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ABSTRACT
With the widespread deployment of Internet of Things across various industries, the
security of communications between different devices is one of the critical concerns
to consider. The lightweight cryptography emerges as a specialized solution to
address security requirements for resource-constrained environments.
Consequently, the comprehensive security evaluation of the lightweight
cryptographic primitives—from the structure of ciphers and cryptographic
components—has become imperative. In this article, we focus on the security
evaluation of rotation parameters in the SPECK32-like lightweight cipher family. We
establish a machine learning-driven security evaluation framework for the rotational
parameter selection principles—the core of SPECK32’s design architecture. To assess
different parameters security, we develop neural-differential distinguishers with
considering of two distinct input difference models: (1) the low-Hamming-weight
input differences and (2) the input differences from optimal differential
characteristics. Our methodology achieves the security evaluation of 256 rotation
parameters using the accuracy of neural distinguishers as the evaluation criteria. Our
results illustrate the parameter (7,3) has stronger ability to resist machine
learning-aided distinguishing attack compared to the standard (7,2) configuration.
To our knowledge, this represents the first comprehensive study applying machine
learning techniques for security assessment of SPECK32-like ciphers. Furthermore, we
investigate the reason for the difference in the accuracy of neural distinguishers with
different rotation parameters. Our experimental results demonstrate that the bit bias
in output differences and truncated differences is the important factor affecting the
accuracy of distinguishers.

Subjects Artificial Intelligence, Cryptography, Data Mining and Machine Learning
Keywords Machine learning, Neural distinguisher, SPECK-like ciphers, Rotation parameters,
Security assessment

INTRODUCTION
Classic differential cryptanalysis (Biham & Shamir, 1991) is one of the most powerful
cryptanalysis techniques used in modern block ciphers. And the core of differential
cryptanalysis to succeed is to search for some high-probability differential characteristics.
These high-probability differential characteristics can be referred to as differential
distinguishers. In recent years, some automatic tools and dedicated heuristic search
algorithms have been used to search for high-probability characteristics. The attackers
transform the cryptanalysis models of search for high-probability characteristics into

How to cite this article Hou Z, Ren J, Chen S. 2025. Further observations on the security of SPECK32-like ciphers using machine learning.
PeerJ Comput. Sci. 11:e3015 DOI 10.7717/peerj-cs.3015

Submitted 23 April 2025
Accepted 19 June 2025
Published 28 July 2025

Corresponding author
Jiongjiong Ren,
jiongjiong_fun@163.com

Academic editor
Sedat Akleylek

Additional Information and
Declarations can be found on
page 23

DOI 10.7717/peerj-cs.3015

Copyright
2025 Hou et al.

Distributed under
Creative Commons CC-BY 4.0

http://dx.doi.org/10.7717/peerj-cs.3015
mailto:jiongjiong_fun@�163.�com
https://peerj.com/academic-boards/editors/
https://peerj.com/academic-boards/editors/
http://dx.doi.org/10.7717/peerj-cs.3015
http://www.creativecommons.org/licenses/by/4.0/
http://www.creativecommons.org/licenses/by/4.0/
https://peerj.com/computer-science/


Mixed Integer Linear Programming (MILP) problems (Sun et al., 2014; Bagherzadeh &
Ahmadian, 2020), Constraint Programming (CP) problems (Gérault, Minier & Solnon,
2016; Sun et al., 2017), and Boolean satisfiability problem or satisfiability modulo theories
(SAT/SMT) (Kölbl, Leander & Tiessen, 2015; Song, Huang & Yang, 2016), which can be
handled by some appropriate solvers. The use of automatic tools and heuristic algorithms
improves the ability to analyze block ciphers. However, these machine-assisted
technologies do not help attackers obtain more features of block ciphers than differential
characteristics.

With the development of data-driven learning and computing hardware, machine
learning (ML) has made remarkable progress and is widely used in important research
areas such as computer vision and speech recognition. Just as that the use of automatic
tools speeds up the search for differential characteristics, combining classic cryptanalysis
with deep learning to efficiently and intelligently evaluate the security of block ciphers is
one of the trends of current research. A remarkable work of combining classic
cryptanalysis with machine learning is shown in CRYPTO 2019. In CRYPTO 2019, Gohr
(2019) shows that a simple neural network could be trained to be a superior cryptographic
distinguisher performing a real-or-random cryptographic distinguishing task. Gohr trains
the Residual Network (ResNet) (He et al., 2016) to capture the non-randomness of the
distribution of round-reduced SPECK32/64 (Beaulieu et al., 2015), where the trained neural
networks are known as neural distinguishers (NDs). As a result, NDs of five-, six-,
seven-round SPECK32/64 are trained to distinguish the ciphertext pairs whose
corresponding plaintext differences hold ð0x40; 0x0Þ and the random ones. The obtained
NDs exhibit noticeable advantages over pure differential characteristics. Gohr’s work
brings a new direction of combining classic cryptanalysis with machine-aided methods.
There are many related works built upon Gohr’s work (Hou et al., 2020; Benamira et al.,
2021; Bao et al., 2022; Bacuieti, Batina & Picek, 2022; Chen et al., 2022; Lu et al., 2023).
Moreover, there are some researches showing the different performances using the
different training configurations (Baksi et al., 2021, 2023). Using the different activation
functions, deep learning libraries and network architectures, there is a significant
difference in the accuracy of neural distinguishers.

Motivation: before a new cryptography algorithm is published and used in the Internet
Protocol, it is important to evaluate the security of the primitive from multiple
perspectives, such as differential cryptanalysis, linear cryptanalysis, and other cryptanalysis
(Hong et al., 2006; Suzaki et al., 2012; Koo et al., 2017). With the development of
cryptanalysis theory, an important branch of cryptanalysis theory for cryptographic
primitives is the investigation of the security of cryptographic components. In addition,
more and more researchers are concerned about the influence of the choice of
cryptographic components on the security of ciphers. A notable block cipher is SIMON

(Beaulieu et al., 2015), whose cryptographic components attracted a lot of attention. SIMON

is a lightweight block cipher family published by researchers from the National Security
Agency (NSA) in 2013. And its round function only uses basic arithmetic operations such
as XOR, bitwise AND, and bit rotation, which makes SIMON simple and elegant.
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In CRYPTO 2015, Kölbl, Leander & Tiessen (2015) investigate the general class of
parameters of SIMON-like ciphers and evaluate the security of different rotation parameters
based on differential and linear cryptanalysis. Kölbl, Leander & Tiessen’s (2015) work
opens up new directions, especially the choice and justifications of the parameters for
SIMON-like ciphers. In the Applied Cryptography and Network Security conference
(ACNS) 2016, Kondo, Sasaki & Iwata (2016) classify the strength of each rotation
parameter of SIMON-like ciphers with respect to integral and impossible differential attacks.
In Information Security Practice and Experience conference (ISPEC) 2016, Zhang & Wu
(2016) investigate the security of SIMON-like ciphers against integral attacks. These
investigations enrich the results related to the security of the cryptographic component of
SIMON, and the NSA has not disclosed a parameter selection criterion until now. Although
there is a lot of work on the parameters of SIMON-like ciphers, for SPECK, the twin of SIMON

proposed by the NSA, there is little research on the parameters of SPECK. Compared with
the SIMON cipher designed for optimal hardware performance, the SPECK cipher is tuned for
optimal software performance. And there are a lot of differences, including the encrypt
function and key schedules, which makes it necessary to analyze the choice of parameters
for the SPECK cipher. In the objective case that the choice of parameters leads to different
encrypt functions and further delivers the different security performance for the IoT
services, considering the different attack modes comprehensively, the best parameter
should be offered.

In addition, as a new tool, the neural distinguishers will help researchers obtain more
information about the choice of parameters and perform a more comprehensive security
assessment for cryptographic primitives. Much more research on the parameters of SPECK
using neural distinguishers is essential.

Main contribution: in this article, we investigate both the security of SPECK32-like ciphers
against neural differential cryptanalysis, as well as the design choice of NSA. We show with
experiments that the original choice of rotation parameter is not one of the strongest, and
then several superior candidates are recommended. To our knowledge, this is the first time
to evaluate the security of SPECK32-like ciphers using neural distinguishers. In addition, we
analyze the reason for the difference in accuracy using different rotation parameters. The
contributions of this work are summarized as follows:

. Train neural distinguishers using low-Hamming plaintext differences and evaluate
the security of the rotation parameters. Considering that the low-Hamming weight
input difference usually leads to a better differential characteristic, we train neural
distinguishers of seven-round SPECK32-like using plaintext differences with Hamming
weight at most 21. The accuracy result shows that there is a huge gap in the accuracy of
neural distinguishers for different rotation parameters, which ranges from 50% to 100%.
Then, using the accuracy of neural distinguishers as the security evaluation criterion, we
evaluate the security of 256 rotation parameters. We show that the original rotation
parameter (7,2) in SPECK32 has reasonably good resistance against the distinguishing
attack based on neural distinguishers, but may not be the best alternative. And the

1 In Baksi et al. (2023), the authors utilized
the input differences with Hamming
weight exceeding 2 to train the neural
distinguishers. However, the set of such
input differences possesses substantial
cardinality, rendering it computationally
infeasible to consider all elements. Con-
sequently, the Hamming weight was
restricted to at most 2 in our work.
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SPECK32-like using (2,10) or (7,3) has a lower accuracy of the neural distinguishers than
using other rotation parameters.

