixteen bytes
i17; i18; � � � ; i32ð Þ corresponding to the LSBs of the DNN parameters in the WEU (i.e. the vertical striped bytes in Fig. 2) in such
a way that the 32 coefficients c1; c2; � � � ; c32ð Þ ¼ KLT i1; i2; � � � ; i32ð Þ of the KLT of the WEU (computed according to equation (1))
Fig. 1. Interconnections between the modules of the proposed algorithm and data interchanged.
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Fig. 2. Structure of the Watermark Embedding Unit.
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embed the corresponding ws string. Each individual of the GA population consists of 16 integers g1; g2; � � � ; g16ð Þdefining the
modification of the integers i17; i18; � � � ; i32ð Þ; the GA fitness function privileges small modifications (e.g., 0, þ1, �1, þ2, �2,. . .)
and requires that c1; c2; � � � ; c32ð Þ store ws. In other terms, the GA tries to minimize the magnitude of the updates needed to
change i17; i18; � � � ; i32ð Þ so that the KLT i1; i2; � � � ; i32ð Þ coefficients carry (store) the watermark payload. In particular, we used
the following fitness function that tries to combine the quality of the solution and the insertion of the watermark:
Fitness indiv idualð Þ ¼
X16

i¼1
gij j þm� countð c1; c2; � � � ; c32ð Þ;wsÞ ð3Þ
where countð c1; c2; � � � ; c32ð Þ;wsÞ returns the number of watermark bits correctly present into the coefficients. Note that
only individuals for which count returns m will be considered as solutions to the optimization problem. The GA is run for
a maximum number of epochs (in all experiments reported belowwas 2000) or until the Fitness gets smaller than a threshold
e, whichever comes first. The GA evolves a population of 100 individuals, uses a single point crossover operator with prob-
ability pc ¼ 0:8, a mutation operator that increments of �1 one or more gi, with probability pm ¼ 0:05, and a population
replacement factor of 95% with elitism.

Some possible methods to store a bit string ws into a set of coefficients are presented in [5]. If the length of ws is m then
one possible storing rule is to consider a (predefined) subset of m coefficients, choose m positions and assign a bit to each
coefficient in the subset: a coefficient c is considered as carrying a bit b in position p if and only if
b ¼ round c2�p
� �

mod2: ð4Þ

When this rule applies, we say that the set of coefficients store ws if them chosen coefficients carry the bits of ws in them

chosen positions.
We found the GA particularly suitable for solving the non-linear problem of minimally modifying a set of integer numbers

i17; i18; � � � ; i32ð Þ so that their KLT coefficients store a specific bit string. When the WEU stores the watermark bit string, the
corresponding LSBs are used to replace the original LSBs of the DNN parameters.

When the GA has processed all the WEUs then the DNN model with the new modified parameters contains the fragile
watermark. This watermark allows for the integrity check that can be performed by the Extractor and Verifier modules: note,
in fact, that the KLT coefficients of each WEU depend not only on the parameters’ LSBs but also on the MSBs parts.

The Extractor first calls theWatermark generatormodule to build the expected watermark stringwXP , that is the string that
should be contained in the DNN if it was not forged. After that, the module builds the WEUs and using the KLT basis provided
by the Key generatormodule extracts 32 coefficients from everyWEU and from them gets them bits according to the method
used in embedding (e.g., the one defined in (4)). By concatenating all the bit strings extracted from the WEUs the Extractor
composes the extracted watermark string wXT .

The Verifier module matches the two strings wXP and wXT ; if they are equal then the DNN is marked as authentic, other-
wise it is tagged as potentially forged. It is quite straightforward to mark the forged WEUs because given a position number
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0::T � 1½ � to every WEU according to the portion of the watermark string w assigned during embedding, then the length of w
(and consequently of wXP and wXT) will be mT , where m is the bpb payload: numbering the bits of w from 0 to mT � 1, if the
bits of the strings wXP and wXT in position F differ then the F=mb c-th WEU has been forged.

A DNN may be forged in several different ways, namely:

� modifying at least one of the weights, or
� altering one of the parameters of the activation functions, or
� removing or adding a single unit or a whole level to a DNN, or
� shuffling the order of the levels.

NeuNAC can protect the integrity of a DNN and detect the mentioned tampering attacks; in particular, if at least one of the
weights or activation function parameters has been altered then the block containing the changed weight/parameter will be
tagged as tampered. In all the remaining cases, the entire DNN will be tagged as tampered, because wXP and wXT will be dif-
ferent in a large number of WEUs, and when this happens it is very likely that the network structure has been tampered with.

