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What is a State Space Model (SSM)?

Hidden state 𝒚, input 𝒖, output 𝒙

𝒚′(𝑡) = 𝐀𝒚(𝑡) + 𝐁𝒖(𝑡)
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LTI vs. LTV?

Linear Time Varying (LTV):

e.g. Mamba, DeltaNet

𝒚′(𝑡) = 𝐀(𝑡)𝒚(𝑡) + 𝐁𝒖(𝑡)
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Linear Oscillatory State Space Model (LinOSS)

𝒚″(𝑡) = −𝐀𝒚(𝑡) + 𝐁𝒖(𝑡)
𝒙(𝑡) = 𝐂𝒚(𝑡) + 𝐃𝒖(𝑡)
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Parallel Scan

Requirements: Array (𝑎1, 𝑎2,…, 𝑎𝑁), and a binary associative operator ⊕.

(Blelloch, 1990; Kogge & Stone, 1973)
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Where the second element of each pair is the solution to 𝒙𝒏 =𝐌𝒙𝒏−𝟏 +𝐅𝑛 with 𝒙𝟎 = 0.

⇒ 𝒪︀(log𝑁) computational time for 𝑁  timesteps

(Blelloch, 1990; Kogge & Stone, 1973)
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LinOSS Properties

• Universality
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LinOSS Properties

• Universality

• Initializing 𝐴 with > 0 values ensures stability and long range interactions

• Outperforms similar models on very long timeseries
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SSM Architecture

SSM Block

Sequence mixer

𝑥𝑘 = 𝐴𝑥𝑘−1 +𝐵𝑢𝑘
𝑦𝑘 = 𝐶𝑥𝑘 +𝐷𝑢𝑘

𝜎

Non-linearity
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Tensor (H, T)

⋮

Tensor (H, T)

Figure 1: State Space Model Architecture
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Binary Neutron Star Merger Detection

IMRPhenomPv2 waveform at 2048 Hz sampling rate
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Binary Neutron Star Merger Detection

Sampled window (4s)
Merger peak SNR

Noise from O3a: 2019-04-29 to 2019-05-09

IMRPhenomPv2 waveform at 2048 Hz sampling rate: 4s = 8192 timesteps
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Binary Neutron Star Merger Detection

Parameter Training / Validation

Approximant IMRPhenomPv2

Sample rate 2048 Hz
𝑚1 (source frame) Triangular(1, 2.5;mode = 2.5)𝑀⊙
𝑚2 | 𝑚1 (source frame) 𝒰︀(1,𝑚1)𝑀⊙
Redshift 𝑧 UniformSourceFrame(0, 0.15)
Right ascension 𝛼 𝒰︀(0, 2𝜋)
Declination 𝛿 Cosine

Inclination 𝜄 Sine

Coalescence phase 𝜑𝑐 𝒰︀(0, 2𝜋)
Polarisation 𝜓 𝒰︀(0, 𝜋)
Spin magnitudes 𝑎1, 𝑎2 𝒰︀(0, 0.4)
Spin tilts 𝜃1, 𝜃2 Sine
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Binary Neutron Star Merger Detection

Testing [4, 100]
Training [8, 100]

20 40 60 80100
SNR

10−4

10−3

10−2

10−1

D
en
sit
y
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Sensitive Volume
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(Benoit et al., 2025; Marx et al., 2025)

Ongoing work by Bhavya Gupta and collaborators

11 / 14



Jax Implementation
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Jax Implementation

Pytorch implementation coming soon!
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PhyTS Benchmark
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