. Train neural distinguishers using input differences of optimal truncated
characteristics and evaluate the security of the rotation parameters. Inspired by the
work of Benamira et al. (2021), it is meaningful to train neural distinguishers using input
differences of optimal truncated characteristics. We first build an SAT/SMT model for
searching for differential characteristics of SPECK32-like. And utilizing the automatic tool
Z3-solver (de Moura & Bjørner, 2008), the optimal five-, six-round differential
characteristics are obtained. Then we train neural distinguishers of seven-round
SPECK32-like using these input differences of five-, six-round characteristics. Meanwhile,
we complete the security evaluation of 256 rotation parameters. Similarly, (7,2) is not the
best choice using optimal truncated characteristics. The SPECK32-like using (7,3) has a
stronger ability to resist the distinguishing attack based on neural distinguishers.

. Analyze the reason for the difference in the accuracy of neural distinguishers. We
choose five rotation parameters ð15;1Þ; ð1;7Þ; ð7;8Þ; ð3;12Þ; ð8;11Þf g and the
corresponding plaintext differences to train neural distinguishers of seven-round
SPECK32-like. The five neural distinguishers have different accuracy, which are 97.33%,
85.55%, 76.89%, 66.67% and 54.96% respectively. We also record the bits biases in five-,
six-, seven-round differences for five rotation parameters. It is found that the bit biases in
output differences and truncated differences are related to the accuracy of neural
distinguishers. And the more bits whose frequency is significantly different from 0.5, the
higher the accuracy of neural distinguisher seems to have.

Organisation of the article: the remaining of this article is organized as follows.
“Preliminaries” gives the notations and a brief description of SPECK and introduces the
neural distinguishers and the distinguishing attack. “Evaluate the Security of Different
Rotation Parameters using Neural Distinguishers” introduces the security assessment of
SPECK32-like. “Analysis of the Reason for the Difference in Accuracy” researches the reason
for the difference in the accuracy of neural distinguishers. “Conclusion and Future Work”
gives conclusions and future work.

PRELIMINARIES
Notations
The notations used in this work are shown in Table 1.

A brief description of SPECK

SPECK (Beaulieu et al., 2015) is a family of lightweight block ciphers proposed by the
National Security Agency (NSA). The aim of SPECK is to fill the need for secure, flexible,
and analyzable lightweight block ciphers. It is a family of lightweight block ciphers with
block sizes of 32, 48, 64, 96, and 128 bits. Table 2 makes explicit all the parameter choices
for all versions of SPECK proposed by NSA. As shown in Fig. 1, for ki 2 Fn

2 , the SPECK2n
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round function is the map Rki :Fn
2 � Fn

2 ! Fn
2 � Fn

2 defined by Eq. (1), where a and b are
the rotation parameters. As it is beyond our scope, we refer to Beaulieu et al. (2015) for the
description of the key schedule.

Rki xi; yið Þ ¼ S�axi þ yið Þ � ki; S
byi � S�axi þ yið Þ � ki

� �
: (1)

In this article, we are interested not only in the original SPECK parameters but also in
investigating the entire design space of the SPECK-like function. In addition, only SPECK-like
ciphers with a block size of 32 bits are used in this article. In the rest of this article, we
denote by SPECK32 a;bð Þ the variant of SPECK-like cipher with a block size of 32 bits, where the
round function uses a; bð Þ as the rotation parameter.

Overview of neural distinguishers
Given a fixed plaintext difference D and a plaintext pair P; P0ð Þ, the resulting ciphertext
pair C;C0ð Þ is regarded as s sample. Each sample will be attached with the label Y, which is
shown in Eq. (2).

Table 1 Some notations of this article.

Notation Description

� Bitwise XOR

+ Addition modulo 2n

Sj Left circular shifts by j bits

S�j Right circular shifts by j bits

ki i-round subkey ki ¼ kn�1i jj . . . jjk0i
F2 The finite field consisting of the two elements 0; 1

Fn
2 The n-dimensional vector space over F2

HWðDÞ Hamming weight of

NDt t-round neural distinguisher

SPECK32 a;bð Þ SPECK-like cipher with a block size of 32 bits and using a; bð Þ as the rotation parameter

Table 2 SPECK parameters.

Block size 2n Key size Rot a Rot b Rounds T

32 64 7 2 22

48 72 8 3 22

96 8 3 23

64 96 8 3 26

128 8 3 27

96 96 8 3 28

144 8 3 29

128 128 8 3 32

192 8 3 33

256 8 3 34
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Y ¼ 1; if P � P0 ¼ D
0; else

�
: (2)

A neural network is trained over enough samples labeled 1 and 0. In addition, half of the
training data come from ciphertext pairs labeled 1, and the rest comes from ciphertext
pairs labeled 0. For these samples with label 1, their ciphertext pairs are from a specific
distribution related to the fixed input difference. For these samples with label 0, their
ciphertext pairs are from a uniform distribution due to their random input differences. If a
neural network can obtain a stable distinguishing accuracy higher than 50% in the test set,
we call the trained neural network a neural distinguisher (ND). Gohr (2019) chooses deep
residual neural networks (He et al., 2016) to train neural distinguishers and obtains
effective neural distinguishers of five-round, six-round and seven-round SPECK32 7;2ð Þ.

Gohr (2019) explains the reason for choosing D ¼ 0x40; 0x0ð Þ as the plaintext
difference: it transitioned deterministically to the low-Hamming weight difference
ð0x8000; 0x8000Þ. And Benamira et al. (2021) propose a detailed analysis of the inherent
workings of Gohr’sND. They show with experiments that theND generally relies on the
differential distribution on the ciphertext pairs, but also on the differential distribution in
truncated rounds.

Distinguishing attack
In the differential attack, it is pivotal to distinguish encryption function from a
pseudo-random permutation, which is done with the help of the differential characteristic.
For an r-round differential characteristic Din�2t! Doutð2t > 2�nÞ of a target block cipher
with block size n bits, we calculate the output difference given the fixed input difference

Din. If the ratio of the output difference to Dout is about 2�t , then we can distinguish the
block cipher from a pseudo-random permutation. This is called the distinguishing attack
for block ciphers.

And the ND can also help the adversary to distinguish encryption function from a
pseudo-random permutation. Let F:Fn

2 ! Fn
2 be a permutation. The NDtarget is a neural

distinguisher of the target block cipher and Dtarget is the plaintext difference used by

Figure 1 The round function of speck. Full-size DOI: 10.7717/peerj-cs.3015/fig-1
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NDtarget . The attackers can obtain N ciphertext pairs encrypted by the plaintext difference

Dtarget . Using theN ciphertext pairs as input, theNDwill predict their labels. If the ratio of

samples labeled one exceeds 0.5, the prediction is that F is not a pseudo-random
permutation.

For Gohr’s neural distinguishers, the accuracy of the distinguishing attack is about 60%
for a seven-round SPECK32 7;2ð Þ, if only a pair of ciphertext is used in the distinguishing
attack. And the accuracy of the distinguishing attack using a pair of ciphertext is the same
as the accuracy of ND.

Gohr (2019) proposes the combine-response distinguishers (CRD) using multiple
ciphertext pairs from the same distribution. The CRD uses Eq. (3) and neural
distinguishers to achieve higher accuracy of the distinguishing attack. And the more
ciphertext pairs are used by CRD, the higher the accuracy of the distinguishing attack. The
details of CRD are shown in Bao et al. (2021).

v  
Xm
i¼1

log2
vi

1� vi

� �
: (3)

In addition, it is obvious that the higher the accuracy of the neural distinguisher, the
better the effect of the distinguishing attack. For a SPECK32-like cipher, it is easier to
distinguish cipher data from pseudo-random data, if the neural distinguisher with higher
accuracy is used, which indicates that the rotation parameter used by the SPECK32-like
cipher is not good with respect to the security against neural distinguishers and
distinguishing attacks.

EVALUATE THE SECURITY OF DIFFERENT ROTATION
PARAMETERS USING NEURAL DISTINGUISHERS
The designers of SPECK gave no justification for their choice of rotation parameters. Here,
we compare the security of the rotation parameters using the accuracy of neural
distinguishers as the criterion. We consider all rotation parameters a; bð Þ and check
them from two kinds of plaintext differences models, where a 2 0; . . . ; 15f g and
b 2 0; . . . ; 15f g. And our experiment shows that the origin parameter of SPECK32 is not the
best choice. As a result of our investigation, considering the accuracy of neural
distinguishers, we give a recommendation on the choice of parameters.

Setting
Network Architecture. A neural network is used to train neural distinguishers of
SPECK32 a;bð Þ, and the neural network is similar to the one used in Gohr (2019). The network
comprises three main components: the input layer, the iteration layer, and the output layer,
which is shown in Fig. 2. In this neural network, the input layer mainly converts the data
format to make the iteration layer extract the features of data. And in the iteration layer2, it
learns the features of data from the encryption function or the pseudo-random
permutation. Then the output layer converts the extracted features to output values.

