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ABSTRACT
In this research, we introduce MIND-Crypt1, a novel attack frame-
work that uses deep learning (DL) and transfer learning (TL) to chal-
lenge the indistinguishability of block ciphers, specifically SPECK32/64
encryption algorithm in CBCmode (Cipher Block Chaining) against
Known Plaintext Attacks (KPA). Our methodology includes training
a DL model with ciphertexts of two messages encrypted using the
same key. The selected messages have the same byte-length and
differ by only one bit at the binary level. This DL model employs
a residual network architecture. For the TL, we use the trained
DL model as a feature extractor, and these features are then used
to train a shallow machine learning, such as XGBoost. This dual
strategy aims to distinguish ciphertexts of two encrypted messages,
addressing traditional cryptanalysis challenges.

Our findings demonstrate that the deep learning model achieves
an accuracy of approximately 99% under consistent cryptographic
conditions (Same Key or Rounds) with the SPECK32/64 cipher. How-
ever, performance degrades to random guessing levels (50%) when
tested with ciphertext generated from different keys or different
encryption rounds of SPECK32/64. To enhance the results, the DL
model requires retraining with different keys or encryption rounds
using larger datasets (107 samples). To overcome this limitation,
we implement TL, achieving an accuracy of about 53% with just
10,000 samples, which is better than random guessing. Further
training with 580,000 samples increases accuracy to nearly 99%,
showing a substantial reduction in data requirements by over 94%.
This shows that an attacker can utilize machine learning models to
break indistinguishability by accessing pairs of plaintexts and their
corresponding ciphertexts encrypted with the same key, without
directly interacting with the communicating parties.

1 INTRODUCTION
Indistinguishability is the basis for building secure encryption sys-
tems. Concretely, indistinguishability means that the adversary can
not tell the difference between the ciphertexts corresponding to
two plaintexts with a probability significantly better than 0.50. It is
an important notion underlying encryption security since it implies
that the adversaries are unable to decipher any useful informa-
tion about the plaintext given the ciphertext. Moreover, a broken
indistinguishability property exposes deterministic or predictable
patterns in the encryption process, making the system susceptible
to more effective attacks, such as ciphertext-only attacks where the
plaintext is deciphered without the key. This not only undermines
the trust and reliability of the cryptographic system but also paves
the way for practical decryption techniques that could exploit this
1We refer to our attack framework as MIND-Crypt, which stands for “Machine learning
based attack framework against INDistinguishability of Cryptographic Algorithms.”

predictability. Therefore, preserving indistinguishability is essen-
tial to maintain the overall integrity and security of encryption
schemes.
Lightweight Block Ciphers. The Internet of Things (IoT) exem-
plifies a domain where cryptography’s vital role is particularly pro-
nounced, due to its explosive growth and the evolving capabilities
of connected devices. With projections estimating over 75 billion
devices connected by 2025 [18], the diversity of applications—from
smart home devices enhancing residential convenience and secu-
rity, to advanced systems in healthcare monitoring and industrial
IoT (IIoT)—is transforming traditional industries. However, many
IoT devices operate under constraints of processing power and
memory, necessitating cryptographic solutions that optimize secu-
rity without imposing significant computational burdens. Among
lightweight block ciphers, the SPECK32/64 cipher, designed by the
National Security Agency (NSA), stands out for its operational ef-
ficiency and simplicity, tailored specifically to meet the needs of
these resource-constrained environments [1, 9].
Cryptanalysis and Machine Learning. As cryptographic sys-
tems evolve in complexity and sophistication, so too does crypt-
analysis – the study and practice of deciphering codes, ciphers,
and encrypted messages without the use of actual key. This disci-
pline has seen significant advancements through a variety of tech-
niques, reflecting the ongoing arms race between cryptography and
cryptanalysis. Traditional methods such as side-channel attacks
[27, 33, 34, 46], fault injection attacks [11, 19, 21, 36], mathematical
analysis [6, 29, 43], and brute-force attacks [23, 31, 39, 42] have
continually been refined in tandem with advancements in crypto-
graphic techniques. However, as cryptographic algorithms become
more complex, the effectiveness of these traditional approaches is
increasingly challenged, necessitating newer methodologies. This
evolving landscape has sparked considerable interest in integrating
machine learning with cryptanalysis, offering novel approaches to
breaking cryptographic systems and presenting new challenges to
their robustness.

In 2019, Gohr [22] proposed a differential attack on round-reduced
SPECK32/64, focusing on the development of neural distinguishers
that could effectively distinguish ciphertexts differing by a specific
difference delta from random text. This approach leveraged DL,
specifically deep residual neural networks, which demonstrated
superior performance compared to traditional cryptographic dis-
tinguishers. Further enhancing the practicality of his method, Gohr
integrated a novel key search policy based on Bayesian optimization,
significantly improving the efficiency of key recovery processes.
Following Gohr’s work, Benamira et al. [14] conducted detailed
analysis and showed neural distinguisher developed by Gohr gener-
ally relies on the differential distribution on the ciphertext pairs, but



also on the differential distribution in penultimate and antepenulti-
mate rounds. This approach not only showcased DL’s potential in
enhancing traditional cryptanalysis but also emphasizes the need
to probe deeper into the cipher’s behavior by exploring the notion
of indistinguishability.
Focus of Our Research. In contrast, our research shifts the focus
from differential attack strategies to breaking the broader concept
of indistinguishability within SPECK32/64. Unlike Gohr’s approach,
which targets specific, known differential paths for key recovery,
our study employs DL and TL to assess whether a model can dis-
tinguish between ciphertexts encrypted under different configura-
tions of keys and rounds. Crucially, this approach highlights the
attacker’s significant capability to train robust models using self-
generated datasets, thereby reducing reliance on extensive victim
data. By needing only a small amount of actual ciphertext from the
victim, ourmethod showcases a powerful, scalable attackmodel that
efficiently breaches cryptographic security. This analysis is pivotal
in evaluating the cipher’s robustness against a more comprehen-
sive range of adaptive threats, thereby addressing a fundamentally
different and more crucial aspect of cryptographic security.

Formally, in our study, we address the following research ques-
tion: Can machine learning techniques be employed to break the indis-
tinguishability of lightweight block ciphers (e.g., SPECK32/64), chal-
lenging not only their implementation but also the very foundations
of the algorithms themselves? We answer this question affirmatively
by introducing MIND-Crypt, an attack based on deep learning (DL)
and transfer learning (TL) that efficiently distinguishes ciphertexts
of two messages encrypted with the same key.

When designing MIND-Crypt, we considered assumptions typi-
cal of Known Plaintext Attack (KPA) scenario, where the attacker
has access to both plaintexts and their corresponding ciphertexts
encrypted under the same key. Our primary focus is on the abil-
ity of the attacker to differentiate ciphertexts that correspond to
different plaintext messages, assessing the indistinguishability of
the SPECK32/64 cipher in a controlled environment that simu-
lates potential real-world attack scenarios on IoT devices. In our
study, we focus on both its standard 22-round configuration and
round-reduced versions to understand how these variations affect
its resistance to cryptographic attacks.
Our Methodology & Experiments. We approach this challenge
by framing the task as a binary classification problem, where the
machine learning (ML) classifier is trained on previously-known
ciphertexts 𝒞1 and 𝒞2 corresponding to two fixed plaintexts 𝒫1 and
𝒫2, respectively, and using the trained model to predict whether
any new challenge ciphertexts correspond to 𝒫1 or 𝒫2. To train
the model, the attacker generates ciphertexts of these messages
by encrypting them using SPECK32/64 under the same key. This
scenario is realistic in many practical applications and provides the
necessary data (ciphertexts) for training the ML model. We hypoth-
esize that ML algorithms can detect patterns and dependencies in
ciphertexts, achieving an accuracy significantly better than random
guessing.

