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INTRODUCTION ARCHITECTURAL PIPELINE

SSMs are emerging as efficient alternatives for
9ng B | | [ Embedding ] ¢
source code vulnerability detection, but their ¢ [ Embedding layer ]
internal kernel behavior remains poorly [ Feature extraction block ] (— o v
understood. ¢ [ Convolution layer ]
eKernels capture local syntax or long-range [ S ]

Max pooling ]

dependencies? ¢ SMR : Q
[ block

e A systematic kernel interpretability study on S4D,
trained on real world task. ¢ :
o Analyze CNN=S4D hybrid kernels in time & | Concalenauon | -
frequency domain to guide better SSM design.
[ Dropout ] [ S4D layer ]
¢ SMR + S4D Feature block:

[ Fully connected ]

Dataset & setup:

Feature extraction block is the only component that varies across six model architectures.
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INTERPRETABILITY ANALYSIS

Time domain and frequency domain impulse responses across architectures:
source code. Binary classification. 54D Kernel (Time Domain) S4D Kernel (Frequency Domaln)

4 > 3.94

ReVeal dataset: Linux debian kernel + chromium

e Max +ve Amplitude: 3.94 Dominant Freq: 0.020
e Max -ve Amplitude: -4.67 % e High Peaks
e Sharp Transition

Training: Adam (lr=1073), dropout of 0.5,
sequence length of 256. BCEWIithLogitsLoss with
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MODEL ARCHITECTURES 1) S4D standalone model

o4

S4D Kernel (Time Domain) S4D Kernel (Frequency Domain)

Convolution 1D Parallel kernel sizes for local . o - | - Domiant e 016
features ‘ W | = \ ! U
°] ‘ 30 -
Depth Wise separable | Depthwise + pointwise ;: j | , ) :
convolutions convolutions: fewer parameters g7 | $21
S4D (standalone) Diagonal SSM layer, FFT based N o Max:+ve Ampltude 261 a
kernel =6 1 ', -6.23 ' ' ' o' SharpTransiF;ion .' . 0.____J' __________________ '__________________'___________________' __________________ S— '____
Depthwise + S4D Local features + global context rime rrequeney (eyesisamples
2) SMR + S4D model
Conv 1D + S4D Local features + broader
dependencies R ESU I_TS
SMR + 54D Conv1D fused with embeddings
Model architecture Acc F1 Model Time domain Freq domain
KERN EL ANALYS'S, Convolution 1D 87.64 |87.66 Max |[Max |Dom freq |Token |[Spectral
. +amp |-am cycle/s range |entro
. . . o Depth Wise separable conv |87.12 [|87.57 > P | ley ) : 2
1. Time domain: Peak amplitude, transition S4D 26 l-62 lo1s 5-6 3.94
S4D 87.07 |87.02
sharpness. Reveals local & smooth long DepthwiserSaD |+27 |38 |0.086 > 2o
range structures. o | Depthwise + 54D 88.17 |87.17
2. Frequency domain analysis via FFT to obtain
the spectral representation of the kernel Conv 1D + 54D 85.05 |86.22 Conv1D+54D +6.7 |-5.2 |0.14 V4 4.21
SMR + S4D 88.26 |88.03 SMR + S4D +3.9 [-4.7 ]0.02 50 3.79

Fourier transform of the kernel:

K(f) = F{K(t)} REFERENCES

Normalized power spectral density: [1] Chakraborty, S., Krishna, R., Ding, Y., and Ray, B. Deep learning based vulnerability

Pl — K (f)|? detection: Are we there yet?, 2020.
f > [2] Gu et al. (2022). On the parameterization and initialization of diagonal state space models.
27 1K (f)I?
f NeurlPS.
Spectral entropy: [3] Qi et al. (2024). SMR: State memory replay for long sequence modeling. ACL Findings.

[4] Verma, S., Anand, A., and Mezini, M. CodeSSM: Towards state space models for code
understanding. In The 2025 Conference on Empirical Methods in Natural Language Processing,
2025

H=-Y) P(f)logP(f)
f