2 Note that we use five residual blocks in
the iteration layer.
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Computing Environment. In this article, a computing server is used to train neural
distinguishers, which is equipped with Intel Xeon (R) Gold 6226R@2.90GHz�2, Nvidia
GeForce RTX3090�8, 512GB RAM. The experiment is conducted by Python 3.8, cudnn
8.1, cudatoolkit 11.2 and Tensorflow 2.5 in Ubuntu20.04.

Hyper-Parameter Setting. The hyper-parameters used in the training neural
distinguishers are shown in Table 3.

Accuracy of ND. The accuracy of the neural distinguisher ND is calculated by
Algorithm 1. In the input of Algorithm 1, the test data set is generated in the same way as
the training set. Half of the test data are labeled 1, and the rest is labeled 0. The Ytest

Figure 2 Network architecture. Full-size DOI: 10.7717/peerj-cs.3015/fig-2
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contains all the real labels of the samples inDatatest . In the Stage 3 of Algorithm 1, Ysample is
the real label of sample. In the Stage 4, the ND will calculate the features of sample and
return a value Y 0sample, which ranges from 0 to 1. And if Y 0sample > 0:5, then IntðY 0sampleÞ ¼ 1,
otherwise IntðY 0sampleÞ ¼ 0. IntðY 0sampleÞ is the predicted label of sample. In the Stage 9, the
size of Datatest is denoted by len Datatestð Þ, and the size of Datatest is 107 in this article.

A perspective of low-Hamming weight plaintext differences
In classic differential cryptanalysis, the researchers prefer to choose the low-Hamming
weight input differences to search for differential characteristics. And these automatic tools
also always return the optimal differential characteristics with the low-Hamming weight
input differences. For the target block cipher, using low-Hamming weight input
differences is more advantageous in the number of rounds of the differential
characteristics. There are existing works about neural distinguishers, and most of them
choose low-Hamming weight plaintext differences to train neural distinguishers. For
seven-round SPECK32 a;bð Þ, all neural distinguishers are trained using the same
low-Hamming weight differences. Then we save the accuracy of all neural distinguishers.
The security of rotation parameters will be evaluated using the accuracy of neural

Table 3 List of hyper-parameters.

Hyper-parameters Value

Batch size 5,000

Epochs 15

Regularization parameter 10�4

Optimizer Adam

Loss function MSE (mean-squared-error)

Algorithm 1 Calculate the accuracy of ND.

Input Neural Distinguishers: ND

Test Data Set: Datatest
Label Set: Ytest

Output Accuracy of ND: AccND

1: flag  0
2: for sample 2 Datatest do
3: Ysample  Ytest:sample
4: Y 0sample  NDðsampleÞ
5: if IntðY 0sampleÞ ¼¼ Ysample then
6: flag  flag þ 1
7: end if
8: end for
9: AccND  flag=len Datatestð Þ
10: return AccND
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distinguishers. In this section, we limit and focus on the plaintext differences with
Hamming weight at most 2.

Training neural distinguishers
Data Generation. Consider a plaintext difference D with HWðDÞ ⩽ 2 and the target
cipher seven-round SPECK32 a;bð Þ. Randomly generate N3 plaintext pairs denoted by Ppair .
The half of plaintext pairs are generated by using D as the plaintext difference. The rest of
the plaintext pairs are generated using N

2 random values as the plaintext differences.
Encrypt N plaintext pairs using seven-round SPECK32 a;bð Þ and obtain N ciphertext pairs
denoted by Cpair . These ciphertext pairs are called the training data set. Each of the training
data is labeled with a value 0 or 1, where 0 means the corresponding plaintext pair uses a
random value as the plaintext difference, and 1 from the plaintext difference D.

Target Cipher. We focus on the seven-round SPECK32 a;bð Þ, where 0 ⩽ a ⩽ 15 and 0 ⩽
b ⩽ 15.

Result
Considering the Hamming weight of the plaintext differences, there are 528 differences
with Hamming weight at most 2. And for the seven-round SPECK32 a;bð Þ, 528 neural
distinguishers are trained using different plaintext differences. For all neural distinguishers
of seven-round SPECK32 a;bð Þ, we choose the neural distinguisher with the highest accuracy
as the representative of all neural distinguishers, and use the accuracy of the representative
as the accuracy of seven-round SPECK32 a;bð Þ, which is shown in Algorithm 2.

Using Algorithm 2, we obtain the neural distinguisher with the highest accuracy, and
choose the neural distinguisher as the representative. For seven-round SPECK32 a;bð Þ, the
accuracy of the representative is denoted by Acc a;bð Þ. It is obvious that the higher Acc a;bð Þ,
the better the effect of the distinguishing attack, and the lower the security of a;bð Þ. The
accuracy of all representative neural distinguishers is shown in Table 4.

As shown in Table 4, the standard rotation parameter (7,2) does not seem to be always
optimal if we only consider the accuracy of the neural distinguishers. And the accuracy is
the lowest using (2,10) as the rotation parameter. Considering that there is a slight
fluctuation in calculating all accuracy, a rotation parameter is considered good if its
accuracy is less than 51%. It is found that SPECK32-like ciphers using (2,10) and (7,3) have
better performance upon distinguishing attack with the accuracy less than 50.5%.

A perspective of truncated differences
Benamira et al. (2021) propose an interpretation of Gohr’s five-round ND. Benamira
et al. (2021) explore the influence of ciphertext pairs and further find the influence of
intermediate states. For five-round ND, the neural distinguisher finds the difference of
certain bits at round 3 and 4. And they give a method about how to choose plaintext
differences to train r-round neural distinguishers, that is to choose the input differences of
r�1- or r�2-round optimal differential characteristics.

Inspired by Benamira et al. (2021), we further investigate the security of the rotation
parameters using the input differences of the optimal truncated characteristics.

3 Note that all neural distinguishers of
SPECK32 a;bð Þ are trained with 107 pairs,
the same number as in Gohr (2019).

Hou et al. (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3015 10/25

http://dx.doi.org/10.7717/peerj-cs.3015
https://peerj.com/computer-science/


Algorithm 2 Obtain the representative neural distinguisher of SPECK32 a;bð Þ.

Input Neural Distinguishers Set of SPECK32 a;bð Þ: ND a;bð Þ
Output The representative distinguisher of SPECK32 a;bð Þ: ND a;bð Þ

1: acc 0
2: ND a;bð Þ  fg
3: for ND 2ND a;bð Þ do
4: AccND  Use Algorithm 1 to obtain the accuracy of ND

5: if AccND > acc then
6: ND a;bð Þ  ND

7: acc AccND

8: end if
9: end for
10: return ND a;bð Þ.

Table 4 Acc a;bð Þ using low-Hamming weight difference.

Acc a;bð Þ b

0 1 2 3 4 5 6 7

a

0 100.00%A 99.52%A 99.51%A 99.13%A 97.90%A 93.20%A 91.84%A 92.54%A

1 100.00%A 94.29%A 81.56%B 66.61%D 66.14%D 69.80%D 68.12%D 85.55%B

2 99.95%A 82.89%B 50.55%E 50.62%E 50.54%E 50.60%E 58.86%E 59.68%E

3 99.61%A 68.72%D 50.58%E 50.66%E 50.58%E 53.11%E 50.66%E 51.13%E

4 93.49%A 60.19%D 50.63%E 50.71%E 55.33%E 50.62%E 50.57%E 50.67%E

5 85.31%B 61.86%D 50.55%E 55.40%E 50.63%E 54.53%E 60.14%D 50.70%E

6 84.23%B 59.45%E 54.43%E 50.57%E 50.59%E 57.03%E 50.53%E 50.56%E

7 90.58%A 70.22%C 60.78%D* 50.49%E 50.58%E 50.61%E 50.63%E 50.65%E

8 86.80%B 82.34%B 66.28%D 55.80%E 55.03%E 56.57%E 56.15%E 65.26%D

9 86.29%B 62.37%D 50.59%E 50.53%E 51.78%E 50.58%E 61.49%D 80.97%B

10 89.07%B 61.13%D 50.58%E 50.56%E 50.55%E 54.34%E 69.88%D 63.03%D

11 84.51%B 57.90%E 50.63%E 50.53%E 57.83%E 66.58%D 56.18%E 50.61%E

12 92.26%A 62.62%D 61.80%D 63.92%D 70.32%C 60.22%D 50.61%E 50.61%E

13 96.48%A 77.30%C 75.53%C 76.90%C 65.86%D 50.64%E 50.55%E 50.50%E

14 98.70%A 90.61%A 89.85%B 83.90%B 70.02%C 50.58%E 50.58%E 50.58%E

15 99.22%A 97.33%A 93.88%A 85.95%B 66.34%D 57.42%E 59.04%E 59.86%E

Acc a;bð Þ b

8 9 10 11 12 13 14 15

a

0 92.40%A 94.44%A 92.87%A 87.86%B 98.03%A 99.59%A 99.99%A 100.00%A

1 74.51%C 59.66%E 74.18%C 61.82%D 89.69%B 98.45%A 99.97%A 100.00%A

2 58.39%E 50.57%E 50.49%E 50.58%E 78.10%C 96.38%A 99.93%A 99.97%A

(Continued)
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Training neural distinguishers
Before training the neural distinguishers, we build an SAT/SMT model to search for
differential characteristics of SPECK32 a;bð Þ. Then we search for the exact five-, six-round
differential characteristics of SPECK32 a;bð Þ. The seven-round neural distinguishers of
SPECK32 a;bð Þ are trained using the input difference of five-, six-round differential
characteristics as the plaintext difference of neural distinguishers.

