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How does it work

Physical model Computer code Gradients Optimisation
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Differentiable programming

* can be applied to algebraic functions and to the computer programs;

* itis based on the simultaneous computation of a value and a related derivative;

* it does not provide explicit formula of the derivative.

In [1]: |def Fix):
return 64 *(1-x) *(1-2*%x)"2 *(1-8*x+8*x*x)"2

but also
In [2]: |def f{x.n):
if n == 1:
return x
else:
V=

for i in range(1l,n):
vV = 4%y*(1-v)
return v
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Differentiable programming

fi(z) =128z(1 — 2)(—8 + 16z)(1 — 23)%(1 —
8z +822) +64(1—z)(1 — 27)%(1 — 8z +8z%)% —
64x(1 — 22)%(1 — 8z +82%)% — 2562 (1 — x)(1 —
2r)(1 — 8z + 8x?)?

e automatic differentiation

Manual

f(z) =1y = 64z (1—2)(1 - 27)* (1 —8x +837)* Differentiation

e algorithmic differentiation

Coding

e autodiff .

Gl 1.2 (x)ic
B 128x(1 - x) (-8 +16 x) (1 - 2
fort o £oid 0"2(1-8x+8x"2) +64 (1

o a|gOd|ff V“‘““"” —xi-2x)2(1-8x+8

x"2)"2-864x(1-2x)"2(1-8
Symbolic mtE xe ) 80 MOEAT I ) (1 =
Differentiation 2x)(1 -8By +8x"2)°0

[ J autog rad B of the Closed-form e
64x (1-x) (1-2x)"2 (1-8x+8x~2)"2 - das
 AD

A

or, in closed-form,

Automatic Numerical

. Differentiation Differentiation
various names come from v
different communities as the idea is old. e s
fo;' i=1 ‘co,3 h = 0.000001
(v,v’) = (4v(1-v), 4v’-8vv’) (f(x+h) -£(x)) /b

Baydin, Pearlmutter, Radul, Siskind. 2018. (v,v")
“Automatic Differentiation in Machine £
Learning: a Survey.” Journal of Machine £ (x0) = f
Learning Research (JMLR) Exact
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Differentiable programming

e manual
* symbolic differentiation
 numerical differentiation

e automatic differentiation

Baydin, Pearlmutter, Radul, Siskind. 2018.

“Automatic Differentiation in Machine
Learning: a Survey.” Journal of Machine

16/05/2026 Learning Research (JMLR)

f] =T
ln+l :*”n(l 7'{'1]

flx) =1y = 642 (1 —x)(1 — 27)*(1 — 8z 4+ 82%)?

fi(z) =128z(1 — 2)(—8 + 16z)(1 — 23)%(1 —
8z +822) +64(1—z)(1 — 27)%(1 — 8z +8z%)% —
64x(1 — 22)%(1 — Bz + 832)% — 256x(1 — z)(1 —
2r)(1 — 8z + 8x?)?

Manual

Differentiation

Coding

fi{x):
v=x
fori=1to3
v=4v(1l - v)
v

or, in closed-form,

£(x):

64x (1-x) (1-2x)"2 (1-Bx+8x~2)"2

1.2 (x)ic
128x(1 - x) (-B'+ 16x) (1 — 2
x)"2(1-8x+8x"2) +64 (1
Sxli0l S0 o ] =8 x e h
x"2)"2-864x(1-2x)"2(1-8
Symbalic ] X B2y D LGl IR Gl
Differentiation 21 =8 x 8 xt2) 0

A

of the Closed-form

Automatic Numerical

(v,v?)

Differentiation Differentiation
A 4
£1(x):
(v,v?) = (x,1) 2 x):
fori=1tec3 h =0.000001
(v,v’) = (4v(1-v), 4v’-8vv’) (f(x+h) -£f(x)) /h




Design optimization

Inputs —_— Parameters —_— Outputs
$€Rd P e R" F(:L'l,b)

Simulator (model) of the system
Y* = argmin,, ) R(F(z,v))

Can be efficiently found by gradient-based optimization if V,,R is available
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In practice

So beautiful...

