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Abstract

The rapid advancement of generative Al models in 2026, including GPT-40 and LLaMA
3.1, has demonstrated unprecedented capabilities in automated cryptanalysis. These models can
break classical ciphers such as Vigenere 15.7 times faster than brute-force methods, posing
immediate threats to defense communication systems. This paper introduces CryptoDefender, a
novel adversarial training architecture that synthesizes robust block ciphers with preemptive
weakness detection. Unlike traditional approaches that evaluate ciphers after design,
CryptoDefender integrates a CipherGAN attack simulator during the training phase, forcing the
cipher generator to evolve against adaptive neural cryptanalysis. The methodology achieves a 2.2x
security margin improvement over GOST R 34.12-2015 baseline and resists 95% of Al-based
cryptanalysis attacks in controlled experiments. Empirical validation includes legacy VPN
protocols and IoT edge devices, demonstrating practical deployability. The paper provides
pseudocode, hyperparameter configurations, and comparative resilience curves. CryptoDefender
represents the first generative Al-resistant cipher synthesis framework suitable for government and
military applications requiring long-term confidentiality against adaptive adversaries.

Introduction

AxtuHoe The year 2026 marks a critical juncture in applied cryptography. Generative Al
models, particularly GPT-40 and LLaMA 3.1, have acquired the ability to perform differential and
linear cryptanalysis without explicit statistical rule definitions [1,2]. Recent benchmarks
demonstrate that these models recover keys from simplified AES variants within 10”4 iterations,
a task previously requiring expert cryptanalysts months of manual work [3].

The primary threat vector is adaptive attack surfaces. Unlike classical cryptanalysis where
attack strategies are static, generative Al models modify their approach based on intermediate
ciphertext statistics [4]. This renders traditional security evaluations, including NIST SP 800-22
and GOST R 34.12-2015 certification tests, insufficient for long-term resilience [5].

This paper addresses three fundamental objectives. First, we propose CryptoDefender, an
architecture that synthesizes block ciphers through adversarial training against a CipherGAN
attack simulator. Second, we demonstrate preemptive weakness detection by exposing the cipher
generator to simulated attacks during training, not after deployment. Third, we validate the
framework on defense-relevant protocols including legacy VPNs and loT sensor networks.

The novelty lies in replacing reactive cipher testing with proactive adversarial co-evolution.
While post-quantum cryptography addresses computational threats [6], our approach targets
algorithmic vulnerabilities that generative Al exploits. Our methodology achieves 95% resistance
to Al cryptanalysis attacks, with a 2.2x security margin over GOST R 34.12-2015. All experiments
are reproducible using PyTorch 2.1 with fixed seed 42..

Keywords: Generative Al cryptanalysis; robust ciphers; adversarial training; CipherGAN;
CryptoDefender; GOST R 34.12-2015; defense applications; preemptive weakness detection
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Methodology

CryptoDefender employs a three-component adversarial architecture (Figure 1).
Component A is a parametric cipher generator G that produces substitution-permutation network
parameters including S-boxes and diffusion matrices. Component B is an attack simulator A gan
based on CipherGAN, pre-trained on classical ciphers (AES-128, GOST 28147-89). Component
C is a discriminator D that distinguishes ciphertexts produced by G from ideal random
permutations [7].

Figure 1 — CryptoDefender Architecture

NOISE INJECTION
Occurs After Encryption

\ Before Attack Phase
GENERATOR e
- I N
G ATTACK SIMULATOR DISCRIMINATOR
ENCRYPTED Agan D
— OUTPUT
> > o o — O
T O o KO
© e
O
.
S _ Learnable ] ozl Learnable Real vs Fake
(Plaintext) Cipher G'enera'tor (Ciphertext) e Cryptanalysis Model (Detects Successful
(Parameterized Cipher) Noise (Attacker) Attacks)
0; (e.g., Gaussian) 6, 6p
1 1 I
: Gradient Gradient Gradient
1 Backpropagation Backpropagation Backpropagation
I (Defender Update) (Defender Update) (Defender Update)
] 1
1 1
1 1
e S s Sy e S S e g e e S e e SR Y S J
Overall Defender Update via Gradients
(Updates 8; to Generate More Robust Ciphers)
LEGEND
——3p Forward Pass
(Data Flow) DATA FLOW SUMMARY
— —= Backward Pass Input Datax —> Generator G (Encrypt) —> Ciphertextc —>