Obtain plaintext differences. The core of searching for differential characteristics of
SPECK32 a;bð Þ is the log-time algorithm of computing differential probability of the addition
shown in Lipmaa & Moriai (2001). We construct the SAT/SMT model for searching for
differential characteristics of SPECK32 a;bð Þ. And the SAT/SMT model is suitable for the
SAT/SMT solver Z3-solver (de Moura & Bjørner, 2008). Then we search for the exact five-,
six-round differential characteristics of SPECK32 a;bð Þ with the help of Z3-solver. The Z3
solver can help judge whether there is a feasible solution to the model under the
constraints, and the solver can return the feasible solutions if the model has feasible
solutions. These feasible solutions are the effective differential characteristics. These input
differences of five-, six-round characteristics will be used as the plaintext differences of
neural distinguishers4.

The details of obtaining plaintext differences are shown in Algorithm 3. The input of
Algorithm 3 is the SAT/SMTmodel for searching for r-round differential characteristics of
SPECK32 a;bð Þ. The model consists of multiple variables and their differential propagation
equations. In the Stage 7, the solver will determine whether there is a feasible solution to
the model under the condition that the differential characteristic is effective and the
differential probability is 2�P. If there is a feasible solution, the solver will return sat,

Table 4 (continued)

Acc a;bð Þ b

8 9 10 11 12 13 14 15

3 54.14%E 50.66%E 50.54%E 50.64%E 66.67%D 89.17%B 94.78%A 99.12%A

4 54.90%E 50.56%E 50.57%E 56.41%E 71.39%C 66.84%D 68.23%D 82.38%B

5 54.91%E 50.55%E 54.59%E 67.10%D 57.91%E 50.51%E 50.62%E 62.67%D

6 59.33%E 59.86%E 67.49%D 57.23%E 50.59%E 50.63%E 50.67%E 66.65%D

7 76.89%C 73.38%C 62.71%D 50.58%E 50.63%E 50.51%E 50.68%E 57.28%E

8 88.26%B 83.74%B 67.21%D 54.96%E 54.68%E 56.71%E 57.33%E 69.90%D

9 71.38%C 50.56%E 50.61%E 50.61%E 52.20%E 51.36%E 60.91%D 81.51%B

10 60.58%D 50.61%E 50.62%E 57.76%E 54.83%E 50.56%E 58.66%E 64.57%D

11 56.64%E 50.58%E 56.59%E 54.93%E 50.68%E 52.54%E 50.60%E 64.67%D

12 55.10%E 50.53%E 50.54%E 50.54%E 54.66%E 50.64%E 50.63%E 61.50%D

13 55.10%E 50.58%E 50.53%E 53.36%E 50.50%E 50.67%E 50.66%E 59.16%E

14 64.97%D 54.73%E 53.20%E 50.59%E 50.64%E 50.55%E 50.66%E 74.60%C

15 85.03%B 69.15%D 58.65%E 61.05%D 65.81%D 70.96%C 79.07%C 91.31%A

Note:
* There is the slight fluctuation in calculating accuracy. So the value is lower than in Gohr (2019).

4 These input differences of five-, six-
round characteristics are saved in github.
com.
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otherwise the solver will return unsat. In Stages 5–8, exhaustive search is used to maximize
the differential probability of r-round SPECK32 a;bð Þ. In Stage 10, the solver returns the
feasible solution, and the feasible solution is the exact differential characteristic of r-round
SPECK32 a;bð Þ. The input difference is saved in Plaintext Difference Set (PDS). In Stage 12, we
add the new constraint (var:input 6¼ S:input) to the model. The var:input refers to the
variables associated with the input difference, and the new constraint makes the solver
search for more input differences.

Data Generation. Consider the plaintext difference D obtained by Algorithm 3 and the
target cipher seven-round SPECK32 a;bð Þ. Randomly generate 107 plaintext pairs denoted by
Ppair . The half of plaintext pairs are generated by using D as the plaintext difference. The

rest are generated using 107
2 random values as the plaintext differences. Encrypt these

plaintext pairs using the seven-round SPECK32 a;bð Þ and obtain 107 ciphertext pairs denoted
by Cpair . These ciphertext pairs are used to train neural distinguishers.

Target Cipher. We focus on the seven-round SPECK32 a;bð Þ, where 0 ⩽ a ⩽ 15 and 0 ⩽ β ⩽
15.

Result
Similar to “A Perspective of Low-Hamming Weight Plaintext Differences”, for each of the
rotation parameters, there are more than 1 neural distinguishers. And we choose the neural
distinguisher with the highest accuracy as the representative. Utilizing these representative
neural distinguishers, the security of seven-round SPECK32 a;bð Þ is evaluated. The accuracy of
seven-round SPECK32-like ciphers is shown in Table 5.

Algorithm 3 Obtain plaintext differences.

Input SAT/SMT model: modelra;bð Þ
Output Plaintext Differences Set: PDS
1: Flag  unsat
2: P  �1
3: PDS fg
4: S fg
5: while Flag ¼¼ unsat do
6: P  P þ 1
7: Flag  modelra;bð Þð2�PÞ
8: end while
9: while Flag ¼¼ sat do
10: S modelra;bð Þð2�PÞ:solution
11: PDS PDSþ S:input
12: modelra;bð Þ  modelra;bð Þ:addðvar:input 6¼ S:inputÞ
13: Flag  modelra;bð Þð2�PÞ
14: end while
15: return PDS
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Similarly, the original SPECK32 rotation parameters (7,2) is not the optimal choice, and
its accuracy is higher than multiple rotation parameters. The accuracy is the lowest using
(3,9) as the rotation parameter. Table 5 shows that there are 60 rotation parameters with
accuracy less than 51%. In the mode of choosing plaintext differences from optimal
differential characteristics, (3,9) is the best choice. Considering of the computational error

Table 5 Acc a;bð Þ using optimal truncated characteristic.