In order to enhance the effectiveness of our attack, we lever-
age transfer learning, a technique that significantly amplifies the
capabilities of attackers, particularly in symmetric key contexts.
Traditionally, attackers are constrained by the limited availability of

ciphertexts, often requiring unauthorized access to data from poten-
tial victims. Transfer learning modifies this constraint by allowing
attackers to initially train models on extensive datasets generated
autonomously. These models are subsequently fine-tuned using
smaller, specific datasets that mirror the operational conditions of
the victim’s environment. This methodology not only facilitates
sophisticated cryptanalytic efforts but also establishes TL as a for-
midable tool in the cryptographic landscape, thereby increasing the
viability of deploying machine learning techniques in cryptanalysis.

To empirically validate our approach, we conducted four experi-
ments under different cryptographic conditions: 1) Same Rounds,
Same key, where the model showed high accuracy, indicating a
vulnerability in configurations where both rounds and key are con-
sistent; 2) Same Rounds, Different Key, which tested the model’s ro-
bustness against key variability with a notable drop in performance;
3) Different Rounds, Same Key, revealing the cipher’s effectiveness
in mitigating risks through varying rounds; and 4) Different Rounds,
Different Key, the most challenging scenario, resulting in the lowest
accuracy, underscoring the cipher’s strong defense against attacks
with no consistent cryptographic settings. These results highlight
the nuanced vulnerabilities of ciphers and underscore the potential
of deploying advanced machine learning techniques in cryptanaly-
sis under diverse operational conditions.

Our results show that the DL model achieved 99% accuracy when
both training and evaluation used ciphertexts encrypted under the
same key or number of rounds, with a training set of 107 samples.
However, when the model was evaluated using a challenge cipher-
texts with a different key or number of rounds than those used
in training, its accuracy plummeted to 50%, equivalent to random
guessing. This drop highlights the model’s sensitivity to changes in
cryptographic configurations and the substantial data requirements
needed to retrain the model for each new configuration.

To address these challenges, we implemented a TL approach
that significantly reduced the dependency on large datasets. By
reusing a pre-trained deep learning model as a feature extractor
and training a lightweight machine learning classifier like XGBoost
on just 10,000 samples, we enhance the model’s accuracy to approx-
imately 53% under new cryptographic conditions. This represents a
significant improvement over random guessing. Further, when the
sample size was increased to 580,000, the accuracy of the transfer
learning approach reached 99%, matching the performance of the
original DL model but with a substantial reduction in the number
of required samples. Specifically, this approach represents a data re-
duction of over 94%, demonstrating the efficacy of transfer learning
in making cryptanalysis techniques more data-efficient and adapt-
able. This unsettling discovery underscores the critical significance
(or the lack of) indistinguishability and highlights the potential
vulnerabilities in a lightweight block ciphers deployed in resource
constrained environments. The work can be similarly extended to
analyze the indistinguishability of other block ciphers, public key
encryption schemes and even post-quantum crypto algorithms.
Our Contributions and Summary of Results: The main contri-
butions and findings are summarized as follows:

(1) ANovel Attack Framework for Breaking Indistinguishabil-
ity: We introduce MIND-Crypt, a novel attack framework that
utilized various machine learning techniques to investigate the

2



indistinguishability of lightweight block ciphers, SPECK32/64.
More specifically, we leverage deep learning and transfer learn-
ing techniques to implement MIND-Crypt.

(2) A Novel Threat Model: As a part of MIND-Crypt design, we
introduce a novel threat model to assess the indistinguishabil-
ity of the SPECK32/64 lightweight block cipher in CBC mode
under passive Known Plaintext Attacks (KPA), focusing on IoT
devices. In our threat model, the attacker collects large number
of ciphertexts of messages 𝒫1 and 𝒫2 to train the DL model.
Later, attacker uses this trained DL model to determine if the
challenge ciphertext obtained from victim belongs to message
𝒫1 or 𝒫2.

(3) EnhancedCryptographicAnalysis throughTransfer Learn-
ing: Our methodology demonstrates how transfer learning
can effectively reduce the reliance on large training datasets
typically required for cryptanalysis under varied encryption
settings. By employing a pretrained deep learning model as
a feature extractor, followed by training a shallow machine
learning model like XGBoost, we achieve substantial improve-
ments in model adaptability and performance. We documented
a reduction in data needs by over 94%, illustrating how our
approach can achieve high accuracy (matching that of exten-
sively trained deep learning models) with significantly fewer
data samples. This contribution is particularly valuable where
data availability and computational resources are often limited.

(4) Comprehensive Evaluation Across Cryptographic Settings:
We thoroughly evalute the proposed attack in various crypto-
graphic configurations, demonstrating robustness of the pro-
posed framework. We trained and evaluated our models across
four distinct settings—same rounds with the same key, same
rounds with a different key, different rounds with the same key,
and different rounds with a different key—providing a com-
prehensive assessment of model performance under changing
conditions. This extensive evaluation demonstrates the mod-
els’ adaptability and effectiveness in distinguishing ciphertexts
under varied encryption scenarios.

Reproducibility.To reproduce our findings, wewill make code and
datasets publicly available upon the publication of this research.

2 BACKGROUND & PRELIMINARIES
SPECK32/64 Block Cipher. SPECK is a family of lightweight
block ciphers, denoted as SPECK𝑀/𝑁 where M, N are block size
and key size respectively in bits, developed by Beaulieu, Treatman-
Clark, Shors, Weeks, Smith and Wingers [13] for NSA. It is an
add-rotate-xor (ARX) cipher with operations like modular addition
(mod 2𝑘 ) ⊞, bitwise addition ⊕, and bitwise rotation (left ≪ and
right ≫) applied on k-bit words, aimed to build efficient cipher for
software implementations in IoT devices [12]. The round function
of SPECK 𝐹 : F2𝑘2 × F2𝑘2 → F2𝑘2 , computes the next round state
(𝐿𝑖+1, 𝑅𝑖+1) using a k-bit subkey K and current round state (𝐿𝑖 , 𝑅𝑖 )
as, 𝐿𝑖+1 = ((𝐿𝑖 ≫ 𝛼) ⊞ 𝑅𝑖 ) ⊕ 𝐾 , and 𝑅𝑖+1 = (𝑅𝑖 ≪ 𝛽) ⊕ 𝐿𝑖+1.
Here, 𝛼, 𝛽 are rotation constants (𝛼 = 7, 𝛽 = 2 for SPECK32/64
and 𝛼 = 8, 𝛽 = 3 for remaining). The ciphertext is produced from
the input plaintext by employing this round function for a fixed
number of times (22 rounds for SPECK32/64).

Residual Neural Networks (ResNets). He et al. [25] introduced
ResNets to address the vanishing gradients problem in deep neural
network (DNN) training by utilizing residual blocks. These blocks,
featuring stacked convolutional layers with skip connections, allow
the network to learn residual functions, focusing on differences
rather than complete transformations. ResNets have been success-
fully applied in various security applications [3, 35, 38, 40].

In cryptanalysis, ResNets model complex patterns effectively,
aiding in tasks like automated cipher breaking and differential
cryptanalysis. Their architecture allows for more accurate and effi-
cient prediction of differential characteristics, enhancing encryption
analysis and vulnerability insights. Adrien et al. [14] discuss how
machine learning, including ResNets, advances cryptanalytic and
cyber defense techniques.
Transfer learning (TL). ML tasks often face challenges with lim-
ited datasets for specific problems. TL addresses these by leveraging
knowledge from related tasks. This approach uses a pre-trained
model, initially trained on a vast dataset for a different task, as a
feature extractor. This model captures essential representations,
which are then utilized to train a new, shallow model tailored for
the target task.

In our research, we leverage transfer learning with feature ex-
traction to enhance the performance of our binary classification
task. We employ a pre-trained deep residual network (ResNet) as
a feature extractor. In TL, the DL models are originally trained
on a large dataset for a different task, such as image classification.
By focusing on the early layers of the ResNet, known to capture
more generic features, we extract informative representations from
the data [44]. These features are then fed into a separate, shallow
model specifically designed for our binary classification problem.
This two-stage approach allows the XGBoost model to concen-
trate on learning the relationships between the extracted features
and the target classes, ultimately leading to potentially improved
performance and faster training times [15, 32, 41, 47].

