
• How reliably do TNS algorithms find
the optimal solution within the TNS manifold

↳ For local ID Hamiltonian with constant (as a

function of system size N) gap , MPs algorithms

guaranteed to find a globally optimal MPs
in polynomial time are known (Zeph Landau

et al .
,
Nature Physics 2015) .

↳ Heuristically , for yapped land even critical) local

ID Hamiltonians
, finding

a
very good MPs approximation

works well with DMRG and MPJ -algorithms
(e. g. imaginary time propagation ) .



↳ Conjecture ( for more general settings ) :
If the entire path in Hilbert space from your
initial MPs to the final lapproxination to the)
solution can be well approximated by MPS (Cowentanglement)

,
MPs - algorithms (specifically imaginary

tone propagation ) will not get stuck in local

minion a .

÷÷*÷÷÷;- ED path

- Works for heuristically confirmed case above .Cao phase transitions at finite Tin 1D)
- Counter - example : ID g-appeal nÉal Hamiltonians encoding



hard combinatorial problems .



D.1 : Basics of Monte Carlo Integration
• Goal : Compute physical properties of QMB

systems ,
such as expectation values

of observables in spin systems
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-

key issue : {
{ , }

- - -

contains exponentially many

terms
.

-

Remedy from stochastic analysis : Monte - Carlo
"

integration
"

( here discrete sum,

↳ Interpret Py 16) = !g¥%÷ as a probability density

and compute Logy by stochastic sampling

of spin configurations g- = 1µF Oh6k •

K -- l



• Statistical uncertainty of Monte
- Carlo integration

-The central limit theorem applied to -0 (

interpretedas a random variable with varying
configurationsI tells us that generically

uncertainty
→ A [0 ] = [0µ⇒

'

~ ¥, ( sample size M)

- Crucial advantage over other (deterministic) methods :

uncertainty of results scales as Fa , independently

of the physical system size ( dimension of
integration volume ) .

- Challenges : ↳ Distribution of 0
'

might not be



" well behaved " such that central limit

theorem is not applicable ( fat tails) .

↳ In many Quantum Monte Carlo methods
,

Py (6) is replaced by a function that

may
become non - positive definite

Cnegative sign problem ) .

• Basics of stochastic sampling :
- Sampling amounts to designing a

stochastic

process ( " time - evolution
"

of a random variable)
6 ,
→ 62 → 6 } -

- - - that generates an unbiased
[ representative ) sample .



- Markov chains are stochastic processescharacterized
by having no memory :

# sites
↳

P (6k Bbm
,
6k

-z ,
. . . G) =

!
P( 6k / 6k,) , 6k -16¥, . . . ,ÉY

1 T
conditional Transition matrix (non - negative
probability fully characterizes the Markov

chain
.

v7 Step 6k, → 6k only depends on 6am
,
but not on

further history .

→ P (6k ,
6am

,
- .

.

, G) =P (6h16am)P(6m16cm) -. . -

PAD
.

p
joint probability
- Sample distributed according

to given
distribution

of (6) is ensured by detailed balance station arity



Condition :

cancellations P (6,16 ;) 916 ;) = Pfi / G) 916g ) Viii 'sofoppo?⃝probability currents
which is a sufficient condition if P(6g / 6 :) is ergodic ,
i.e. if every 6g can be reached from any Gi in a

finite number of steps ( P
"

strictly positive Cao zero

nodes / for some U2 1) .

→ stationary distribution is eigenstate
associated

with the largest eigenvalue of P .