Acc a;bð Þ b

0 1 2 3 4 5 6 7

a

0 100.00%A 99.44%A 99.14%A 97.85%A 89.19%B 77.57%C 77.79%C 71.96%C

1 95.26%A 93.28%A 60.73%D 59.55%E 59.77%E 60.08%D 59.73%E 85.29%B

2 80.97%B 67.23%D 58.17%E 50.44%E 50.29%E 53.04%E 59.66%E 52.07%E

3 72.02%C 53.42%E 50.53%E 52.69%E 50.39%E 52.91%E 50.30%E 50.40%E

4 69.19%D 52.81%E 50.36%E 50.34%E 55.93%E 50.42%E 51.05%E 51.60%E

5 70.67%C 53.34%E 50.44%E 55.22%E 50.40%E 56.52%E 55.49%E 50.31%E

6 69.27%D 53.64%E 54.60%E 51.57%E 53.21%E 53.67%E 52.33%E 50.35%E

7 77.19%C 64.82%D 56.62%E 50.35%E 50.36%E 50.31%E 50.43%E 53.81%E

8 86.65%B 82.18%B 64.63%D 55.36%E 54.47%E 54.51%E 54.04%E 55.30%E

9 66.83%D 55.52%E 50.51%E 50.46%E 50.38%E 50.46%E 51.99%E 70.00%D

10 70.07%C 52.80%E 50.80%E 50.31%E 50.36%E 53.69%E 69.67%D 57.09%E

11 68.76%D 54.29%E 50.42%E 50.20%E 53.89%E 64.56%D 51.19%E 50.46%E

12 76.39%C 53.31%E 52.93%E 53.26%E 70.59%C 55.85%E 51.10%E 50.32%E

13 86.44%B 56.18%E 73.44%C 74.83%C 59.64%E 57.25%E 53.81%E 50.36%E

14 95.49%A 90.65%A 89.26%B 67.42%D 60.43%D 51.27%E 51.38%E 50.30%E

15 97.93%A 96.26%A 89.39%B 73.05%C 62.41%D 57.26%E 56.73%E 56.34%E

8 9 10 11 12 13 14 15

0 92.44%A 83.02%B 79.18%C 73.12%C 73.28%C 72.45%C 75.95%C 89.35%B

1 65.22%D 51.93%E 60.44%D 60.30%D 62.67%D 98.59%A 82.92%B 100.00%A

2 53.79%E 50.26%E 51.63%E 58.94%E 62.33%D 63.86%D 84.06%B 86.86%B

3 53.30%E 50.20%E 54.43%E 51.75%E 53.11%E 76.55%C 56.21%E 85.67%B

4 55.08%E 50.37%E 50.39%E 52.03%E 71.33%C 58.16%E 53.35%E 53.08%E

5 51.94%E 50.30%E 51.87%E 66.74%D 55.27%E 51.22%E 52.10%E 51.40%E

6 53.99%E 52.39%E 65.16%D 51.65%E 50.24%E 50.37%E 50.45%E 55.84%E

7 77.01%C 72.78%C 50.28%E 50.64%E 50.35%E 50.38%E 50.39%E 52.31%E

8 87.81%B 84.20%B 61.57%D 54.46%E 54.02%E 54.68%E 53.89%E 56.30%E

9 68.78%D 54.11%E 50.43%E 50.38%E 50.39%E 53.62%E 56.84%E 73.32%C

10 53.89%E 50.47%E 52.08%E 54.45%E 54.02%E 50.46%E 58.62%E 51.28%E

11 53.60%E 51.72%E 53.56%E 52.75%E 50.34%E 52.72%E 50.35%E 53.65%E

12 54.75%E 50.31%E 51.60%E 50.34%E 56.06%E 50.37%E 50.31%E 51.30%E

13 52.61%E 50.44%E 50.31%E 53.20%E 50.26%E 52.22%E 50.34%E 52.71%E

14 55.93%E 51.64%E 53.66%E 50.47%E 50.31%E 50.40%E 57.05%E 60.47%D

15 84.96%B 65.46%D 57.44%E 57.70%E 57.62%E 67.07%D 74.23%C 85.81%B
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in calculating the accuracy, other rotation parameters, including (7,3), are also exemplary
parameters, whose accuracy is less than 51%.

Considering the results in Tables 4 and 5, (7,3) is found to be a better choice with a
lower accuracy than 50:5% using two kinds of plaintext differences. The SPECK32ð7;3Þ has a
stronger ability to resist distinguishing attacks based on neural distinguishers.

Table 6 The comparison table about using different kinds of plaintext difference.

Acc a;bð Þ b

0 1 2 3 4 5 6 7

a

0 0.00% 0.08% 0.37% 1.28% 8.71% 15.63% 14.05% 20.58%

1 4.74% 1.01% 20.83% 7.07% 6.38% 9.71% 8.39% 0.26%

2 18.98% 15.66% −7.62% 0.18% 0.24% −2.44% −0.81% 7.62%

3 27.59% 15.29% 0.05% −2.03% 0.19% 0.19% 0.36% 0.73%

4 24.31% 7.38% 0.27% 0.36% −0.60% 0.19% −0.48% −0.93%

5 14.64% 8.52% 0.10% 0.18% 0.23% −1.99% 4.65% 0.39%

6 14.95% 5.81% −0.17% −1.01% −2.62% 3.36% −1.80% 0.20%

7 13.39% 5.40% 4.16% 0.14% 0.22% 0.30% 0.20% −3.16%

8 0.15% 0.16% 1.64% 0.43% 0.56% 2.06% 2.11% 9.96%

9 19.46% 6.85% 0.07% 0.06% 1.40% 0.12% 9.50% 10.97%

10 18.99% 8.34% −0.22% 0.25% 0.19% 0.64% 0.21% 5.94%

11 15.75% 3.61% 0.21% 0.33% 3.94% 2.02% 4.99% 0.15%

12 15.87% 9.32% 8.88% 10.66% −0.27% 4.37% −0.49% 0.28%

13 10.04% 21.12% 2.09% 2.07% 6.23% −6.61% −3.26% 0.15%

14 3.21% −0.04% 0.59% 16.48% 9.59% −0.69% −0.80% 0.27%

15 1.29% 1.07% 4.49% 12.90% 3.93% 0.17% 2.31% 3.51%

8 9 10 11 12 13 14 15

0 −0.03% 11.43% 13.69% 14.74% 24.75% 27.13% 24.04% 10.65%

1 9.29% 7.73% 13.74% 1.51% 27.03% −0.13% 17.05% 0.00%

2 4.60% 0.31% −1.14% −8.36% 15.77% 32.52% 15.86% 13.11%

3 0.84% 0.46% −3.89% −1.10% 13.56% 12.62% 38.57% 13.45%

4 −0.19% 0.19% 0.18% 4.38% 0.06% 8.68% 14.89% 29.31%

5 2.97% 0.25% 2.72% 0.35% 2.64% −0.72% −1.48% 11.26%

6 5.35% 7.47% 2.33% 5.58% 0.35% 0.25% 0.21% 10.80%

7 −0.12% 0.61% 12.43% −0.07% 0.28% 0.14% 0.29% 4.97%

8 0.46% −0.46% 5.65% 0.50% 0.66% 2.03% 3.44% 13.60%

9 2.60% −3.54% 0.18% 0.24% 1.81% −2.26% 4.06% 8.19%

10 6.69% 0.14% −1.47% 3.31% 0.82% 0.10% 0.04% 13.29%

11 3.05% −1.14% 3.03% 2.18% 0.34% −0.17% 0.26% 11.01%

12 0.35% 0.22% −1.06% 0.21% −1.41% 0.28% 0.32% 10.20%

13 2.49% 0.14% 0.22% 0.16% 0.24% −1.54% 0.31% 6.45%

14 9.03% 3.10% −0.46% 0.12% 0.33% 0.15% −6.38% 14.13%

15 0.07% 3.69% 1.21% 3.35% 8.19% 3.89% 4.84% 5.50%
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Discussion
A comparison using two kinds of plaintext differences
In Table 6, we give a comparison of using two types of plaintext differences to trainNDs.
Let Accdifference ¼ Accl � Acco, where Accl is the value shown in Table 4 and Acco is the
value shown in Table 5. As shown in Table 6, for most rotation parameters, the accuracy
using low-Hamming differences is higher. For few rotation parameters, using input
differences from optimal truncated differential characteristics to train neural
distinguishers has more advantages over using low-Hamming-weight plaintext differences.

For using low-Hamming weight plaintext differences, there are more plaintext
differences used to train NDs. In contrast, there are few input differences obtained from
optimal truncated differences, which is the main reason why the accuracy in Table 5 is
lower for most rotation parameters. However, the methods that use input differences from
optimal truncated differentials make sense, which helps designers and attackers to obtain
better ND in some special cases like SPECK32ð13;5Þ.

For an attacker, it is better to use two types of plaintext difference model, if the attacker
has enough time to train NDs.

A comparison using differential characteristics and neural distinguishers

Kölbl, Leander & Tiessen (2015) check all rotation parameters of SIMON for diffusion
properties and optimal differential characteristics. Encouraged by their work, for each of
the SPECK32-like ciphers, we calculate the probability of optimal seven-round differential
characteristics, which is shown in Table 7.

As shown in Tables 4 and 7, the accuracy of neural distinguisher does not have a positive
relationship with the differential probability. The differential probability of a rotation
parameter with higher accuracy is not necessarily lower. For example, considering the
rotation parameters (7,10) and (8,4), the differential probability of using (8,4) is higher
than that of using (7,10). From the perspective of optimal differential probability, it is
obvious that the SPECK32-like cipher using (8,4) as rotation parameters has better
differential diffusion than using (7,10). But the accuracy of (7,10) is higher than the
accuracy of (8,4); that is, the SPECK32-like cipher using (7,10) has a stronger ability to resist
the distinguishing attack based on neural distinguishers.

Benamira et al. (2021) research into the phenomenon related to the accuracy and the
differential probability. And they give an interpretation on why Gohr chooses ð0x40; 0x0Þ
as the plaintext difference to train the five-round neural distinguisher instead of
ð0x2800; 0x10Þ, where ð0x2800; 0x10Þ is the input difference of the best five-round
differential characteristic. They believe that this is explained by the fact that ð0x40; 0x0Þ is
the input difference of the optimal three-round or four-round differential, which has the
most chances to provide a biased distribution one or two rounds later.

With the existence of this phenomenon, it is necessary to evaluate the security using
neural distinguishers, rather than relying solely on the optimal differential probabilities.
The use of neural distinguishers in security evaluation enriches the results of security
evaluation.
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ANALYSIS OF THE REASON FOR THE DIFFERENCE IN
ACCURACY
In this section, we further explore the differences in rotation parameters using the results
in “Evaluate the Security of Different Rotation Parameters using Neural Distinguishers”.
We first select five rotation parameters with accuracies of 50–60%, 60–70%, 70–80%,

Table 7 The probabilities of optimal 7-round differential characteristics.