3 THREAT MODEL & ASSUMPTIONS
Our study investigates the security of the SPECK32/64 lightweight
block cipher in CBC mode (Cipher Block Chaining) against Known
Plaintext Attacks (KPA). We primarily focus on an attacker’s ability
to distinguish between the ciphertexts of two different messages en-
crypted using SPECK32/64 under the same key for IoT devices that
operate under significant energy constraints and require efficient
cryptographic solutions, such as SPECK 32/64 cipher.

In our attack model, we consider passive attack scenario where
the attacker gains excess ciphertexts, all encrypted with the same
key, without performing active attacks such as Chosen-Ciphertext
Attacks (CCA). For instance, the attacker might observe ciphertexts
corresponding to specific actions, like “buying” or “selling” stocks,
and confirm these actions through public outcomes, collecting pairs
of plaintexts and ciphertexts. Our model extends these concepts by
allowing the attacker to simulate data generation without direct
access, avoiding the active manipulation typical of CCA. The at-
tacker aims to identify patterns, anomalies, or relationships in the
ciphertexts that differentiate those corresponding to two distinct,
same-byte-length plaintexts.
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Mathematically, we denote the plaintext by 𝒫 , the ciphertext by
𝒞, and the secret key by 𝒦. The encryption function ℰ𝐾 uses the
key𝒦 to transform plaintext into ciphertext. A cipher maintains in-
distinguishability if no polynomial-time adversary can distinguish
between the ciphertexts of two different plaintexts encrypted with
the same key with a probability significantly better than 0.5.

The attacker selects two different fixed plaintexts,𝒫1 and𝒫2 (e.g.,
“buying” or “selling”), which are encrypted using the same secret
key𝒦, resulting in ciphertexts 𝒞1 and 𝒞2. Subsequently, the attacker
employs a deep learning model, trained with multiple instances of
ciphertexts 𝒞1 and 𝒞2. This model is then utilized to classify new
challenge ciphertexts, determining whether they correspond to 𝒫1
or 𝒫2, potentially breaching the indistinguishability property of
the encryption scheme. Differentiating ciphertexts beyond chance
agreement signifies vulnerabilities in the block cipher, whereas
failure to do so would validate the cipher’s robustness under passive
attack setting.

The application of ML models to this problem introduces a novel
threat models. By generating independent datasets, attackers can
train robust models to enhance their capability of distinguishing
ciphertexts beyond random chance. This scenario contrasts with
traditional models where attackers rely directly on victim data.
Our results demonstrate that ML can significantly impact the secu-
rity of lightweight ciphers and reveal potential vulnerabilities in
SPECK32/64 cipher under KPA, highlighting the need for robust
cryptographic defenses against such passive attacks. These threat
models are described as follows:

(1) Threat model 1 (DeepAnalyst): In this model, the attacker
generates a large dataset of ciphertexts of𝒫1 and𝒫2 and trains
a DL model. The attacker then collects ciphertexts from the vic-
tim and uses the trained DL model to identify if the ciphertext
belongs to 𝒫1 or 𝒫2. If the encryption key or the number of en-
cryption rounds changes, the DL model must be retrained with
a large amount of data to accurately distinguish the ciphertexts.
To overcome this data requirement, we propose threat model 2
(TransferAnalyst).

(2) Threat model 2 (TransferAnalyst): In this model, the attacker
generates a large dataset of ciphertexts of𝒫1 and𝒫2 and trains
a DL model. When the encryption key or number of encryption
rounds changes, the attacker uses the trained DL model as a
feature extractor for new ciphertext pairs of messages 𝒫1 and
𝒫2 generated under a different key or round. The attacker then
trains a shallow ML model (such as XGBoost), which requires
significantly less data. Later, the attacker uses the trained shal-
low ML model to distinguish the ciphertexts of messages 𝒫1
and 𝒫2.

4 MIND-CRYPT DESIGN & METHODOLOGY
In this section, we provide detailed introduction to the ciphertext
indistinguishability attack MIND-Crypt. We first describe the proce-
dure for message selection, and encrypting amessage for generating
ciphertext. Following this,we describe the training process of a deep
learning model specifically designed to differentiate between these
ciphertexts in threat model 1 (DeepAnalyst). Finally, we explain
how this trained model serves as a feature extractor for applying
transfer learning in threat model 2 (TransferAnalyst).

In this study, we introduce a DL based attack designed to dis-
tinguish between the ciphertexts originating from two distinct,
same-byte length messages 𝒫1 and 𝒫2. These messages undergo
encryption using SPECK32/64 block cipher with CBC mode of op-
eration. Our DL model is trained for binary classification task of
separating ciphertexts into two classes: 𝜉1 and 𝜉2. To explain, 𝜉1
includes the ciphertexts of 𝒫1, labeled as 𝒞1𝑖 (𝒞1𝑖 = 𝐸𝑛𝑐𝑘 (𝒫1)),
collected across a range of indices 𝑖 ∈ {1, 2, . . . , 𝑛}. Similarly, 𝜉2
includes the ciphertexts of 𝒫2, labeled as 𝒞2𝑖 (𝒞2𝑖 = 𝐸𝑛𝑐𝑘 (𝒫2)) for
𝑖 ∈ {1, 2, . . . , 𝑛}.

Figure 1 illustrates our attack framework, outlining a detailed
process that begins with the collection and preparation of data. We
represent this data as binary vectors, in line with recommendations
by Gohr et al. [22]. Initially, we select two messages of identical
byte length but differ at a single binary bit. These messages un-
dergo multiple encryption cycles using the same key, utilizing the
SPECK32/64 block cipher algorithm in CBC mode.

After encryption, we convert the ciphertexts into binary format,
as proposed by Gohr et al. [22] for examining differential attacks
on SPECK32/64. Utilizing this methodology, we feed these binary
ciphertexts into a DL model, originally designed by Gohr [22] for
differential attack analysis. Unlike Gohr’s application, we adapt this
model to study the indistinguishability for SPECK32/64. The DL
model comprises an initial 1D convolution layer with batch normal-
ization and ReLU activation in Block 1, followed by Block 2 with two
convolution layers, each complemented by batch normalization and
ReLU activation. The final segment (Block 3) responsible for clas-
sification includes three fully-connected (FC) layers, interspersed
with batch normalization and ReLU activations, concluding with a
sigmoid function. The architecture of the DL model, alongside the
feature extractor with the shallow ML model for the TL approach,
is depicted in Figure 3 of Appendix C. The input layer of the model
receives vectors representing ciphertexts of 𝒫1 and 𝒫2. The cipher-
texts pass through a series of convolution operations in Block 1.
Block 2 includes residual connections, which facilitate the training
of deeper models by preserving the gradients [25]. These connec-
tions enable the network to focus on learning residual mappings
rather than direct mappings. For DeepAnalyst threat model, this
DL model is used to distinguish the challenge ciphertexts acquired
from the victim.

For TransferAnalyst threat model, which uses transfer learning
for indistinguishability, we deploy the DL model solely as a feature
extractor. During this process, the weights of the layers involved
in extracting features are frozen. This setup is depicted in Figure 1.
These extracted features were then used to train an XGBoost classi-
fier, chosen for its robustness and efficiency in handling structured
data. XGBoost is a gradient boosting framework that builds an en-
semble of weak learners, typically decision trees, to create a strong
classification model, categorizing the ciphertexts into classes 𝜉1 and
𝜉2. Notably, this transfer learning approach allows us to enhance
the accuracy of the classification with fewer data points compared
to using the feature extractor of the DL model. This combination
of DL-based feature extraction and XGBoost classification aimed
to enhance the model’s ability to distinguish between ciphertexts
with fewer data points compared to the standalone DL model. This
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Figure 1: The MIND-Crypt attack framework - Investigating the indistinguishability of SPECK32/64 block ciphers. Two plaintext messages
encrypted with the same key, represented in binary format, form the basis for training and evaluating a DL model. To overcome limitations
observed in DL, we apply transfer learning, utilizing the DL as a feature extractor whose output features are then classified using an XGBoost
model. This hybrid approach leverages the strengths of both deep learning and machine learning to enhance classification accuracy between
ciphertext classes 𝜉1 and 𝜉2 with fewer data samples required for training.

hybrid approach capitalized on the strengths of both deep learn-
ing and gradient boosting techniques, providing a comprehensive
analysis of the cipher’s security under the KPA attack model.