5. Experimental evaluation

In Subsection 5.1 we evaluate the performances of the proposed watermarking method on several Deep Neural Network
architectures and show its ability to detect tampering without affecting the DNN performances. As a further evidence of how
effective the technique is to avoid influencing the DNN performances, in Subsection 5.2 we leverage adversarial attacks as a
way to force the watermarked network to diverge from the original one.

5.1. Performance results

It should be pointed out that here we are not interested in the absolute performances of the considered DNNs on the
example application domains, because they are not relevant to evaluate a watermarking method. Instead, we are interested
in showing that such performances are not affected by the introduction of a watermark signal, that obviously alters the DNN
parameters. To such an aim, we will measure the distortion introduced by the embedding phase and report performances of
the proposed watermarking method (as usually done in the field) in terms of Peak Signal-to-Noise Ratio (PSNR, the higher
the better) and distortion computed as Mean Absolute Error (MAE, the lower the better). PSNR and MAE are computed from
the weights in the network as follows:
PSNR ¼ 10log10

max
wi2W

wij j2
P

wi2W;w
0
i
2W0 wi�w0ið Þ2

card Wð Þ

ð5Þ

MAE ¼
P

wi2W ;w0
i
2W 0 wi �w

0
i

�� ��
card Wð Þ ð6Þ
whereW andW
0
are the sets of weights of the host and watermarked NN respectively, card Wð Þ represents the number of

elements in the setW andwi andw0
i are the weights in corresponding positions in the host and watermarked NNs. Moreover,

we also report performances in terms of classification accuracy difference between the original and watermarked DNN and
show that there is no difference.

Table 1 reports the characteristics of the considered DNNs along with the datasets and tasks on which they have been
tested. We selected several different DNN architectures, ranging from simple multilayer perceptron (2 fully connected lay-
ers) to Deep Convolutional Networks, such as Resnet29, to Recurrent Neural Networks, with different number of parameters,
in order to show the ability of NeuNAC to watermark any network. These networks have been trained and tested on publicly
available benchmarks, such as MNIST [19], CIFAR-10 [18] and Nietzsche [24] datasets.

Table 2 reports the performances of NeuNAC: the quality of the watermarked networks is extremely high, as shown by
the very low distortion introduced by the embedding process and by the fact that there are no differences in performances
between the original and the watermarked networks.

A comparison with other approaches is not straightforward as there are no white-box approaches for fragile watermark-
ing, as far as we know, and the black-box approaches cannot report distortion values, as some of them are not actually
embedding a watermark into the network. Nevertheless, Table 3 reports performance degradation and false positive rates
of some watermarking methods as published by the authors of these studies and averaged over the set of experiments they
performed. Most of them insert a robust watermark and are black-box methods, so a direct comparison is not possible.

The first two methods reported in Table 3 show a degradation in the performances of the watermarked networks and
being robust watermarking methods do not report detection rates. BlackMarks and DeepMarks show an improvement in
performances because the embedding process fine-tunes the target network, so improving its performances, but they have
a low false positive rate, that goes to zero for specific settings. VeriDeep is a fragile watermarking method that shows very
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Table 1
Benchmark neural network architectures. Here, 32C5(1) indicates a convolutional layer with 32 output channels and 5� 5 filters applied with a stride of 1, MP2
(1) denotes a max-pooling layer over regions of size 2� 2 and stride of 1, D(0.2) is a dropout layer with 0:2 probability and 512FC is a fully-connected layer with
512 output neurons. Moreover, LSTM stands for Long Short Term Memory cell.

Model No. Model Type Model architecture Total # of
parameters

Task Dataset

1 MLP 784-512FC-10FC 623290 Classification MNIST
2 Shallow CNN 28*28-32C5(1)-MP2(1)-D(0.2)-128FC-10FC 592074 Classification MNIST
3 Deep CNN 28*28-32C3(1)-MP2(1)- 32C3(1)-MP2(1)- 32C3(1)-MP2(1)-

D(0.2)-128FC-50FC-10FC
30000 Classification MNIST

4 Deep CNN 3*32*32-32C3(1)–32C3(1)-MP2(1)-D(0.25)-64C3(1)-64C3(1)-
D(0.25)-512FC-D(0.5)-10FC

1250858 Classification CIFAR-10

5 Deep CNN Resnet20 274442 Classification CIFAR-10
6 Deep CNN Resnet29 849002 Classification CIFAR-10
7 RNN (LSTM) 128LSTM-128FC 102585 Text Generation Nietsche

Table 2
Performance results.

