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Introduction TISE Experiments
We propose using DNN, in an end-to-end deep Time Independent Schrﬁdinger Equation Single particle quantum systems in 1 dimension.
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Quantum MEChanlcal Systems * Describes a physical system in quantum theory amittonian. 2moxz N Ve vises
The state of a quantum mechanical system is given by : : : DNN Wave Function V= ax
a wave function. It obeys Schrédinger's equation and Ob]ectlve Function | — N
the modulus square gives the probability of the X

measurement of an observable at any given time. The Variational Principle

The expectation value of the Hamiltonian for an arbitrary state

Example: Electron density for hydrogen wave
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» Abstract vector in a complex Hilbert space Challenges Eground state * b) F’;ertu,&l?ed— 1
» Access to the wave function of a physical system . Applying Hamiltonian to DNN wave function ansatz System Computed VMC2 Exact Zyi %m ra=1,
provides full knowledge of all d namlcaIAquantltles + Infinite dimensional Hilbert space Unperturbed  4.93484 40348 493480 |+ ) Perturbed
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Hilbert space i » Use DNN to model a wave function and output its value
» Use basis of a finite subspace as the computational basis. Challenges and Future Work
« Decompose DNN wave function onto computational basis  Incorporating physical constraints to DNN wave function
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