5 EVALUATION FRAMEWORK
In this section, we define the framework to evaluate the efficacy of
MIND-Crypt in distinguishing ciphertexts of the two messages. We
describe the datasets, experiment settings, and evaluation metric
considered for evaluating our attack.

5.1 Description of the Dataset
In our study, we evaluated the effectiveness of theMIND-Crypty uti-
lizing a publicly available implementation of SPECK32/64 provided
by Gohr et al. [22]. Our objective was to investigate the principle
of indistinguishability, which required control over the inputs pro-
vided for encryption. To this end, we made several modifications
to the original SPECK32/64 implementation provided in [22]:

(1) Message Selection: We chose two specific messages of identical
32-bit length, differing by only a single bit at the binary level,
labeled ‘0’ and ‘1’. This allowed us to directly assess the effect
of minimal input variation on the encryption output.

(2) Encryption Mode:We shifted from the ECB mode used in Gohr’s
original code to CBC mode. This change involved encrypting
the messages using CBC with randomly generated initialization
vectors (IVs) and applying an XOR operation to the messages
before encryption.

(3) Key Usage: Unlike the original implementation that used vary-
ing keys, we utilized a single, fixed key that was securely gen-
erated using Gohr’s methodology. This consistency was vital
for comparing the indistinguishability of outputs. The specific
keys used for our study are provided in Appendix A (Table 7).

(4) Correctness: To ensure the correctness of our modifications, we
decrypted the ciphertexts to verify that they reverted accurately
to the original plaintexts, ‘0’ and ‘1’.

Additionally, for exploring indistinguishability using DL, we
collected 107 training samples, and 106 testing samples across ‘ℛ’
rounds of SPECK32/64 encryption scheme. The training data was
used to train a DL model, while the testing data was utilized to
evaluate the performance of the trained model on an unseen dataset.
This allowed the DLmodel to detect subtle differences in ciphertexts
of the selected messages. To facilitate the learning process, the
ciphertexts were represented as 32-bit binary vectors, providing a
consistent input format for the DL.

5.2 Experiment Settings
In this study, the implementation of the MIND-Crypt was done
using the Python programming language along with three open-
source libraries: TensorFlow [2], eXtremeGradient Boosting (XGBoost),
and Optuna [5]. TensorFlow was used for training and evaluating
the DL model, XGBoost for training the shallow ML algorithm un-
der the Gradient Boosting framework, and Optuna for automating
hyperparameter optimization for the ML models.
DL Model & Feature Extractor training. We utilized DL model
developed by Gohr et al. [22] to classify ciphertexts of two messages
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𝒫1 and 𝒫2 generated by encrypting them using same key. We used
a supervised learning approach, where the DL model learns to
distinguish between ciphertexts. The architecture of the DL model,
as detailed in [22], consists of three types of blocks, each containing
specific layers and operations. These blocks are designed to process
input data through a series of convolution, normalization, and
activation layers. The input layer of the model is provided with
vectors representing ciphertexts of 𝒫1 and 𝒫2. For more details on
model training and hyperparameter selection, refer to [22].
XGBoost training. To leverage the learned features from the DL
model for further analysis, we employed transfer learning. The
penultimate layer, specifically the Flatten() layer, of the trained
DL model was used as a feature extractor. This layer converts the
multidimensional output from the convolutional layers into a one-
dimensional feature vector, capturing essential patterns and re-
lationships identified during training. For training the XGBoost
classifier, we used the extracted features from the DL model as
input. The classifier was trained on the same dataset of ciphertexts,
with the labels indicating whether the ciphertext corresponded to
𝒫1 or 𝒫2. We performed hyperparameter tuning for the XGBoost
classifier using Optuna, an automatic hyperparameter optimization
framework, to identify the optimal parameters. The search space
for the hyperparameters is detailed in Table 8 in Appendix D.

5.3 Evaluation Scenarios
Figure 2 provides a comprehensive matrix view of the four distinct
evaluation settings: “Same Key, Same Round,” “Different Round,
Same Key,” “Same Round, Different Key,” and “Different Round,
Different Key.” Each cell in the matrix in Figure 2 corresponds to a
specific scenario, illustrating the configuration used for testing the
model’s performance and generalizability across different encryp-
tion keys and rounds.

Same Key,  Same Rounds Same Key,  Different Rounds

Different Key,  Same Rounds Different Key,  Different RoundsKe
y Same

Different

Number of Encryption Rounds

Same Different

Figure 2: Four testing configurations used to assess the performance
of MIND-Crypt using deep learning and transfer learning: 1) Same
Key, Same Round; 2) Different Round, Same Key; 3) Same Round,
Different Key; and 4) Different Round, Different Key. Each scenario
tests the model’s ability to generalize across changes in encryption
keys and rounds.

Same Rounds, Same Key. In this setting, we trained the DL model
on the ciphertexts of the two messages encrypted under key𝒦1 for
ℛ rounds of SPECK32/64. This trainedmodel is used for distinguish-
ing the unseen ciphertexts generated under identical configurations
- the same key and the same number of rounds - ensuring a fair
assessment of the attack. Meaning that the ciphertexts used to train
the classifier were encrypted using key𝒦1 forℛ number of rounds,
and the challenge ciphertexts used for attack evaluation were also
encrypted using the same key 𝒦1 for ℛ number of rounds.
Same Round, Different Key. In this setting, we evaluate the per-
formance of MIND-Crypt using a DL model trained on ciphertexts
from two messages encrypted under key 𝒦1. The objective of this

sub-experiment is to assess the model’s ability to generalize across
different encryption keys while maintaining the same encryption
rounds. We then tested this model with challenge ciphertexts from
the same two messages but encrypted under a different key, 𝒦2.
It should be noted that both training and evaluation phases used
the same number of encryption rounds,ℛ, ensuring consistency
across the experiment.
Different Round, Same Key. In this sub-experiment, we evaluate
the performance of MIND-Cryptusing a DL model that was initially
trained on ciphertexts from two messages encrypted with key 𝒦1
forℛ rounds of SPECK32/64. The main objective is to determine the
model’s ability to adapt andmaintain accuracy when the complexity
of the encryption increases, albeit under the same encryption key.
For this purpose, we test the model using challenge ciphertexts that
are also encrypted under the same key, 𝒦1, but with an increased
or decreased number of encryption rounds, specificallyℛ ± 1. This
approach allows us to isolate the impact of increased or decreased
encryption rounds on model performance without the additional
variable of a different encryption key. It provides insights into how
well the model can generalize its learned patterns to more complex
encryption scenarios while retaining the same underlying key.
Different Round, Different Key. In this sub-experiment, we as-
sessed the performance of MIND-Crypt using a DL model trained
on ciphertexts encrypted with 𝒦1 for ℛ rounds of SPECK32/64.
The objective was to evaluate the adaptability and robustness of
the model when the key changes and encryption complexity are
increased (number of rounds). We tested this model using challenge
ciphertexts encrypted under a different key, 𝒦2, for ℛ ± 1 rounds.
This setup aimed to challenge the model with new encryption keys
and an additional round of encryption to understand its limitations
and capabilities in varied settings.

5.4 Evaluation Metrics
To evaluate the efficacy of the MIND-Crypt across different settings,
we performed a comprehensive assessment using a DL model to
classify ciphertexts into two distinct classes, 𝜉1 and 𝜉2. This eval-
uation employs three key metrics: Accuracy, True Positive Rate
(TPR), and True Negative Rate (TNR), similar to the metrics con-
sidered in studies by [14, 22] that explore differential attacks in the
SPECK32/64 encryption scheme.

Accuracy gauges the model’s overall effectiveness at correctly
classifying ciphertexts belonging to class 𝜉1 or 𝜉2. We calculate
accuracy as the proportion of correct classification—both true pos-
itives and true negatives—out of the total ciphertexts examined.
High accuracy indicates the model’s competence in consistently dis-
tinguishing between ciphertexts derived from the SPECK32/64 en-
cryption algorithm, under variations in keys or encryption rounds.