Model No. PSNR [dB] MAE ½�10�9� Performance difference

1 172:33 0:324 0
2 172:58 0:195 0
3 168:46 1:66 0
4 178:59 0:209 0
5 189:02 0:383 0
6 190:54 0:144 0
7 183:36 19:9 0
Average 181:99 3:26 0

Table 3
Comparison results.

Method Method type Performance difference (%) False positive rate (%) Detection rate (%)

Wang & Kershbaum [31] White-box, robust �0:4 Not reported N/A
Le Merrer et al. [20] Black-box, robust �0:26 low N/A
BlackMarks [6] Black-box, robust 0:009 low N/A
DeepMarks [7] White-box, robust 0:04 low high
VeriDeep [15] Black-box, fragile 0 0 > 95
NeuNAC White-box, fragile 0 0 95:4
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similar performances as NeuNAC but, being a black-box method, its detection strategy can only spot modifications to the
network that change the classification output of sensitive examples. NeuNAC, instead, can detect even the smallest change
in more than 95% of the cases, as shown by the following sensitivity of the watermark experiment, that establishes the ability
to detect tampering.

It is worth noting that, if the network has not been tampered with, NeuNAC verification procedure is guaranteed to cor-
rectly stating that the network is authentic, i.e., there are no false positives. Also, any structure modifications to the network,
such as removing a layer or even a single connection, will result in an extracted watermark that is out of sync with the
embedded one, as the watermark bit string also depends on the size of the network, and the network will be correctly iden-
tified as tampered. Moreover, a fine-tuning of the network will result in changing many weights of the network, and even
very small changes might drastically change the binary representation of some parameter values, and therefore the extracted
watermark will be different from the embedded one.

In order to provide a quantitative measure of the method sensitivity, we performed the experiments reported in Table 4.
The table reports the percentage of blocks altered by performing a single fine-tuning step (1 epoch) on the considered net-
work architectures along with the percentage of blocks found tampered by the verification procedure of NeuNAC w.r.t. the
modified blocks. As pointed out above, any manipulation of the networks results in more than 92% of altered blocks, on aver-
age, and NeuNAC verification procedure is able to detect 99:65% of such alterations. To be clear, to detect a tampering
attempt, the verifier only needs to identify the change of a single block. Hence, the experiments show the extreme sensitivity
of NeuNAC on these kind of network modifications.

Furthermore, we consider every single WEU and systematically modify by �1 or �2 the value of each byte of the 16 bytes
corresponding to the LSBs of the DNN parameters. This modification is the smallest possible perturbation as it is applied to
the least significant bits of the mantissa of the DNN parameter. Table 5 reports the number of times a WEU is detected as
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Table 4
Tampering detection after a fine-tuning step.

Model No. % of altered blocks % of recognized tampered blocks

1 91:51 99:69
2 100 99:59
3 99:15 99:57
4 100 99:59
5 97:06 99:62
6 67:46 99:60
7 100 99:88
Average 92:73 99:65
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tampered as a percentage of all possible modifications. The reported values for Resnet29 model are consistent with all other
DNNmodels outlined in Table 1, as the procedure does not depend on the specific architecture of the DNNmodel, but only on
the type of modification performed.

As it can be noted, such a small tampering goes undetected in less than 5% of the cases, while, e.g., VeriDeep would not be
able to detect such tampering (as implied by the second experiment in the next Section which introduces an attacking tech-
nique that is arguably more precise than VeriDeep in detecting these kinds of tampering). We would also argue that such
small tamperings would not produce any meaningful behavioral change in the network, making them not worthwhile as
a possible attack vector.
5.2. Adversarial experiments