P a;bð Þ b 0 1 2 3 4 5 6 7
a

0 2�7 2�5 2�7 2�7 2�7 2�7 2�7 2�7

1 2�6 2�10 2�15 2�14 2�13 2�14 2�15 2�11

2 2�7 2�15 2�16 2�20 2�19 2�20 2�16 2�18

3 2�7 2�17 2�20 2�16 2�21 2�16 2�20 2�19

4 2�7 2�18 2�18 2�21 2�9 2�21 2�17 2�19

5 2�7 2�18 2�20 2�16 2�21 2�14 2�16 2�20

6 2�7 2�17 2�16 2�17 2�18 2�16 2�16 2�20

7 2�7 2�14 2�18 2�21 2�21 2�19 2�20 2�16

8 2�4 2�11 2�13 2�13 2�10 2�13 2�13 2�13

9 2�7 2�16 2�20 2�20 2�19 2�21 2�18 2�11

10 2�7 2�17 2�19 2�18 2�19 2�17 2�11 2�18

11 2�7 2�17 2�20 2�17 2�18 2�11 2�18 2�21

12 2�7 2�18 2�17 2�18 2�8 2�18 2�18 2�19

13 2�7 2�17 2�16 2�11 2�19 2�17 2�18 2�20

14 2�7 2�12 2�11 2�17 2�18 2�20 2�19 2�20

15 2�5 2�10 2�15 2�18 2�18 2�18 2�17 2�17

8 9 10 11 12 13 14 15

0 2�4 2�7 2�7 2�7 2�7 2�7 2�7 2�6

1 2�10 2�15 2�15 2�14 2�13 2�13 2�11 2�8

2 2�13 2�19 2�19 2�18 2�18 2�15 2�11 2�12

3 2�13 2�18 2�18 2�19 2�19 2�11 2�14 2�13

4 2�11 2�21 2�18 2�19 2�8 2�19 2�17 2�14

5 2�13 2�21 2�17 2�11 2�19 2�19 2�17 2�14

6 2�13 2�18 2�11 2�17 2�19 2�18 2�19 2�15

7 2�11 2�11 2�19 2�21 2�21 2�18 2�20 2�15

8 2�4 2�11 2�13 2�13 2�10 2�13 2�13 2�12

9 2�13 2�16 2�20 2�20 2�19 2�18 2�18 2�11

10 2�13 2�19 2�16 2�15 2�18 2�20 2�16 2�15

11 2�13 2�18 2�16 2�14 2�21 2�16 2�20 2�14

12 2�11 2�21 2�17 2�21 2�9 2�21 2�18 2�14

13 2�13 2�21 2�18 2�16 2�21 2�16 2�21 2�14

14 2�13 2�18 2�16 2�20 2�19 2�20 2�16 2�14

15 2�11 2�15 2�18 2�18 2�18 2�18 2�15 2�10
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80–90% and 90–100%, respectively. The five rotation parameters with different accuracies
and their plaintext differences are shown in Table 8. Using the five rotation parameters, we
analyze the difference in the accuracies of the neural distinguishers caused by different
rotation parameters, from the perspective of ciphertext pairs and truncated differences.

The difference in ciphertext pairs
We focus on the bit biases of the output difference. To start, we perform the following
experiment (Experiment A):

. Stage 1. Generate 225 plaintext pairs using D as plaintext differences.

. Stage 2. Encrypt 225 plaintext pairs using the seven-round SPECK32 a;bð Þ.

. Stage 3. Calculate the output differences of 225 ciphertext pairs.

. Stage 4. Count the number of output differences in which the value of the jth bit is 1,
denoted by nj.

. Stage 5. The bit bias of the jth bit is nj
225 � 0:5.

The bits biases of the five rotation parameters are shown in Table 9.
As shown in Table 9, for the rotation parameters (15,1), (1,7), (7,8), it is obvious that the

partial bits have a probability of 0 (or 1) higher than 0.6. These bits with a probability of 0
(or 1) higher than 0.6 are denoted by good bits (GBs). For example, for the 29th bit of the
rotation parameters (15,1) with ð0x1000; 0x2000Þ as the plaintext differences, it has a
probability of 0 of about 0.911. For the 18th bit of the rotation parameters (1,7) with
ð0x1; 0x0Þ as plaintext differences, it has a probability of 1 of approximately 0.810.
Analyzing Table 9, (15,1) has more GBs than other rotation parameters. And (1,7) also has
more GBs than (7,8). This phenomenon indicates that the higher the number of GB, the
higher the accuracy of the neural distinguisher seems to have.

However, it is difficult to find the difference between (3,12) and (8,11) in the number of
GB. So we further record the number of GB in truncated differences.

The difference in truncated differences
For the seven-round SPECK32 a;bð Þ, we focus on the bit biases of the truncated differences.
With that, we conduct another experiment (Experiment B):

. Stage 1. Generate 225 plaintext pairs using D as plaintext differences.

. Stage 2. Encrypt 225 plaintext pairs using the seven-round SPECK32 a;bð Þ.

Table 8 List of rotation parameters.

Target cipher Rotation parameters Plaintext difference Accuracy

7-round SPECK32 a;bð Þ ð15; 1Þ ð0x1000; 0x2000Þ 97:33%

ð1; 7Þ ð0x1; 0x0Þ 85:55%

ð7; 8Þ ð0x40; 0x8000Þ 76:89%

ð3; 12Þ ð0x40; 0x8Þ 66:67%

ð8; 11Þ ð0x80; 0x0Þ 54:96%
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Table 9 Bits biases on output differences.

Rotation parameter (15,1) plaintext difference
ð0x1000; 0x2000Þ

Bit position 31 30 29 28 27 26 25 24

0.012 0.024 −0.411 −0.377 −0.334 −0.283 −0.224 −0.161

Bit position 23 22 21 20 19 18 17 16

−0.100 −0.048 −0.011 0.002 −0.002 −0.001 0.002 0.006

Bit position 15 14 13 12 11 10 9 8

0.012 0.024 −0.411 −0.378 −0.335 −0.283 −0.224 −0.162

Bit position 7 6 5 4 3 2 1 0

−0.102 −0.050 −0.019 −0.006 0.003 −0.001 0.002 0.005

Rotation parameter (1,7) plaintext difference
ð0x1; 0x0Þ

Bit position 31 30 29 28 27 26 25 24

−0.058 −0.016 −0.003 −0.003 0.000 0.000 0.146 −0.089

Bit position 23 22 21 20 19 18 17 16

−0.038 −0.010 −0.005 −0.004 −0.000 0.310 −0.282 −0.213

Bit position 15 14 13 12 11 10 9 8

−0.041 −0.009 −0.004 −0.008 −0.014 0.000 −0.157 −0.104

Bit position 7 6 5 4 3 2 1 0

−0.059 −0.010 −0.004 −0.000 0.001 0.000 0.228 −0.174

Rotation parameter (7,8) plaintext difference
ð0x40; 0x8000Þ

Bit position 31 30 29 28 27 26 25 24

−0.026 −0.011 −0.003 −0.000 0.000 0.000 0.054 −0.052

Bit position 23 22 21 20 19 18 17 16

−0.025 −0.010 −0.003 −0.000 0.001 −0.000 0.082 −0.093

Bit position 15 14 13 12 11 10 9 8

−0.029 −0.012 −0.004 −0.000 0.002 −0.000 −0.098 −0.051

Bit position 7 6 5 4 3 2 1 0

−0.028 −0.011 −0.003 −0.000 0.000 −0.000 −0.163 −0.148

Rotation parameter (3,12) plaintext difference
ð0x40; 0x8Þ

Bit position 31 30 29 28 27 26 25 24

−0.000 0.000 0.005 0.001 −0.002 −0.000 0.000 −0.000

Bit position 23 22 21 20 19 18 17 16

−0.000 0.000 0.000 −0.000 0.001 −0.000 −0.001 0.000

Bit position 15 14 13 12 11 10 9 8

−0.001 0.000 0.000 0.000 −0.003 −0.001 −0.001 0.000

Bit position 7 6 5 4 3 2 1 0

−0.001 −0.000 0.000 −0.000 −0.001 −0.000 0.000 0.001

Rotation parameter (8,11) plaintext difference
ð0x80; 0x0Þ

Bit position 31 30 29 28 27 26 25 24

0.000 0.000 −0.003 0.000 0.007 −0.001 0.001 −0.006

Bit position 23 22 21 20 19 18 17 16

−0.000 0.000 −0.004 −0.000 −0.009 −0.002 −0.000 0.006

Bit position 15 14 13 12 11 10 9 8

0.000 −0.000 −0.001 0.000 −0.004 −0.000 −0.000 0.001

Bit position 7 6 5 4 3 2 1 0

0.000 0.000 −0.000 −0.000 −0.003 −0.001 0.000 −0.005
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Table 10 Bits biases on decrypting 1 round.