True Positive Rate (TPR), or sensitivity, specifically measures the
model’s precision in identifying ciphertexts that genuinely belong
to class 𝜉1. This metric is crucial for cryptographic applications as
it reflects the model’s ability to capture the unique characteristics
expected from 𝜉1 under particular encryption conditions. High TPR
is vital, especially in situations where failing to correctly identify a
ciphertext from 𝜉1 could pose significant security threats.

True Negative Rate (TNR), or specificity, evaluates the model’s
accuracy in classifying ciphertexts into class 𝜉2 when they do not

6



belong to class 𝜉1. This measure is essential for ensuring the model
effectively identifies ciphertexts that do not adhere to the charac-
teristics of class 𝜉1, thus preventing false positives. A high TNR
underscores the model’s reliability in excluding non-conforming
encryption outputs, pivotal for upholding robust cryptographic
defenses.

By considering these metrics evaluation, we establish a balanced
framework to rigorously assess the model’s capability to differenti-
ate between the classes 𝜉1 and 𝜉2. This comprehensive approach
not only measures the model’s accuracy but also its sensitivity
and specificity, providing a holistic view of its performance in the
context of cryptographic indistinguishability.

6 EVALUATION & RESULTS
Experiment A - DL for attacking Indistinguishability. In this
experiment, we evaluate the efficacy of MIND-Crypt using the DL
model developed by Gohr et al. [22] to determine its ability to dis-
tinguish ciphertexts generated from two messages encrypted under
the same key, 𝒦1 in DeepAnalyst threat model. The experiment is
conducted under four distinct settings as discussed in Section 5.3.
The objective is to determine if the model could identify distin-
guishing features inherent to the ciphertexts that depend on the
underlying encrypted messages.
Same Round, Same Key. Table 1 shows the performance of our
attack in these settings. It was observed that when the DL model
is evaluated with a challenge ciphertexts generated using 𝒦1 (the
same key as the model was trained on), the model can distinguish
them with significantly higher across four different rounds. We con-
sidered two rounds, 5 and 6, from the initial rounds of SPECK32/64,
and we considered the last two rounds, 21 and 22, for this experi-
ment. Additionally, TPR and TNR across different rounds are also
significantly higher. These results suggest potential vulnerabili-
ties in the indistinguishability of SPECK32/64 under “Same Round,
Same Key” settings. These findings indicate that cryptographic con-
figurations of SPECK32/64 may not sufficiently obscure differences
between ciphertexts under MIND-Crypt.
Same Round, Different Key. Table 1 details the performance of
our attack in the “Same Rounds, Different Key” setting.When theDL
model is evaluated with ciphertexts generated under a different key
from that used for training, its performance dramatically declines
to random guessing. This significant drop in accuracy underscores
the challenges in achieving model generalizability across different
encryption keys.
Table 1: Performance of MIND-Crypt using DL in distinguishing
ciphertexts in ‘Same Round, Same Key’ and ‘Same Round, Dif-
ferent Key’ settings for different rounds of SPECK32/64.

Same Key Different Key
No. of Rounds Accuracy TPR TNR Accuracy TPR TNR

5 0.9944 0.9933 0.9954 0.5001 0.5158 0.4845
6 0.9907 0.9885 0.9928 0.5038 0.4903 0.5172
21 0.9923 0.9929 0.9918 0.4994 0.5089 0.4899
22 0.9915 0.9906 0.9924 0.4999 0.5037 0.4960

Different Round, Same Key. Table 2 shows the performance of
our attack in the “Different Round, Same Key” settings, both for
increased or decreased rounds of encryption. The results show that
when the DL model, initially trained on ciphertexts encrypted with

𝒦1 for ℛ rounds of SPECK32/64, is subsequently evaluated on
ciphertexts generated with the same key 𝒦1 but for an increased
number of rounds, ℛ + 1, the performance of the model decreases
significantly to random guessing.

Conversely, the model shows consistent challenges when evalu-
ated on fewer rounds than it was trained on. For instance, when
trained on 6 rounds and tested on 5, the accuracy remains near
the baseline chance at 0.5016, with TPR and TNR closely mirroring
each other at 0.5046 and 0.4985. A similar pattern is observed when
the model is trained on 22 rounds and evaluated on 21 rounds,
achieving an accuracy of 0.5015 with TPR and TNR at 0.5060 and
0.4970, respectively.

These observations underscore a significant adaptability issue
within the model: its performance approaches to random guessing
in both scenarios of increased and decreased encryption rounds.
This suggests that the model is highly sensitive to conditions under
which it was trained and struggles with any deviation from this
training scenario.
Table 2: Performance of MIND-Crypt using DL in distinguishing
ciphertexts of two messages in ‘Different Round, Same Key’
settings for different rounds of SPECK32/64.
No. of Rounds -
ℛ (Training)

Accuracy
(Round ℛ)

No. of Rounds -
ℛ + 1 (Evaluation)

Accuracy
(Round ℛ + 1) TPR TNR

5 0.9944 6 0.4990 0.4927 0.5052
21 0.9907 22 0.4999 0.5107 0.4891
6 0.9923 5 0.5016 0.5046 0.4985
22 0.9915 21 0.5015 0.5060 0.4970

Different Round, Different Key. Table 3 show the performance
of our attack in the “Different Round, Different Key” settings. Specif-
ically, we first trained the model on ciphertexts generated using𝒦1
for 5 rounds and then evaluated on ciphertexts generated under𝒦2
for 6 rounds. Similarly, another evaluation was conducted when the
model trained on ciphertexts for 21 rounds was tested on cipher-
texts for 22 rounds. In each case, when the DL model faced both a
new key and an additional round of encryption, its performance
significantly declined to random guessing.

This substantial decrease in model performance highlights the
challenges in maintaining efficacy when both encryption rounds
and keys vary, indicating challenges in the generalizability of the
DL model under varied cryptographic conditions.
Table 3: Performance of MIND-Crypt using DL in distinguishing
ciphertexts of two messages in ‘Different Round, Different Key’
settings for different rounds of SPECK32/64.
No. of Rounds - ℛ
- Key (Training)

Accuracy
(Roundℛ - 𝒦𝑖 )

No. of Rounds - ℛ + 1
- 𝒦𝑗 (Evaluation)

Accuracy
(ℛ + 1, 𝒦𝑗 )

TPR TNR

5 - 𝒦1 0.9944 6 - 𝒦2 0.4986 0.4950 0.5022
6 - 𝒦1 0.9907 5 - 𝒦2 0.5004 0.5017 0.4991

Summary of Experiment A. In sum, the series of sub-experiments
highlights key limitation of the DL model used in MIND-Crypt
its performance declines significantly when tested with different
keys or additional encryption rounds. To achieve robustness under
varied cryptographic conditions, the model requires retraining with
a substantial amount of data, posing practical challenges.

To address this limitation, we conducted Experiment B, which
employs TL techniques. This approach leverages base knowledge
from the initial training and requires significantly fewer data points
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to adapt the model to new keys or rounds. Experiment B aims to
enhance model adaptability with reduced data dependency, poten-
tially overcoming the highlighted challenges of Experiment A.
Experiment B - TL for attacking Indistinguishability. In this
experiment, we addressed the significant challenges identified in
Experiment A related to the DL model’s performance deterioration
when classifying ciphertexts under conditions that vary either in
encryption keys or in rounds. Notably, the high data demands for
retraining the DL model emerged as a practical barrier in scenarios
where data is scarce.

To address these issues, Experiment B introduces a TL approach.
We utilized the DL model, initially trained on ciphertexts encrypted
with key𝒦1, as a feature extractor for ciphertexts encrypted with a
different key, 𝒦2. This method leverages the DL capabilities of the
pre-trained DL model to capture essential features from the new
set of ciphertexts, despite the change in keys.