NeuNAC protects from network tampering without compromising the predictions of the model. In this section we try to
investigate this statement by studying the difference in behavior of the watermarked network w.r.t. the original network. To
do that, we designed two sets of experiments where, using different approaches, we build tampered images designed to
make the two networks differ in their outputs (when they do, we say that the predictions of the two networks diverged
on that input). In Section 5.2.1 we shall try to find the closest adversarial image [27] for one of the two networks and check
how the other network behaves on the tampered input. As we shall see, the two networks behave identically in these situ-
ations and a more focused attack is needed to compromise this behavior. In Section 5.2.2 we devise a technique that lever-
ages the knowledge of both networks to build examples that make their predictions diverge (using a different technique, but
much in the same spirit of VerIDeep [15] approach). We anticipate that also in this case it is very hard to fabricate an input
image that exercises the small differences in the networks introduced by our watermarking algorithm. Since the introduced
technique leverages more information than VerIDeep and is almost never able to create adversarial examples that make the
two networks diverge, we conclude that VerIDeep would not be able to detect the tampering on the network introduced by
our watermarking algorithm. Also, since our algorithm would, instead, be able to detect such small changes, we conclude
that NeuNAC is much more likely than VerIDeep to detect very small changes to the network. This is not an unexpected
result, because VerIDeep, being a black-box method, works in a more constrained setting.
5.2.1. FGSM adversarial examples
The Fast Gradient Sign Method (FGSM) is a technique proposed by Goodfellow et al. [10] for the problem of generating

adversarial examples. In that paper a fast algorithm is presented that is able to inject a small amount of well-crafted noise
into an image and make the network to fail in recognizing it. The algorithm works by updating the image x using the rule:
Table 5
Sensitiv

Mod

Deep
x
0  xþ � � signðrxJðh; x; yÞÞ ð7Þ
i.e., the adversarial image x0 is built by moving x in the direction that causes the fastest change in the output of the net-
work. In our experiments, we start with a very small value of � and increase it until the network changes its prediction. The
resulting image is very similar (very often indistinguishable) to the original image and a human is perfectly able to recognize
the correct subject. We argue that these are important examples to check when we try to demonstrate that the watermarked
network (does not) behaves differently from the original network: two networks that are operationally different have differ-
ent decision boundaries and examples that lie nearby the decision boundaries are more likely to exercise the difference in
behavior. This is exactly the case with FGSM examples since examples are modified using very small steps (� ¼ 0:001) and
we stop as soon as the output of the attacked network changes.
ity results.

el type Model architecture Total # of parameters Sensitivity ± 1 (%) Sensitivity ± 2 (%)

CNN Resnet29 849002 95:4 98:6

236



M. Botta, D. Cavagnino and R. Esposito Information Sciences 576 (2021) 228–241
Experiments were conducted on the MNIST and the CIFAR datasets using three different models on MNIST and two dif-
ferent models on CIFAR. For each dataset/model combination, we extracted 5;000 training samples and 5; 000 test samples
and generated adversarial examples for them. We repeated the process twice: once using the original network to build the
adversarial image and once using the watermarked network. A total of 100;000 images were, thus, generated. For each image
we start with � ¼ 0:001and then increase this value by 0:001 until either we reach 0:5 or we observe a change in the clas-
sification from the tested network. When we reach 0:5, we label that experiment as a failure in generating the adversarial
example. Among the 100;000 images we generated, we have observed 9;008 failures. In the rest of the cases, we used the
adversarial image to check the predictions of the two networks. In all cases the watermarked network showed to be very
robust to the attack: the two networks predicted the same label for the adversarial example.

In addition to the above result, we leverage some side information from the performed experiments to further investigate
the differences between the networks. In particular, since we repeated the experiments using both networks on the same set
of images, we are in the position of checking if, despite giving identical outputs, they behaved differently during the
experiments.

Tables 6 and 7 show for each dataset/model the number of times the FGSM algorithm failed to build the adversarial image
when the original network is used (column 3) and when the watermarked network is used (column 4). In all cases these
numbers match, so in this respect there is no difference in the behavior of the two networks. Columns 5 and 6 report the
average � needed to generate the adversarial image (failures are not counted). As we can see, only in three cases (marked
as *1, *2 and *3) the two networks showed very minimal differences. Details of the problems found in these three cases
are reported Table 8. For each case number (which references the corresponding lines on Tables 6 and 7) we report the id
of the image, the � value found by the original network (� column) and of the watermarked network (�w column), the correct
label for the image (y column) and the labels assigned by the original network to the attacking image (y0 column) and by the
watermarked network (y0w column).

For case *1, we found three images with a small change in the behavior of the networks. For image 4010 and 4101 we can
observe that a slightly different � has been needed to produce the adversarial example. Results for image 881 is more inter-
esting as the � is the same, but the adversarial labels differ. To clarify: the difference is caused by two different attacking
images found by the FGSM algorithm obtained by launching the algorithm on the two networks using the same input.
The two networks do not diverge on these inputs, but they agree on different labels depending on which network was used
to generate the input. We speculate that, in these cases, the gradient pointed to a place where labels 9, 5 and 6 competed and
that a slight deviation in the direction caused the change in the labels assigned by the networks. On the examples reported
for cases *2 and *3, except for image 4434, we observe only a small deviation of the � values. Example 4434 is the most inter-
esting case since we observe a deviation in both � and the adversarial labels.

