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Recurrent Neural Networks (RNNs)

Ly Liiq

Y1

|

Ut g

s
e

Y = 01 (Woyp_1 + W,uy,)
xk — 09 (wak: + ba:)

Adapted from https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks/

2/14


https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks/

What is a State Space Model (SSM)?

Hidden state y, input u, output o
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Hidden state y, input u, output o

Discretize:

Y, = Ay, + Buy
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What is a State Space Model (SSM)?

Hidden state y, input u, output o

Discretize:

Y = AYp_1 + By,

With A, B, C, D learnable weight matrices.
A: diagonal “state” matrix
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LTl vs. LTV?

Linear Time Varying (LTV):
e.g. Mamba, DeltaNet
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e.g. 54,54D, LRU, LinOSS, S5
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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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Linear Oscillatory State Space Model (LinOSS)

y" (1)
x(t)

=y o {z’(t) z —Ay(t) + Bu(t)

—Ay(t) + Bu(t)
Cy(t) + Du(t)

Implicit-explicit time integration (IMEX):

Zp = 21 + At(—Ay,_, +Buy)
Y = Yp_1 T Atzy

_ T _ IMEX IMEX
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Parallel Scan

Requirements: Array (a4, a,, ..., a, ),and a binary associative operator .

(Blelloch, 1990; Kogge & Stone, 1973)
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Requirements: Array (a4, a,, ..., a, ),and a binary associative operator .
Prefix sum:

Yy — a4

(Blelloch, 1990; Kogge & Stone, 1973)
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Parallel Scan

Requirements: Array (a4, a,, ..., a, ),and a binary associative operator .
Prefix sum:

Yy1=a

Y2 = a1 t G

Ys = a; +ag tag

Yy = a1 T 0y + a3+ Qy

(Blelloch, 1990; Kogge & Stone, 1973)
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Parallel Scan

Requirements: Array (a4, a,, ..., a, ),and a binary associative operator .
Prefix sum:

Y1 = ag
Yp = a1 + ay
Ys = a; +ay +as

Yy = a1 T 0y + a3+ Qy

Yy = aqy +ay + ... +ay

(Blelloch, 1990; Kogge & Stone, 1973)
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Parallel Scan

Requirements: Array (a4, a,, ..., a5 ),and a binary associative operator &.

Z z Zi T 4 ‘\Q ‘XQ ‘XX ‘k{

Ys = a; +ay +as

Prefix sum:

Yy =01 + a9 +az + ay . .

Yy = aqy +ay + ... +ay —~——

(Blelloch, 1990; Kogge & Stone, 1973)
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Requirements: Array (a4, a,, ..., a, ),and a binary associative operator .

_ NIMEX IMEX
x, =M x, 1+ FE,
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Parallel Scan

Requirements: Array (a4, a,, ..., a, ),and a binary associative operator .

_ NIMEX IMEX
x, =M x, 1+ FE,

We define the associative operator e for matrices a;, b; and vectors b4, b,:

(a1,a5) @ (by,by) = (b; ®a;,b; ©ay, +by)

(Blelloch, 1990; Kogge & Stone, 1973)
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Parallel Scan

Requirements: Array (a4, a,, ..., a, ),and a binary associative operator .

_ NIMEX IMEX
x, =M x, 1+ FE,

We define the associative operator e for matrices a;, b; and vectors b4, b,:
(a1, az) @ (by,by) = (b; ®ay,b; ©®ay +by)
If we initialize our array as

[(M7 Fl)? (M7 F2)7 ) (M7 FN)]

(Blelloch, 1990; Kogge & Stone, 1973)
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Parallel Scan

Requirements: Array (a4, a,, ..., a, ),and a binary associative operator .

_ NIMEX IMEX
x, =M x, 1+ FE,

We define the associative operator e for matrices a;, b; and vectors b4, b,:
(a1,a;) @ (by,by) = (b; ®ay,b; ©ay + by)
If we initialize our array as
(M, F), (M, F3), ..., (M, Fy)]
And we compute the parallel scan with the associative operator e we end up with:

(M, F),(M?>,MF, + F),..]

Where the second element of each pair is the solution to ,, = Mx,, ; + E, with 5, = 0.

(Blelloch, 1990; Kogge & Stone, 1973)
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Parallel Scan

Requirements: Array (a4, a,, ..., a ),and a binary associative operator &.

_ \JIMEX IMEX
x, =M x, 1 +E

n

We define the

If we initializ

And we compute the parallel scan with the associative operator e we end up with:
[(M7 E)? (M27 M'F11 + ‘F12)7 "']

Where the second element of each pair is the solution to ,, = Mx,, ; + E, with 5, = 0.

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

e Universality
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e Universality

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

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

e Qutperforms similar models on very long timeseries
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SSM Architecture

Tensor (H, T)

A~ N,

SSM Block

Non-Li

Sequence mixer

xk — Axk_l + Buk
Yr = Cxp + Duy,

[

105

nearity

T~

Channel mixer

\

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

- - Merger peak SNR }

Noise from O3a: 2019-04-29 to 2019-05-09
IMRPhenomPv2 waveform at 2048 Hz sampling rate
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Binary Neutron Star Merger Detection

[T 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

Sample rate

m, (source frame)

mo | my (Source frame)
Redshift z

Right ascension «
Declination ¢
Inclination ¢
Coalescence phase ¢,
Polarisation v

Spin magnitudes a4, a,
Spin tilts 64, 0,

IMRPhenomPv2

2048 Hz

Triangular(1, 2.5; mode = 2.5) M
U(l,mq )M
UniformSourceFrame(0,0.15)
U (0,2m)

Cosine

Sine

U (0,2m)

U0, )

2(0,0.4)

Sine
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Binary Neutron Star Merger Detection
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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
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Jax Implementation

camail-official/ {G(
discretax CAMAIL

Discretax is a light weight collection of state space
models implemented in JAX

A3 © 2 w37 %5 O

Contributors Issues Stars Forks

12 /14



Jax Implementation

Pytorch implementation coming soon!
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PhyTS Benchmark

» PhyTS-team
/PhyTS-bench

@ huggingface.co
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