By extracting features from ciphertexts generated under 𝒦2 us-
ing the DL model trained on 𝒦1, and subsequently training an
XGBoost classifier with these features, we were able to achieve
performance comparable to the original DL setup with significantly
fewer data points. This strategy not only enhances the adaptability
of the system but also substantially reduces the data requirements.
Our results demonstrate that TL addresses the main limitations
observed in Experiment A, showcasing its potential to maintain in-
distinguishability in cryptographic systems even when encryption
parameters vary. The approach confirms the utility of combining
DL for robust feature extraction with the efficiency of a shallow
ML model like XGBoost, providing a compelling solution to the
challenges of key variability.

For TL objectives, we have chosen to focus on the “Different Key”
and “Different Round” scenarios for this experiment. The “Same
Round, Same Key” setting, while useful for baseline comparisons,
does not challenge the model in ways that align with our goals of
assessing adaptability and reducing data requirements. By concen-
trating on scenarios that involve key and round variations, we aim
to test the effectiveness of employing TL to adapt to changes that
more accurately reflect practical cryptographic applications where
conditions may not remain constant.
Same Rounds, Different Key. In this sub-experiment, we assess
the efficacy of a TL approach where a DL model, initially trained
on ciphertexts encrypted with 𝒦1 for ℛ rounds, is utilized as a
feature extractor. The objective was to analyze how well the model
can generalize features extracted from a new set of ciphertexts
generated with a different key, 𝒦2, while keeping the number of
encryption rounds constant. The results show that the performance
of the model improves significantly with increasing number of
samples for training.

Table 4 shows performance of TL in “Same Rounds, Different
Key” settings. For smaller sample sizes, such as 5,000 samples per
class, the model’s performance substantially exceeds random guess-
ing, achieving approximately 53% accuracy. This performance is
particularly notable given the challenge of distinguishing between
ciphertexts encrypted under different keys but with the same num-
ber of rounds. As the sample size increases, all performance metrics
notably improve; at 290,000 samples per class, the model achieves
an accuracy close to 99.4%. It can also be observed that number of

rounds, ranging from 5 to 22, does not significantly affect perfor-
mance, indicating that the model’s feature extraction capabilities
are robust across different encryption complexities when trained
with adequate data. This robustness is essential for practical applica-
tions where encryption settings might vary but the key differences
remain the central variable.
Table 4: Performance of TL in distinguishing ciphertexts of two
messages across different sample size for ‘Same Round, Different
Key’ sub-experiment.

No. of Samples
per class
(in 1000s)

No. of
Rounds

Evaluation with TL on𝒦2

Accuracy TPR TNR

5

5 0.5372 0.5379 0.5366
6 0.5387 0.5489 0.5286
21 0.5361 0.5289 0.5432
22 0.5357 0.5273 0.5441

10

5 0.5693 0.5625 0.5760
6 0.5721 0.5745 0.5698
21 0.5717 0.5711 0.5723
22 0.5721 0.5729 0.5712

100

5 0.8914 0.8896 0.8933
6 0.8895 0.8909 0.8882
21 0.8907 0.8898 0.8915
22 0.8913 0.8900 0.8926

200

5 0.9759 0.9760 0.9758
6 0.9770 0.9771 0.9769
21 0.9744 0.9750 0.9739
22 0.9761 0.9771 0.9751

290

5 0.9941 0.9942 0.9940
6 0.9930 0.9930 0.9930
21 0.9933 0.9937 0.9929
22 0.9941 0.9945 0.9937

Different Rounds, Same Key. In this setting, we evaluate the effi-
cacy of TL approach utilizing a DL model pre-trained on ciphertexts
generated with 𝒦1 as a feature extractor for ciphertexts encrypted
under the same key but with varying rounds. The objective of
this sub-experiment is to demonstrate that with TL, significantly
fewer samples are needed to achieve higher accuracy compared to
traditional DL approach.

Our results shows that the TL approach not only achieves an
accuracy significantly above random guessing with as few as 5,000
samples per class but also reaches an accuracy comparable to the DL
approach with 290,000 samples per class. Specifically, the accuracy
at the lowest sample size is already substantial at≈54% and increases
to ≈99% with 290,000 samples, matching the performance achieved
by the DL approach for disntinguishing ciphertexts with 5 million
samples per class. This represents reduction of about 94.2% in the
number of samples required per class. Table 5 shows the accruacy,
TPR, and TNR with increasing samples size for different rounds,
same key sub-experiment.

The experiment shows that the model adapts well to both in-
crease and decrease in the number of encryption rounds, with per-
formance metrics improving consistently as the number of samples
increases. This robust adaptability, demonstrated across transitions
such as from 5 to 6 rounds and 6 to 5 rounds, underscores that
TL’s ability to generalize effectively across varying encryption com-
plexities. Importantly, the performance does not merly increases
with increase with more data; it rapidly approaches optimal levels
previously attainable with significantly larger datasets using DL.
Different Rounds, Different Key. In this setting, we evaluate the
efficacy of TL approach utilizing a DL model pre-trained on cipher-
texts generated with 𝒦1 for ℛ rounds of SPECK32/64, repurposed
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Table 5: Performance of TL in distinguishing ciphertexts of two
messages across different sample size for ‘Different Rounds, Same
Key’ sub-experiment.
No. of Samples

per class
(in 1000s)

Feature
Extractor
Rounds

Evaluation

Round Accuracy TPR TNR

5

5 6 0.5408 0.5396 0.5355
6 5 0.5315 0.5234 0.5396
21 22 0.5381 0.5420 0.5342
22 21 0.5384 0.5427 0.5341

10

5 6 0.5692 0.5770 0.5615
6 5 0.5695 0.5668 0.5721
21 22 0.5695 0.5685 0.5705
22 21 0.5705 0.5633 0.5777

100

5 6 0.8901 0.8918 0.8884
6 5 0.8901 0.8898 0.8905
21 22 0.8910 0.8931 0.8889
22 21 0.8919 0.8924 0.8914

200

5 6 0.9764 0.9759 0.9769
6 5 0.9765 0.9769 0.9761
21 22 0.9770 0.9760 0.9781
22 21 0.9750 0.9737 0.9763

290

5 6 0.9942 0.9936 0.9948
6 5 0.9940 0.9945 0.9936
21 22 0.9935 0.9932 0.9937
22 21 0.9936 0.9930 0.9942

as a feature extractor for the ciphertexts under a different key 𝒦2,
with both increased and decreased rounds.

Our results show that even with as few as 5,000 samples per class,
the TL approach achieved accuracy significantly above random
guessing. Accuracy for transitions from 5 to 6 rounds and from
21 to 22 rounds started at approximately 53.43%. Interestingly, in
reverse round scenarios like 6 to 5 and 22 to 21, accuracies improved
slightly, reaching 53.92% with the same minimal sample size.

When sample sizes were increased to 10,000, accuracy across
forward and reverse transitions improved noticeably, averaging
around 57.43%.With 100,000 samples, accuracy for all transitions ex-
ceeded 88.59%. This upward trend continued with 200,000 samples
achieving near 97.75% accuracy, and 290,000 samples reaching peak
accuracy close to 99.44%. These results matched the performance
levels achieved by the traditional DL approach, which required up
to 5 million samples per class, demonstrating a reduction of about
94% in sample size requirements. Table 6 in shows the accruacy,
TPR, and TNR with increasing samples size for this sub-experiment.

The adaptability of the TL across both forward and reverse round
changes has significant implications for cryptographic security.
This flexibility implies that an attacker does not need to know
the exact round configurations used by a victim, as the model can
generalize across different rounds with high accuracy. For instance,
if an attacker trains a model on 22 rounds and the victim uses only
21 rounds, or vice versa, the robustness of the TL approach allows
the attacker’s model to adapt and maintain efficacy.
Summary of Experiment B. To summarize, the sub-experiments
addresses the limitations identified in Experiment A by implement-
ing TL. This approach efficiently utilized a smaller dataset to adapt
the model to new cryptographic scenarios, such as different keys
and different encryption rounds. The results demonstrate signifi-
cant improvement in the model’s adaptability and robustness with
reduced data dependency, offering a practical solution to the chal-
lenges previously observed.