The seven cases we reported show that there exist properties of the networks that do change due to the presence of the
watermark. Based on the results of the experiments, we conjecture that the gradient of the loss function taken with respect
to the input image is very seldomly and very slightly changed by the watermark. The conjecture explains what we observed
in the seven cases (out of the 100;000 experiments) we reported above.

5.2.2. Two networks adversarial examples
The FSGM experiments provide evidence that it is very hard to find cases where the two networks differ in their outputs.

In order to further test this claim, we devised a novel adversarial algorithm explicitly tailored to make the two predictions
diverge.

The technique is general but let us assume, for the sake of the discussion, that the activation function on the output of the
network is a softmax. Let us denote with NðxÞ and N0ðxÞ the outputs of the original and of the watermarked networks respec-
tively. Let l denote the cross-entropy loss and let y0 and y1 be the one-hot-encoding of the best and of the second-best pre-
dictions by NðxÞ evaluated once and for all before the algorithm start. We define the loss L of our problem as
Table 6
FGSM e
differen

*1
*2
L N xð Þ;N0 xð Þ
� �

¼ l N xð Þ; y0ð Þ þ lðN0 xð Þ; y1Þ ð8Þ
xperiments on the CIFAR dataset. Numbers on the left of the table are referenced in Table VIII and corresponds to experiments where we observe some
ce in the behavior of the networks.

Model Train/Test Number of failures Average�

Original Watermarked Original Watermarked

Baseline train 287 287 0:048649 0:048649
baseline test 317 317 0:057502 0:057502
resnet20 train 213 213 0:044305 0:044303
resnet20 test 232 232 0:050750 0:050747
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Table 7
FGSM experiments on the MNIST dataset. Numbers on the left of the table are referenced in Table VIII and correspond to experiments where we observe some
difference in the behavior of the networks.

Model Train/test Number of failures Average�

Original Watermarked Original Watermarked

baseline train 525 525 0:111667 0:111667
baseline test 386 386 0:092779 0:092779
large train 1027 1027 0:257718 0:257718
large test 773 773 0:216779 0:216779
largemodel train 395 395 0:241232 0:241232

*3 largemodel test 349 349 0:227074 0:227073

Table 8
Differences in behavior found in the FGSM experiments.

Case image � �w y y0 y0w

*1 881 0:026 0:026 9 5 3
*1 4010 0:344 0:340 3 6 6
*1 4101 0:018 0:014 1 8 8
*2 1536 0:277 0:281 3 2 2
*2 4434 0:034 0:022 2 3 8
*2 4749 0:375 0:371 3 6 6
*3 3059 0:046 0:042 7 1 1
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and generate the adversarial examples by descending the gradient of L using the following update rule:
x x� grxLðN xð Þ;N0 xð ÞÞ: ð9Þ

It should be apparent that by descending the gradient of that particular loss function, we are searching for an input image

x that makes NðxÞ to predict y0 and N0ðxÞ to predict y1, hence making the two networks diverge. The particular choice of y0
and y1 simplifies the task since y0 is already the label that is ranked the highest by network NðxÞ and y1 is its second-best
choice (hence the easiest label to ‘‘reach” by updating x).

We experimented with the same dataset and models described in Section 5.2.1. In each experiment we adopted Adam
[17] for performing the gradient descent and run it for 10;000 rounds (stopping every 10 rounds to check if the network
outputs diverged). The initial value of the learning rate g has been set to 0:001.

Due to the high cost of the optimization procedure, we could not afford to experiment with 5;000 images per experiment
and therefore reduced that number to 100. In total we attempted the construction of 1;000 adversarial images. In two cases,
we found adversarial images that were able to make the watermarked network and the original network to behave differ-
ently. In both cases, the attack succeeded on the baseline neural network model, while more complex networks never
diverged under this type of attack. The two images that made the networks to diverge are reported in Figs. 3 and 4.

This experiment shows how difficult it is to find a valid attack that makes the two networks to produce different outputs.
While we acknowledge that it can be done, we would like to stress the fact that even in the most favorable conditions (si-
multaneous white box attack on both networks) the attack succeeded only on 0:2% of the trials and with a large computa-
tional cost.