Rotation parameter (15,1) plaintext difference
ð0x1000; 0x2000Þ

Bit position 31 30 29 28 27 26 25 24

0.006 0.012 −0.462 −0.443 −0.417 −0.382 −0.336 −0.279

Bit position 23 22 21 20 19 18 17 16

−0.212 −0.141 −0.075 −0.016 0.011 −0.004 0.001 0.002

Bit position 15 14 13 12 11 10 9 8

0.006 0.012 −0.462 −0.443 −0.417 −0.382 −0.336 −0.279

Bit position 7 6 5 4 3 2 1 0

−0.213 −0.143 −0.073 −0.026 −0.006 0.004 0.001 −0.498

Rotation parameter (1,7) plaintext difference
ð0x1; 0x0Þ

Bit position 31 30 29 28 27 26 25 24

−0.069 −0.013 0.000 −0.000 0.000 0.245 −0.177 −0.109

Bit position 23 22 21 20 19 18 17 16

−0.048 −0.014 −0.016 0.000 −0.409 −0.377 −0.352 −0.266

Bit position 15 14 13 12 11 10 9 8

−0.048 −0.009 −0.003 0.000 −0.001 0.255 −0.191 −0.128

Bit position 7 6 5 4 3 2 1 0

−0.069 −0.010 −0.014 −0.053 0.000 0.332 −0.282 −0.213

Rotation parameter (7,8) plaintext difference
ð0x40; 0x8000Þ

Bit position 31 30 29 28 27 26 25 24

−0.088 −0.045 −0.017 −0.004 0.000 0.001 −0.000 −0.148

Bit position 23 22 21 20 19 18 17 16

−0.092 −0.048 −0.020 −0.007 −0.000 −0.001 0.000 −0.221

Bit position 15 14 13 12 11 10 9 8

−0.092 −0.049 −0.021 −0.006 −0.001 0.000 0.115 −0.148

Bit position 7 6 5 4 3 2 1 0

−0.095 −0.052 −0.023 −0.008 −0.002 −0.000 0.155 −0.290

Rotation parameter (3,12) plaintext difference
ð0x40; 0x8Þ

Bit position 31 30 29 28 27 26 25 24

−0.045 −0.010 −0.001 0.004 −0.004 −0.000 0.000 0.001

Bit position 23 22 21 20 19 18 17 16

0.000 0.002 0.000 0.000 −0.000 −0.000 0.000 0.251

Bit position 15 14 13 12 11 10 9 8

−0.045 −0.010 −0.001 0.004 −0.002 −0.001 −0.001 0.000

Bit position 7 6 5 4 3 2 1 0

−0.003 −0.001 −0.000 −0.000 −0.011 −0.002 −0.000 0.000

Rotation parameter ð8; 11Þplaintext difference
ð0x80; 0x0Þ

bit position 31 30 29 28 27 26 25 24

−0.002 0.000 0.019 0.000 0.050 −0.012 0.000 −0.029

bit position 23 22 21 20 19 18 17 16

−0.007 −0.000 0.027 −0.018 −0.044 −0.020 −0.002 −0.043

Bit position 15 14 13 12 11 10 9 8

−0.002 −0.000 0.006 0.000 0.023 −0.002 0.000 −0.013

Bit position 7 6 5 4 3 2 1 0

−0.003 −0.000 0.024 −0.016 0.031 −0.011 0.000 0.029
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Table 11 Bits biases on decrypting 2 rounds.

Rotation parameter (15,1) plaintext difference
ð0x1000; 0x2000Þ

Bit position 31 30 29 28 27 26 25 24

0.002 0.005 −0.487 −0.480 −0.468 −0.450 −0.425 −0.389

Bit position 23 22 21 20 19 18 17 16

−0.339 −0.275 −0.198 −0.114 −0.030 0.008 0.000 0.001

Bit position 15 14 13 12 11 10 9 8

0.002 0.005 −0.487 −0.480 −0.468 −0.451 −0.425 −0.389

Bit position 7 6 5 4 3 2 1 0

−0.339 −0.276 −0.196 −0.122 −0.039 −0.008 0.000 0.000

Rotation parameter (1,7) plaintext difference
ð0x1; 0x0Þ

Bit position 31 30 29 28 27 26 25 24

−0.089 −0.000 −0.000 −0.000 0.354 −0.290 −0.213 −0.131

Bit position 23 22 21 20 19 18 17 16

−0.054 0.000 −0.000 −0.480 −0.469 −0.453 −0.438 −0.375

Bit position 15 14 13 12 11 10 9 8

−0.052 −0.003 −0.000 −0.004 0.361 −0.302 −0.232 −0.155

Bit position 7 6 5 4 3 2 1 0

−0.071 −0.013 −0.000 −0.000 −0.437 −0.402 −0.352 −0.266

Rotation parameter (7,8) plaintext difference
ð0x40; 0x8000Þ

Bit position 31 30 29 28 27 26 25 24

−0.232 −0.160 −0.093 −0.041 −0.012 −0.000 0.001 −0.011

Bit position 23 22 21 20 19 18 17 16

−0.221 −0.147 −0.079 −0.027 0.000 0.000 0.000 −0.010

Bit position 15 14 13 12 11 10 9 8

−0.233 −0.162 −0.095 −0.044 −0.014 0.004 −0.001 −0.290

Bit position 7 6 5 4 3 2 1 0

−0.224 −0.152 −0.085 −0.036 −0.008 0.004 0.000 −0.432

Rotation parameter (3,12) plaintext difference
ð0x40; 0x8Þ

Bit position 31 30 29 28 27 26 25 24

0.075 −0.023 0.005 0.002 0.020 0.004 0.002 0.000

Bit position 23 22 21 20 19 18 17 16

0.000 −0.000 0.000 0.002 0.250 −0.250 −0.250 −0.247

Bit position 15 14 13 12 11 10 9 8

−0.075 −0.022 0.005 0.002 −0.022 −0.002 −0.001 0.001

Bit position 7 6 5 4 3 2 1 0

−0.029 −0.008 −0.000 −0.000 −0.251 −0.250 −0.250 −0.262

Rotation parameter (8,11) plaintext difference
ð0x80; 0x0Þ

Bit position 31 30 29 28 27 26 25 24

−0.041 −0.000 −0.077 −0.041 −0.001 −0.097 −0.070 −0.171

Bit position 23 22 21 20 19 18 17 16

−0.068 −0.001 0.063 −0.027 0.000 −0.068 0.000 0.276

Bit position 15 14 13 12 11 10 9 8

−0.008 −0.000 −0.057 −0.032 −0.000 −0.090 −0.064 0.107

Bit position 7 6 5 4 3 2 1 0

−0.034 0.000 0.052 −0.025 −0.000 −0.023 0.000 −0.076
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. Stage 3. For the 225 cipher pairs, decrypt i rounds using their respective keys.

. Stage 4. Compute the corresponding truncated differences.

. Stage 5. Compute the bit bias of the truncated differences.

The bit biases of the five rotation parameters are shown in Tables 10 and 11. Similarly,
(15,1) has more GBs than other rotation parameters in truncated differences. The number
of GB is shown in Table 12. It is found that there is a positive correlation between the
accuracy of the neural distinguishers and the number of GB, which also proves that the
neural network needs more GBs. More GBs, the neural distinguisher appears to have
higher accuracy.

CONCLUSION AND FUTURE WORK
In this work, we present a comprehensive security assessment of SPECK32 variants with
different rotation parameters considering the ability to resist neural-distinguishing attack.
First, we train neural distinguishers for all SPECK32-like ciphers using two distinct plaintext
difference selection strategies. Subsequently, employing neural distinguisher accuracy as
our primary evaluation metric, we conduct a rigorous security assessment of all rotation
parameter configurations.

In particular, our experimental results reveal that the standard parameter (7,2) does not
consistently demonstrate optimal security characteristics. Through comparative analysis,
we identify the parameter configuration (7,3) as exhibiting superior resistance against
neural distinguisher-based distinguishing attacks compared to the standard parameter.
This finding suggests potential security considerations for parameter selection in
SPECK32-like ciphers.

Furthermore, we establish through empirical validation a significant correlation
between ciphertext pair bit biases and neural distinguisher accuracy, particularly in
truncated-round scenarios. Our analysis provides new insights into the interpret ability of
neural cryptanalysis.

Our work is the first time to evaluate the security of the rotation parameters of
SPECK32-like ciphers using neural distinguishers. The use of neural distinguishers enriches
the results of the security evaluation of cryptographic components.

Although machine learning demonstrates significant potential for cryptanalysis, we do
not think that machine learning methods will replace traditional cryptanalysis. Serving as a
powerful complement to classical cryptanalysis, machine learning-aided methods enable

Table 12 The number of GBs.

Target cipher Rotation parameters Plaintext difference Accuracy Output difference Decrypt 1 round Decrypt 2 rounds

7-round SPECK32 a;bð Þ (15,1) ð0x1000; 0x2000Þ 97:33% 14 17 20

(1,7) ð0x1; 0x0Þ 85:55% 8 13 17

(7,8) ð0x40; 0x8000Þ 76:89% 2 6 10

(3,12) ð0x40; 0x8Þ 66:67% 0 1 8

(8,11) ð0x80; 0x0Þ 54:96% 0 0 3
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researchers to identify previously unnoticed vulnerabilities. In further work, an interesting
direction is to utilize the weakness found by the neural distinguishers to enhance classical
cryptanalysis.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
This work was supported by the National Natural Science Foundation of China (No.
62206312). The funders had no role in study design, data collection and analysis, decision
to publish, or preparation of the manuscript.

Grant Disclosures
The following grant information was disclosed by the authors:
National Natural Science Foundation of China: 62206312.

Competing Interests
The authors declare that they have no competing interests.

Author Contributions
. Zezhou Hou conceived and designed the experiments, performed the experiments,
analyzed the data, performed the computation work, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

. Jiongjiong Ren conceived and designed the experiments, analyzed the data, performed
the computation work, prepared figures and/or tables, authored or reviewed drafts of the
article, and approved the final draft.

