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Overview
● It is similar to QuTiP, but it is differentiable.

● Seamless integration with QuTiP.

● Has a Python interface but a Julia backend for simulation.

● Is tailored specifically for for quantum optimal control problems.

● Provides a differentiable digital twin for closed-loop control.



Optimal control and bilinear systems
● A bilinear system is described in the state-space representation as

● x(t) is the state of system at time t.
● A and Bk are linear operators.
● uk are time-dependent parameterised control fields.



Optimal control and bilinear systems
● For a BLS defined over time interval [t0, t1] and a set of parameters {p} 

defined the objective function as

● Seek a set of optimised parameters that minimises the objective function J.



Schrödinger equation



The core issue: interfacing Python with Julia
● From the perspective of data structures:

● A and Bk are linear operators → array representation

● x is the state of the system → scalar or array representation

BUT

● uk(t, {p}) are functions: first-class objects in Python – singleton type in Julia



Possible solutions
● PythonCall.jl

○ Call a Python function in Julia
○ Custom type conversion rules
○ Non-differentiable
○ Still has interpretation overhead sometimes ~5x

● SymPy
○ Symbolic representation
○ Translation to native Julia functions
○ More complicated functions does not emit correct Julia function
○ Algebra for quantum operators is still immature



Numba & LLVM IR

from numba import cfunc, types

sig = types.float64(
   types.float64,
   types.float64,
   types.float64
)

@cfunc(sig)
def func(t, a, b):
   return a * t + b

● Native hardware compilation
● LLVM analysis and transform passes
● Optimisation
● Thanks to Enzyme, it is differentiable



Summary

● We made Python functions differentiable through LLVM IR + Enzyme

● An AD quantum simulation toolbox with a Python interface and Julia backend

● Does not rely on JAX, PyTorch or TensorFlow for AD
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