We also verified that the attack is very brittle and the smallest change to the images makes the two networks to agree
again on the answer. Specifically, we tried to perturb the images in two different ways: in one case we lighten up the image
by the smallest possible value (we added 1 to the value of every pixel in the image), in the other case we made the smallest
possible modification to the image, i.e., we added (and, in a distinct experiment, subtracted) 1 to a single pixel in the image.
In the first case we verified that the networks went back to agreeing on the assigned labels after the lighting up of the image.
In the second case, we systematically changed every single pixel in the image and verified that, with the exception of a single
pixel position (let it be position p), the change would ruin the attack, making the two networks to agree again on the label to
be assigned. In the specific case of the pixel in position p, we verified that changing the perturbation to þ2 (or�2) would also
ruin the attack.

In summary, all the experiments we performed show that it is almost impossible to induce a different behavior between
the original and the watermarked networks. While adversarial attacks are possible, they are very hard to find: they would
work only on the simplest models, the attacker would need to have the two networks in hands and he/she would need to be
ready to sustain large computational costs. They would also be very brittle: the smallest change in the attacked image would
defeat the attack. Brittleness is particularly important in many contexts since it makes these kinds of attack very hard to
deploy in real scenarios (e.g., in the case of self-driving vehicles, the noise in capturing the signal would be enough to make
the attack fail).
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Fig. 3. Original (left) and adversarial (right) images that causes the two networks to output different labels (CIFAR dataset).

Fig. 4. Original (left) and adversarial (right) images that causes the two networks to output different labels (MNIST dataset).
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6. Discussion

The embedding procedure of NeuNAC results in very low distortion that does not influence the performances of the neu-
ral networks, as shown by the experiments described in the previous section. We also proposed a novel way to validate a
fragile watermarking algorithm for DNNs, by performing a thorough analysis of sensitivity of tampering detection: this anal-
ysis reveals the ability of the verification procedure to detect the smallest tampering in more than 95% of the cases. As men-
tioned, any other modification of a DNN would result in larger tampering that will be easily detected.

In principle, even a small change in a network parameter might affect the network performance, as it is the case with
generative networks that produce numerical outputs. In such networks, the output generated by the watermarked version
of the DNN differs from the original one. This is the reason why NeuNAC, in its current implementation, cannot be used to
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watermark generative neural networks, such as DeepDream [22]. In contrast, in case of classification networks, the tiny
changes introduced by NeuNAC are cut off by the classification and/or MaxPooling layers.

Almost all the existing works on neural network watermarking are about copyright protection, being VeriDeep the only
notable exception, but integrity protection and authentication are very important tasks that require a fragile watermarking
scheme such as the one implemented by NeuNAC.

As previously stated, the proposed method is secure because the watermark embedding space is secret. In case of a pay-
load of m bpb the probability that a random modification of the NN parameters in a PU goes undetected is 1=2m, thus the

probability that an attack changing the contents of k PUs is not identified by the proposed scheme is 1=2m� �k ¼ 1=2mk: this
probability exponentially drops with the number of tampered PUs.

One drawback of the current implementation of NeuNAC is that it does not protect from activation function changes,
when there is no change in number of parameters. A possible solution that will be investigated in the future is to make
the watermark also dependent on the structure and the activation functions of the neurons (right now is only dependent
on the number of parameters). Another aspect that needs more investigation is how to split the network structure in mean-
ingful parts that could be watermarked separately and allow to better localize the tampering or make the method resilient to
possible permutations of network blocks (e.g., a convolutional layer) that do not change the network behaviour.
7. Conclusions

In this paper, we presented NeuNAC, a white-box watermarking method for integrity protection of (Deep) Neural Net-
works. It can be applied to any kind of neural network architecture (deep or shallow), as it inserts a watermark bit string
into the parameters of the network. The order in which the parameters are considered is relevant, as this also allows to pro-
tect the structure of the network from neuron and/or layer rearrangement/addition/removal operations. NeuNAC quality is
outstanding, as it does not have any impact on the performances of the network and the average PSNR is greater than 181 dB.

The main goal of NeuNAC is to protect the integrity of neural networks for safety–critical systems once deployed into
their operating environment. In order to guarantee the authenticity of the network, the watermark verification process
has been designed to be very fast so that it can be performed frequently. It can also work on a sampled set of WEUs and
it can be realized into a hardware device for even faster and (hence) secure execution.
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