Table 6: Performance of TL in distinguishing ciphertexts of two
messages across different sample size for ‘Different Rounds, Dif-
ferent Key’ sub-experiment.

No. of Samples
per class
(in 1000s)

Feature Extractor
Trained on

Roundℛ -𝒦1

Evaluation

No. of Rounds
(ℛ + 1) - Key (𝒦2)

Accuracy TPR TNR

5

5 - 𝒦1 6 - 𝒦2 0.5343 0.5366 0.5319
21 -𝒦1 22 -𝒦2 0.5343 0.5366 0.5319
6 - 𝒦1 5 - 𝒦2 0.5376 0.5376 0.5375
22 -𝒦1 21 -𝒦1 0.5392 0.5415 0.5368

10

5 - 𝒦1 6 - 𝒦2 0.5743 0.5832 0.5655
21 -𝒦1 22 -𝒦2 0.5744 0.5737 0.5751
6 - 𝒦1 5 - 𝒦2 0.5689 0.5706 0.5671
22 -𝒦1 21 -𝒦2 0.5717 0.5773 0.5661

100

5 - 𝒦1 6 - 𝒦2 0.8859 0.8867 0.8852
21 -𝒦1 22 -𝒦2 0.8878 0.8878 0.8878
6 - 𝒦1 5 - 𝒦2 0.8911 0.8903 0.8919
22 -𝒦1 21 -𝒦2 0.8917 0.8933 0.8901

200

5 - 𝒦1 6 - 𝒦2 0.9765 0.9773 0.9756
21 -𝒦1 22 -𝒦2 0.9757 0.9756 0.9758
6 - 𝒦1 5 - 𝒦2 0.9760 0.9763 0.9757
22 -𝒦1 21 -𝒦2 0.9763 0.9754 0.9771

290

5 - 𝒦1 6 - 𝒦2 0.9937 0.9934 0.9940
21 -𝒦1 22 -𝒦2 0.9944 0.9945 0.9942
6 - 𝒦1 5 - 𝒦2 0.9935 0.9936 0.9934
22 -𝒦1 21 -𝒦2 0.9940 0.9941 0.9939

7 DISCUSSIONS
Summary and Further Insights. In this study, we investigate the
application of ML techniques, specifically DL and TL, in cryptanal-
ysis using MIND-Crypt. Our findings indicate that the proposed
attack can distinguish between ciphertexts of two plaintext mes-
sages generated using the same key with SPECK32/64, highlighting
vulnerabilities in this lightweight block cipher. The attacks shows
that DL and TL models can distinguish ciphertexts with signif-
icantly higher accuracy when tested under conditions identical
to their training. However, their performance deteriorate when
the key or number of rounds was altered. This decline in perfor-
mance is attributed to the change in data distribution under different
cryptographic settings, a challenge in machine learning known as
out-of-distribution generalization, which remains an open problem
across various domains [37] including cryptanalysis. This indicates
that while attacks under static conditions are successful, altering
cryptographic conditions such as the encryption key or rounds can
effectively thwart such attacks. This underscores the importance
of dynamic security protocols, suggesting that regular updates to
cryptographic configurations can significantly enhance security
against ML-based attacks.

However, our findings also reveal a critical vulnerability: attack-
ers can quickly retrain these models to adapt to new cryptographic
conditions, effectively distinguishing ciphertexts even under varied
encryption parameters. This rapid adaptability of DL and TLmodels
demonstrates a significant breach in the security of the SPECK32/64
encryption scheme, indicating that it may be fundamentally com-
promised. The ability of attackers to swiftly adjust and launch suc-
cessful attacks under different conditions underscores the urgent
need for reevaluating and enhancing the resilience of cryptographic
systems against such evolving threats. We tested – Same Rounds,
Same Key; Same Rounds, Different Key; Different Rounds, Same
Key; and Different Rounds, Different Key – experimental scenarios
each providing unique challenges and vulnerabilities that could
have profound implications in real-world cryptographic applica-
tions. Under the condition of using the same rounds and the same
key, our models demonstrated optimal performance, suggesting a
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potential vulnerability in static operational environments where
cryptographic settings remain unchanged, increasing susceptibility
to pattern recognition attacks. Conversely, using the same rounds
but different keys led to a significant drop in performance, affirming
SPECK32/64’s robustness against simple key substitution, though it
may still be prone to more sophisticated adaptive attacks. Changing
to different rounds while keeping the same key showed a decline
in model accuracy, highlighting the importance of the number of
encryption rounds in enhancing security. Systems using a static
number of rounds could be vulnerable if attackers discern the round
configuration. The most secure setting tested involved different
rounds and different keys, which severely challenged our models,
underscoring the cipher’s strength against advanced ML attacks.
Limitations. Our study specifically uses the SPECK32/64 cipher,
and the DL model published by Gohr, which may limit the gen-
eralizability of our attack. Exploring other types of DNNs, such
as ResNet-50 [25], Wide Residual Networks [45], or PyramidNet
[24], could potentially make the attack more powerful, by and pro-
viding a better feature set, addressing some of these limitations.
Additionally, while our research incorporates TL through XGBoost,
considering other shallow ML classifiers such as Support Vector
Machines, Logistic Regression, or Decision Trees could offer new
insights and improvements in the performance of our approach.
These alternatives could provide different strengths in handling the
dataset and feature sets used in cryptographic analysis, potentially
enhancing the robustness and adaptability of our models against
various cryptographic configurations.
Future Work. Future studies should include various families of
block ciphers with different key sizes, public-key cryptography, and
assess the adaptability and effectiveness of ML-based cryptanalysis
across different cryptographic algorithms. They should develop
techniques to reduce dependency on extensive datasets, perhaps
by exploring unsupervised or semi-supervised learning methods,
which could address the limitations posed by data availability. Addi-
tionally, to enhance the model’s robustness to withstand changes in
cryptographic configurations without extensive retraining, poten-
tially through approaches like meta-learning or few-shot learning,
making ML-based cryptanalysis tools more flexible and widely ap-
plicable. Integrating these ML and TL approaches with traditional
cryptanalysis techniques can create a more robust hybrid method,
and extending the study to post-quantum cryptography algorithms
would provide insights into their resistance to emerging cryptana-
lytic challenges.

8 RELATEDWORK
Linear & Differential Cryptanalysis. Albrecht et al. [7] intro-
duced a unified framework that synergistically incorporates vari-
ous differential cryptanalysis techniques, including standard, trun-
cated, and impossible differentials. These methods are particularly
effective in extending the capabilities of known attacks against
lightweight block ciphers such as KATAN-32. Following a simi-
lar thematic exploration, Dinur et al. [20] and Blondeau et al. [17]
refined differential cryptanalysis techniques specifically for a round-
reduced version of SPECK, highlighting potential weaknesses of
these ciphers under constrained operational conditions. In parallel,
Ashur et al. [10] examined the SPECK cipher using linear crypt-
analysis, revealing vulnerabilities across various block sizes and

demonstrating that linear approximations could be exploited to
undermine the cipher’s integrity. Complementing these analyses,
Biryukov et al. [16] developed a branch-and-bound method that
identifies linear and differential trails in ARX-based ciphers. They
specifically applied this approach to enhance cryptanalytic attacks
against SPECK. Further studies on the operational constraints of
these ciphers also support these findings [4, 8].
ML for Cryptanalysis. ML has emerged as a powerful tool in
cryptanalysis, Mehmood et al. [30] undertook a comprehensive
evaluation of distinguishability on the ciphertexts of AES-128 cipher
in CBC and ECB modes. Their methodology involved employing
Support Vector Machine, k-Nearest Neighbours, and Random Forest
Classifiers trained on the frequency distribution of characters in
the ciphertexts. The results underscored the susceptibility of the
ECB mode, thereby emphasizing the need for robust encryption
techniques. Building upon this foundation, Hu et al. [26] explored
by applying Random Forest classifiers to diverse block ciphers,
reinforcing the vulnerability of the ECB mode. These collective
endeavors not only showcase the evolving landscape of machine
learning-based cryptanalysis but also highlight its pivotal role in
ensuring the resilience of cryptographic algorithms.