(Gradient Flow)

REAL /
FAKE
SCORE

Noise Injection (n) -> Attack Simulator A, —> Discriminator D —> Real/Fake Score

Figure 1: The CryptoDefender architecture showing data flow between generator G, attack
simulator A_gan, and discriminator D. Solid arrows indicate forward passes. Dashed arrows
represent gradient backpropagation for defender updates. Noise injection occurs after encryption
before the attack phase.

The training process follows a min-max optimization framework. The generator aims to
minimize the success probability of A gan while maximizing the discriminator's confusion. The
attack simulator simultaneously improves its cryptanalysis capabilities. This co-evolution forces
the cipher to develop non-linear structures that resist automated pattern recognition [8].
Formally, the defender's loss function is:

L; = —E[logD(C)] + A - E[SuccessRate[Agan(Cnoisy))]

where C = Encrypt(G,K,P) and C noisy = C + Laplace(0,0.05). The noise term simulates real-
world channel imperfections in defense communication systems [9]. The hyperparameter A = 0.7
balances cryptographic strength against computational efficiency, determined via 10-fold cross-
validation.

We pre-train A gan for 100 epochs on classical ciphers to establish baseline cryptanalysis
competence. The training corpus contains 2% 1076 plaintext blocks with uniform distribution. Each
training epoch includes 1,562 batches of size 128. The entire training requires 500 epochs on
4xNVIDIA A100 GPUs, consuming approximately 72 hours [10].

Algorithm development

The CryptoDefender training algorithm (Pseudocode 1) implements the adversarial co-
evolution described in Section 2. Unlike conventional GAN training, we introduce three novel
modifications: delayed attacker updates, adaptive noise injection, and resistance-based reward
shaping.
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**Pseudocode 1 — CryptoDefender Training Algorithm™**
“python
def CryptoDefender Train(epochs=500, batch size=128, 1r=0.0001, lambda reg=0.7):
# Initialize components
G = CipherGenerator(layers=6, sbox size=8)
A _gan = CipherGAN(pretrained epochs=100)
D = Discriminator()
# Pre-train attack simulator
A gan.train_on_classical ciphers(['AES-128', 'GOST-28147-89'], epochs=100)
for epoch in range(epochs):
for batch in dataloader(batch_size):
# Encryption phase
key = random_key(bits=256)
plaintext = batch
ciphertext = G.encrypt(key, plaintext)
ciphertext noisy = ciphertext + laplace noise(scale=0.05)
# Attack phase
attack result = A _gan.attack(ciphertext noisy)
success_rate = attack result.key recovery probability()
# Defender update (maximize resistance)
resistance = 1.0 / (1.0 + success_rate)
loss G = -torch.log(D(ciphertext noisy)) + lambda_reg * (1.0 - resistance)
# Discriminator update
loss D = -torch.log(D(ideal random)) - torch.log(1.0 - D(ciphertext noisy))
# Backpropagation
loss_G.backward(); optimizer G.step()
loss_D.backward(); optimizer D.step()
# Delayed attacker update (every 5 epochs)
if epoch % 5 == 0 and epoch > 0:
loss_ A = cross_entropy(attack result, key)
loss_A.backward(); optimizer A.step()
# Evaluation checkpoint
if epoch % 50 == 0:
evaluate resistance(test set)
return G
Table 1 — Hyperparameter Configuration

‘Parameter HValue HJ ustification

|
‘Learning rate (Ir) H0.000I HStable convergence per [11] ‘
lBatch size H 128 HOptimal for 24GB GPU memory ‘

|

lNumber of 1ayersH6 HBalances complexity vs. overfitting
Training epochs (500 Plateau of loss function achieved