. Shaozhen Chen analyzed the data, performed the computation work, authored or
reviewed drafts of the article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The code is available at Zenodo: free crypto. (2025). ml-aided-crypto/
speck32_security_ml_analysis: speck32_like_al_for_cryptanalysis (v1.0). Zenodo. https://
doi.org/10.5281/zenodo.15624749.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj-cs.3015#supplemental-information.

REFERENCES
Bacuieti N, Batina L, Picek S. 2022. Deep neural networks aiding cryptanalysis: a case study of the

speck distinguisher. In: Ateniese G, Venturi D, eds. Applied Cryptography and Network Security
—20th International Conference, ACNS 2022. Vol. 13269. Cham: Springer, 809–829.

Bagherzadeh E, Ahmadian Z. 2020.Milp-based automatic differential search for LEA and HIGHT
block ciphers. IET Information Security 14(5):595–603 DOI 10.1049/iet-ifs.2018.5539.

Hou et al. (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3015 23/25

https://doi.org/10.5281/zenodo.15624749
https://doi.org/10.5281/zenodo.15624749
http://dx.doi.org/10.7717/peerj-cs.3015#supplemental-information
http://dx.doi.org/10.7717/peerj-cs.3015#supplemental-information
http://dx.doi.org/10.1049/iet-ifs.2018.5539
http://dx.doi.org/10.7717/peerj-cs.3015
https://peerj.com/computer-science/


Baksi A, Breier J, Dasu V, Hou X. 2021. Machine learning attacks on speck. In: Security and
Implementation of Lightweight Cryptography (SILC). Amsterdam: Elsevier, 1–6.

Baksi A, Breier J, Dasu VA, Hou X, Kim H, Seo H. 2023. New results on machine learning-based
distinguishers. IEEE Access 11:54175–54187 DOI 10.1109/access.2023.3270396.

Bao Z, Guo J, Liu M, Ma L, Tu Y. 2021. Enhancing differential-neural cryptanalysis. IACR
Cryptology ePrint Archive 2021:1–65.

Bao Z, Guo J, Liu M, Ma L, Tu Y. 2022. Enhancing differential-neural cryptanalysis. In: Agrawal S,
Lin D, eds. Advances in Cryptology—ASIACRYPT 2022. Vol. 13791. Cham: Springer, 318–347.

Beaulieu R, Shors D, Smith J, Treatman-Clark S, Weeks B, Wingers L. 2015. The SIMON and
SPECK families of lightweight block ciphers. In: 2015 ACM/EDAC/IEEE Design Automation
Conference, DAC 2015, San Francisco, CA, USA, June 8–12, 2015. Piscataway, NJ: IEEE, 1–6.

Benamira A, Gérault D, Peyrin T, Tan QQ. 2021. A deeper look at machine learning-based
cryptanalysis. In: Canteaut A, Standaert F, eds. Advances in Cryptology—OCRYPT 2021. Vol.
12696. Cham: Springer, 805–835.

Biham E, Shamir A. 1991. Differential cryptanalysis of DES-like cryptosystems. Journal of
Cryptology 4(1):3–72 DOI 10.1007/bf00630563.

Chen Y, Shen Y, Yu H, Yuan S. 2022. A new neural distinguisher considering features derived
from multiple ciphertext pairs. The Computer Journal 66(6):1419–1433
DOI 10.1093/comjnl/bxac019.

de Moura LM, Bjørner N. 2008. Z3: an efficient SMT solver. In: Ramakrishnan CR, Rehof J, eds.
Tools and Algorithms for the Construction and Analysis of Systems, 14th International
Conference, TACAS 2008. Vol. 4963. Heidelberg: Springer, 337–340.

Gérault D, Minier M, Solnon C. 2016. Constraint programming models for chosen key differential
cryptanalysis. In: Rueher M, ed. Principles and Practice of Constraint Programming—22nd
International Conference, CP 2016. Vol. 9892. Cham: Springer, 584–601.

Gohr A. 2019. Improving attacks on round-reduced speck32/64 using deep learning. In:
Boldyreva A, Micciancio D, eds. Advances in Cryptology—CRYPTO 2019. Vol. 11693. Cham:
Springer, 150–179.

He K, Zhang X, Ren S, Sun J. 2016. Deep residual learning for image recognition. In: 2016 IEEE
Conference on Computer Vision and Pattern Recognition, CVPR 2016, Las Vegas, NV, USA, June
27–30, 2016. Los Alamitos, CA: IEEE Computer Society, 770–778.

Hong D, Sung J, Hong S, Lim J, Lee S, Koo B, Lee C, Chang D, Lee J, Jeong K, Kim H, Kim J,
Chee S. 2006. HIGHT: a new block cipher suitable for low-resource device. In: Goubin L,
Matsui M, eds. Cryptographic Hardware and Embedded Systems—CHES 2006. Vol. 4249.
Heidelberg: Springer, 46–59.

Hou B, Li Y, Zhao H, Wu B. 2020. Linear attack on round-reduced DES using deep learning. In:
Chen L, Li N, Liang K, Schneider SA, eds. Computer Security—ESORICS 2020. Vol. 12309.
Cham: Springer, 131–145.

Kölbl S, Leander G, Tiessen T. 2015. Observations on the SIMON block cipher family. In:
Gennaro R, Robshaw M, eds. Advances in Cryptology—CRYPTO 2015. Vol. 9215. Heidelberg:
Springer, 161–185.

Kondo K, Sasaki Y, Iwata T. 2016.On the design rationale of SIMON block cipher: integral attacks
and impossible differential attacks against SIMON variants. In: Manulis M, Sadeghi A,
Schneider SA, eds. Applied Cryptography and Network Security—14th International Conference,
ACNS 2016. Vol. 9696. Cham: Springer, 518–536.

Hou et al. (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3015 24/25

http://dx.doi.org/10.1109/access.2023.3270396
http://dx.doi.org/10.1007/bf00630563
http://dx.doi.org/10.1093/comjnl/bxac019
http://dx.doi.org/10.7717/peerj-cs.3015
https://peerj.com/computer-science/


Koo B, Roh D, Kim H, Jung Y, Lee D, Kwon D. 2017. CHAM: a family of lightweight block
ciphers for resource-constrained devices. In: Kim H, Kim D, eds. Information Security and
Cryptology—ICISC 2017, Lecture Notes in Computer Science. Vol. 10779. Cham: Springer, 3–25.

Lipmaa H, Moriai S. 2001. Efficient algorithms for computing differential properties of addition.
In: Matsui M, ed. Fast Software Encryption, 8th International Workshop, FSE 2001. Vol. 2355.
Heidelberg: Springer, 336–350.

Lu J, Liu G, Sun B, Li C, Liu L. 2023. Improved (related-key) differential-based neural
distinguishers for SIMON and SIMECK block ciphers. The Computer Journal 67(2):537–547
DOI 10.1093/comjnl/bxac195.

Song L, Huang Z, Yang Q. 2016. Automatic differential analysis of ARX block ciphers with
application to SPECK and LEA. In: Liu JK, Steinfeld R, eds. Information Security and Privacy—
21st Australasian Conference, ACISP 2016. Vol. 9723. Cham: Springer, 379–394.

Sun S, Gérault D, Lafourcade P, Yang Q, Todo Y, Qiao K, Hu L. 2017. Analysis of AES, SKINNY,
and others with constraint programming. IACR Transactions on Symmetric Cryptology
2017(1):281–306 DOI 10.46586/tosc.v2017.i1.281-306.

Sun S, Hu L, Wang P, Qiao K, Ma X, Song L. 2014. Automatic security evaluation and (related-
key) differential characteristic search: application to SIMON, PRESENT, LBlock, DES(L) and
other bit-oriented block ciphers. In: Sarkar P, Iwata T, eds. Advances in Cryptology—
ASIACRYPT 2014. Vol. 8873. Heidelberg: Springer, 158–178.

Suzaki T, Minematsu K, Morioka S, Kobayashi E. 2012. Twine: a lightweight block cipher for
multiple platforms. In: Knudsen LR, Wu H, eds. Selected Areas in Cryptography, 19th
International Conference, SAC 2012. Vol. 7707. Heidelberg: Springer, 339–354.

Zhang H, Wu W. 2016. Structural evaluation for SIMON-like designs against integral attack. In:
Bao F, Chen L, Deng RH, Wang G, eds. Information Security Practice and Experience—12th
International Conference, ISPEC 2016. Vol. 10060. Cham: Springer, 194–208.

Hou et al. (2025), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.3015 25/25

http://dx.doi.org/10.1093/comjnl/bxac195
http://dx.doi.org/10.46586/tosc.v2017.i1.281-306
http://dx.doi.org/10.7717/peerj-cs.3015
https://peerj.com/computer-science/

	Further observations on the security of SPECK32-like ciphers using machine learning
	Introduction
	Preliminaries
	Evaluate the security of different rotation parameters using neural distinguishers
	Analysis of the reason for the difference in accuracy
	Conclusion and future work
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