Xiao et al. [43] significantly contributed to the field of neural
network (NN) based cryptanalysis by introducing a novel approach
that not only focuses on the development of neural distinguishers
but also emphasizes metrics for efficacy assessment. Their frame-
work, applied to Cyber-Physical Systems (CPS) ciphers, adds depth
to the understanding of NN-based cryptanalysis. In parallel, Gohr
et al. [23] provided a detailed analysis of a neural distinguisher
surpassing state-of-the-art cryptanalysis on SPECKM/N. The paper
explores the distinguisher’s reliance on differential distribution,
likening it to constructing an approximation of the Differential
Distribution. Further research regarding the application of ML in
cryptanalysis are addressed in Appendix B, providing additional
insights into the topic.

9 CONCLUSION
In conclusion, our research examined indistinguishability within
the SPECK32/64 cipher (CBC mode) using deep learning (DL) and
transfer learning (TL) techniques. This cipher was specifically cho-
sen due to its prevalence in resource constrained applications (e.g.,
IoT devices). We introduced an attack, referred to as MIND-Crypt,
that effectively distinguishes between the ciphertexts of two mes-
sages with high accuracy under consistent cryptographic condi-
tions. However, its efficacy drops to random chance when cryp-
tographic settings vary, highlighting the model’s sensitivity to
changes in key and rounds. By employing TL, we managed to sig-
nificantly reduce data requirements by 94% while maintaining high
accuracy. This indicates that the encryption scheme can be compro-
mised using fewer data points, highlighting a potential vulnerability
in its resilience against sophisticated attacks. By identifying vulner-
abilities, our work underscores the importance of rigorous security
assessments to ensure that cryptographic schemes can withstand
ML-based cyber attacks.
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A ENCRYPTION KEYS
In this section, we provide information about the encryption keys
used in the generating the dataset for training and evaluating the
DL and TL model across various experimental scenarios considered
in our study. Table 7 provided hexadecimal representation of the
keys 𝒦1 and 𝒦2.
Table 7: Keys used for generating datasets for training and evaluat-
ing MIND-Crypt.

𝒦1 0x59, fd, 06, 41, 5f, 53, db, 99
𝒦2 0xfd, fe, 9c, a6, 10, 5c, b9, c7

B EXTENDED LITERATURE REVIEW
In this section, we detailed additional studies and findings pertain-
ing to application of ML in cryptanalysis.

Classical cryptanalysis methods, deeply rooted in the mathe-
matical underpinnings of cryptographic algorithms and cipher-
texts, Sabaawi et al. [6] extended these traditional techniques by
surveying cryptanalysis implementation on ciphers like Caesar,
transposition, and Hill. Their work showcases the simplicity and
effectiveness of classical methods, contributing to a deeper un-
derstanding of cryptanalysis. Simultaneously, Khoirom et al. [28]
proposed an image encryption scheme based on elliptic curve cryp-
tography and chaotic maps. Their work identified vulnerabilities
in the original scheme, leading to an improved version resilient to
chosen-plaintext attacks, differential attacks, and statistical attacks,
thereby enhancing security and performance in image encryption.
This comprehensive exploration spans classical and contemporary
approaches, highlighting the evolving landscape of cryptographic
techniques for heightened security across diverse applications.

Despite the computational resource and time intensity associ-
ated with brute-force methods, they stand as a last resort, involving
an exhaustive search through all possible keys or plaintexts until
a match is found. Sikdar et al. [39] conducted a survey on recent
cryptanalysis techniques, including brute-force attacks, exploring
the growing influence of machine learning in cryptographic meth-
ods and suggesting future research directions. Verma et al. [42]
delved into the historical significance of brute-force attacks in cy-
bersecurity, emphasizing their enduring relevance for unautho-
rized data access. The paper extensively covers the evolution of
brute-force variants employed by cybercriminals and discusses the
corresponding evolution of hashing techniques. Specifically, the
focus is on SHA-0, SHA-1, SHA-512, and SHA-256, with the ob-
jective of achieving enhanced security through a detailed analysis
of brute-force attacks on secure hashing algorithms. Additionally,
Mok et al. [31] proposed an intelligent brute-force attack targeting
the RSA cryptosystem, simulating and evaluating the effectiveness
of their approach in terms of time required for RSA key recovery.
Collectively, these works contribute to the understanding and evo-
lution of brute-force cryptanalysis, addressing its challenges and
exploring avenues for improved security measures.

While considering side-channel cryptanalysis methods, which
focus on the physical characteristics and behaviors of cryptographic
devices or implementations, Zhou et al. [46] provided a comprehen-
sive survey covering methods, techniques, and countermeasures
in side-channel attacks, evaluating their feasibility and applicabil-
ity. The paper also discusses the potential adoption of physical
security testing in the development of the FIPS 140-3 standard. In
a complementary study, Randolph et al. [34] present an in-depth
tutorial on power side-channel analysis, spanning the past two
decades. The paper elucidates fundamental concepts and practi-
cal applications of various attacks, such as Simple Power Analysis
(SPA), Differential Power Analysis (DPA), Template Attacks (TA),
Correlation Power Analysis (CPA), Mutual Information Analysis
(MIA), and Test Vector Leakage Assessment (TVLA), along with the
underlying theories. Additionally, the introduction of test statistics
as a measure of confidence in detecting side-channel leakage adds
depth to the understanding of these analyses. Together, these works
contribute to a nuanced exploration of side-channel cryptanaly-
sis, offering insights into methods, countermeasures, and potential
advancements in security standards.

In summary, while the reviewed literature presents a compre-
hensive understanding of various cryptanalysis methods, it is note-
worthy that the majority of the approaches explores differential
attacks, statistical attacks, chosen-plaintext attacks, etc. In contrast,
our study focuses specifically on indistinguishability of lightweight
block cipher SPECK32/64 encryption scheme under KPA settings,
addressing a critical gap in the literature and providing a more
comprehensive evaluation of cryptographic indistinguishability of
SPECK32/64.

C OVERVIEW OF DL AND TL MODELS
Figure 3 depicts the architectures of both the DL and TL models
utilized to analyze the indistinguishability of the SPECK32/64 ci-
pher. The models process binary ciphertexts through multiple 1D
convolutional layers paired with batch normalization and ReLU
activation, designed to extract critical features. While the DL model
extends these features through fully connected layers ending with
a sigmoid output, while the TL model uses these features as inputs
into an ensemble classifier XGBoost, enhancing adaptability and
robustness. This approach highlights the effectiveness of feature
extraction and reusability across different encryption scenarios,
demonstrating the models’ capacity to adapt to variations in en-
cryption keys and rounds.
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Figure 3: The architecture of the DL model adapted from [14, 22]
employed in the MIND-Crypt (left). The feature extractor and the
shallow ML model, XGBoost (right) used in the TL approach.

D HYPERPARAMETERS SEARCH SPACE
In this section, we present the hyperparameter search space utilized
for optimization of our XGBoost model. Table 8 details various hy-
perparameters which significantly influence the model’s learning
process and predictive performance. We utilized the MedianPruner
to terminate unpromising trials early, thereby enhancing the effi-
ciency of the search process. The tuning was configured to maxi-
mize the objective function, with existing studies being loaded if

available, ensuring no repetition in experiments. The outcome is
a more robust model that can perform classification efficiently on
the challenge ciphertext.
Table 8: Hyperparameter search space for XGBoost model optimized
using Optuna with Median Pruning strategy.

Hyperparameter Type of Distribution Search Space
lambda Log-uniform [0.001 .. 10.0]
alpha Log-uniform [0.001 .. 10.0]
max_depth Integer [3 .. 9]
n_estimators Integer [50 .. 1000]
learning_rate Log-uniform [0.01 .. 1.0]
subsample Uniform [0.5 .. 1.0]
colsample_bytree Uniform [0.5 .. 1.0]
gamma Log-uniform [1e-8 .. 1.0]
min_child_weight Log-uniform [1 .. 10]
reg_alpha Log-uniform [1e-8 .. 1.0]
reg_lambda Log-uniform [1e-8 .. 1.0]
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