Regularization A (0.7 Cross-validated on 10% holdout
Key length 256 bits||Compliance with GOST R 34.12-2015
Noise scale 0.05 Matches real channel SNR in defense links

The delayed attacker update (line 29) prevents the generator from overfitting to short-term
attack fluctuations. Adaptive noise injection (line 14) improves generalization to non-ideal channel
conditions. Resistance-based reward shaping (line 19) provides smoother gradients than binary
success/failure signals [12].
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Testing and evaluation

Experimental validation used four test scenarios: (1) standard GOST R 34.12-2015
baseline, (2) AES-128 reference, (3) unprotected CipherGAN-vulnerable cipher, and (4)
CryptoDefender. All tests used PyTorch 2.1 with deterministic CuDNN and seed 42 for
reproducibility [13].
Table 2 — Resilience Comparison Against CipherGAN Attacks

Cipher Traditional Security|CryptoDefender Security (bits|Improvement

P (bits) equivalent) Factor
GOST R 34.12- Ay A
2015 27128 27142 2.2x
AES-128 27128 2735% 1.8x
Kuznechik

27128 27140* 2.0

(GOST) x

Note: Values represent effective security margins measured via attack complexity
extrapolation at 95% confidence interval over 10 independent runs ije predstavlen fragment
realizatsii generatora i diskriminatora na PyTorch.

CipherGAN successfully broke Vigenere ciphers 15.7 times faster than brute-force
enumeration, validating the attack simulator's effectiveness. However, CryptoDefender resisted
95% of all Al cryptanalysis attempts across 1,000 attack episodes. The 2.2x improvement for
GOST R 34.12-2015 corresponds to an additional 14 bits of effective security [14].

Figure 2 - Resilience vs. Attack Epochs
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Figure 2: Probability of successful key recovery as a function of training epoch. Blue curve:
traditional GOST R 34.12-2015 (breached at epoch 120). Red curve: CryptoDefender (remains
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below 0.5 until epoch 350). Green dashed line: random guessing baseline (0.5). Shaded regions
represent 95% confidence intervals over 10 runs.

Figure 2 demonstrates that CryptoDefender maintains attack success probability below 0.5
for 350 epochs, compared to only 120 epochs for traditional GOST. After 400 epochs,
CryptoDefender's success rate rises to 0.6 due to training data exhaustion, but this remains superior
to baseline's 0.92 [15].

Real-world testing on legacy VPNs (OpenVPN 2.5) and IoT protocols (MQTT with DTLS)
showed negligible performance impact. Encryption latency increased from 1.08 us to 1.12 us per
block (p > 0.05, paired t-test). Memory footprint increased by 18 KB per cipher instance,
acceptable for constrained devices [16].

Threats and recommendations

The primary threat is adaptive retraining: an adversary could fine-tune CipherGAN on
captured CryptoDefender ciphertexts. We recommend periodic (every 100 hours) cipher re-
generation with fresh random seeds [17]. A secondary threat is side-channel leakage during noise
injection; constant-time implementation must replace Laplace sampling with precomputed tables
[18].

For government applications, we propose integration with NIST SP 800-90B entropy sources and
GOST R 34.12-2015 key management. Certification requires replacing trainable S-boxes with
fixed tables after convergence [19]. Military use cases (tactical radios, satellite links) should
employ the 256-bit key variant with 500-epoch pre-training [20].

Organizations should not deploy CryptoDefender on legacy hardware without hardware
acceleration (AES-NI or equivalent), as software-only inference adds 12% CPU overhead [21].

Conclusion

CryptoDefender provides the first generative Al-resistant cipher synthesis framework
validated for defense applications. The method achieves 2.2x security margin over GOST R 34.12-
2015 and resists 95% of CipherGAN attacks. Preemptive weakness detection during training
replaces reactive post-deployment testing. Future work includes post-quantum extensions, formal
verification of learned S-boxes, and hardware implementation on FPGA for tactical edge devices.
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