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PROBLEM STATEMENT

System: Particle in a 1-D box with some unknown potential inside.

Given n position measurements of the particle for each time O, 1, 2,..T ,
predict the PDF ( [3)(x)]?) fortimen <t <n+1landt > T.

= Classically, a particle in a 1-D box with zero potential inside is well
described i.e. x(t) with 3 parameters,

= They are: Its position (xy) and velocity (vy) at some time (%;). It simply
bounces back and forth between the walls at constant velocity.

= [n quantum mechanics, a particle in a box is at all positions with different
probabilities and the probability density function evolves in time [Figure -
1].
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Figure 1. Sample quantum evolution of particle in a box

Quantum > Classical

Is much more difficult than

BACK TO REGRESSION

Scrap everything and start from the basics. Analytically solve S.E. for V=0.
The most general solution is
N
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Now one can use gradient descent to find the parameters (a,, and ¢, i.e
O(2N)). Simple gradient decent algorithms didn't work. We finally used a
combination of LBFGS and Adam. LBFGS is good at finding the descent
path efficiently but can’t jump out of local minima. Adam optimiser hot starts
the gradient descent process and jumps out of it.
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Figure 3. Success of Regression method for V = O case.
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QUANTUM PHYSICS-INFORMED NN?

Dr. Subhankar Mishra

PINN [2] is a deep neural network that has been trained to solve differential
equation(s) subject to a set of boundary/ initial value conditions. How to use
PINN for our case?

As potential V(x) is unknown, one can't use the Schrodinger Equation:
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Use a different equation; Continuity equation of probability. (It doesn’t work)
0 > 0J h | oY 0

By +%:O where, J:% % Vo,

We tried to predict dynamics for V=0 using the Schrodinger equation, but
even that didn’'t work.
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Figure 2. Failure of Q-PINN. It has been trained on data from T=0 to 0.6 (which it learns)
but can't predict future.

We suspect it is not easy to train PINN to solve second order differential
equations. Even if it did work for V=0, how to solve for unknown V ?

Regression > Neural Network

IS sometimes better than

Non-zero V: There must be a set of Eigenstate-energy solution to the
Schrodinger equation. Expand the Eigenstate in the basis of V=0 solution,
making it a regression problem again.
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The parameters here are a,,, bym, Fn, ¢n and 0, i.e O(2N* +2N). Itis a
complex non-convex optimization problem, mostly due to unknown
parameters in the exponential (Energies). LBFGS+Adam didn’t work.

FUTURE WORK

= Resolve Q-PINN for for V = O cases, and extend to non-zero potentials
motivated by work on HNN. [1]

= |[mprove upon regression for V # 0.
= |[n case all of this works, explore extension to time-dependent potentials.
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