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Vlotivation: matrix product state truncation

N qubits with state y; ;, € (C*)®”

n

rank <K across any cut

O(Nk2) degrees of freedom suffice. © = bond dimension

e
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What about other metrics”

Given |v) = ) v.|i)withv, > -+ > v, > 0, find a close k-sparse |w).
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Johnston, Li, Plosker, Poon, Regula. PRA 2018
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lrace distance

T'=min—|| w* -o||,

o€l

= min max tr[M(ww* — o)]
ocl, O<M<I

= min max tr[mm*(vv* — o)] — o has one positive evalue
o€l ||m],<1




Irace distance via dual

. 2 2
I'=min—|[ [v){v] —oll; = max [(m|v)|" — [|m]|5,
ek D |mll,<1 |

Optimal measurement is |m){m| .

FINnd M using Lagrange multipliers

Sample from
12/1 lL<i<k - r Vis oeos Vi1
m.: x < @ k—r<i<? @Y X OC,0,0,CZ,O k—rSl<f




Vlixed-state approximations

Given |v) = ) v.|i) find a nearby o, a mixture of k-sparse states.
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Application: Hamiltonian simulation

Goal: eHtfor H = Zﬁ-h-with |hj|| = 1 and Zﬁ- = 1

Jj=1
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Trotter:




ranaomized H simulation

H= ) fhwihihl=1 ) B=1andf =p,> -

7=
General framework:

* Randomize: Evolve according to H(u) = 2 u; hywith probability pu.




state-dependent simulation

H = Zﬂh with ||hj|| = 1, applied to state | y)
=l

First-order condition: Z (ﬁ- = Zpuu-)h‘l/f) =




Classical vectors

* Approximate v with a random k-sparse w.