AUTODIFF import jax
BRIDGE from jax import grad
def loss(x):
grad(loss)
B SR,

Python / JAX
grad(loss)
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-'E:ITID'D‘th rlu:nn-u::u:jn'q.re:-; 2D objective with minimum at (1, 1).""" a function to search for its minimum
y =X

1 20 * (1.8 - x) ** 2 + 100.8 * (y - x¥¥2) *+ 2

the search algorithm

def step(x curr, ):
value, grad = value and grad(x curr)
x next = x curr - lr * grad
: n x next, {value, x next)

T =m

x init, xs=None, length=steps)
)
x opt, (history, trajectory) = run optimization(x)

16/05/2026 8



Interactive

$ python back propagation_examples/jax backprop example.py

3D trajectory over objective surface
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More interesting example

That was
just a warm-up!

Toy problem Real application: GW detector model
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Optimisation on a real mode|

Inputs —_— Parameters —_— Outputs
x € RY P € R® F(x,)

Numerical modeling of quantum noise in gravitational wave detectors  Greta Tosti

09:20 - 09:40

wh\/ not to ".ry?
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Model + loss function

Advanced Virgo noise budget for the 05 science run
—— — d

alent GW amplitude
>

Equiv

+ inspiral_range.range (PSD)

= a number
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Frequency [Hz]

if only we could compute vw(?ﬁ
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Auto-diff first outcome

know your loss function better

grad psd fn = jax.jit(jax.grad(lambda p: bns range(freq, p)))
grad psd = grad psd fn(psd)

plt.loglog(freq, grad psd, color="crimson")
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VIRe(Sx)|

EPR spectrum (EPR_check-style)

Optimisation
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The start and the end

Initial point: Optimized point:
lambda0 = 1.064 * lambda0 = 1.064 *
m = 42 * m = 42 *
R1 = 0.986 * R1 = 0.986 *
L = 2999.8 * L = 2999.8 *
PO = 40 * PO = 40 ~*
delta_a = 0 * delta_a = 2.716026 *
sgz_r = 12 * sgz_r = 3.9508612e-19 *
sgz_angle = 0 * sgz_angle = 0 *
Rp = 0.95 * Rp = 0.95 *
Rs = 0.6 * Rs = 0.6 *
Lrec = 11.958 Lrec = 11.958
detEff = 1 * detEff = 1 *
quad = 90 * quad = 75.589533 *
R2 = 1 * R2 =1 *
Al = 0 * Al = 0 *
A rt =0 * A rt =0 *
Ap = 0 * Ap = 0 *
delta_idler_hz = -438.28 * delta_idler_hz = —-438.28 *
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More Information

* much more details in the lecture: Differentiable programming and design
optimization by Atiim Gunes Baydin (University of Oxford)

pay attention to the multi-dimensional optimization aspect!

* entry level implementation explanation - Saupin Guillaume Blog

Thank you for your attention

16/05/2026
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https://indico.cern.ch/event/1022938/contributions/4487279/
https://towardsdatascience.com/differentiable-programming-from-scratch-abba0ebebc1c

Plot-twist: “double-check your model”

BNS Range vs iteration (maximizing)
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<till do not frust it :-)
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Parameter value (primary)

Trainable parameter trajectories
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Initial point:

lambda0 =
m

R1
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The start and the end

*

-438.28 *

Optimized point:
lambda0 = 1.064 *
m = 42 *
R1 = 0.986 *
L = 2999.8 *
PO = 40 ~*
delta_a = 0.39445022 *
sgz_r = 56.188894 *
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The start and the end

EPR matrix-conditional spectrum
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Gradient history

Gradient historaw curr - Ir * grad_maskedry by parameter

Gradient
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