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Overview

1. The system — classical stochastic and pure quantum
dynamics

2. Our method — Tensor networks

3. Main rival — Dynamical Monte Carlo

4. Comparison for high variance observables
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Representing the state of a system

Quantum (pure states) Stochastic
Introducing (probabilistic mixtures)

the basics éfé?iléi ¢$¢$¢¢$

Site: 1 2 ... 4 Il+1 .

Local configs z¢, d values 2¢, d values
(e.g. spin %) zg==+1,d =2 z2p==+1,d=2
Global configs z=1(21,...,2N) z=(21,...,2N)
D=d" D = dV
State vector ) =) 1p(z)|z) |P) =) P(z)|z)
Probabilities v (z)]? P(z)
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Evolving the state of a system

Unitary evolution Markovian stochastic process
Introducing
the basics ¢$¢$¢¢$ <;>$c;>$;>¢$
Site: 1 2 ... ¢ {+1.. N 2 .. L4411
Master equation PEY) S (P (e, 2) ~ Pla.t)H(z.2)
2/ #z
(z|H|z') = H(z',z) for 7z’ # z,
Rearrangement (z|H|z) = — Z H(z, 7).
z' #z
- i .. 0 d
svolution equalion x| (1)) = H| w() 5| PO =HIP(®))
Evolution operator  |y(z)) = e *H1/%|y(0)) 1P(t)) = e | P(0))
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Solving the representation problem

Recall: Dimension explosion
D=ad"

MPS as a tensor network
Mean Field P(z) = P! pl2lzz ... pN]zn

Al 4l Al AIN-1] f[N]
Matrix Product State ‘ I | |
2 ) 24 ZN—-1 <N

P(z) = Allla gl2)z ... AlNlzn

(Ixx)  (Xxx%) (x x 1)




Gibbs distribution compressibility

Gibbs distribution for e.g. the 1D Ising model

N N
P(Z) — exp[—ﬁE(Z)] ’ E(Z) — —JZ RPRE+1 — A Z 2y
=1 =1
It factorises

P(Z) — A[l]zl - A[E]ZE o A[N]ZN

1 1 x 2 2
/ 2 %X 2 >1<
AL11]21 — exXp [le(J,ul/Q + )\)]
Al = exp [Bae(J (-1 + 1) /2 + M) oo
AN = exp [Ban (Jpun—1/2 + A)] e € {—1,1}
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Transfer matrices

Transfer matrix method

Z=3 P(z)= (Z A[l]zl) (Z A[Nzy ) _ 0l pIN]
Z zZ1 <N

1 x2 2 X 2 2 ]( 1
T 2] 7] 7IN—=1] p[N]




2D and beyond

Works with other geometries, e.g. 2D arrangement:

E(z) = —JZ 2020 — )\ZZg
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ST T
— \ \"© * \© \ \
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Solving the evolution problem

Recall: Evolution operator Recalll  Tensor Network

|P (t )> — th|P (O)> Al Al Al AIN-1] 4[N]
Assume: Nearest-neighbour I | B | S | _|
N—1 21 R2 24 ZN—-1 ZN
H=Y hyi,
=1

eHt _ oHot Hor - JHOt ‘

N—1 1 .

ot — H ehg’g_|_15t/2 I_I hg g+18t/2 O <8t3)
=1 (=N—1 A
(¢

g S
Y ¢
S, = two-site gate :
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No runaway of correlations in quench

Steady distributions, e.g. Gibbs, have limited correlations and
are thus compressible.

A quench begins AND ENDS in a steady distribution.

Correlations can’t keep builld
systems.
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The competitor — Dynamical Monte Carlo

Expected value

©) = [ IDsjois]ls

Sample paths st... M
_ 1 M
A e = i
verag Owm Mn;10[s ]
= Var[O
Typical error (AOpN) = aﬁ |
Var[O
Number of paths needed M = 2l 2] S
e(0) €

Large variance

Difficult




SXRRY

Spin: 1
Drive away from equilibrium \
At)
AO() t T

While it also thermalises H(z,2z') = 1 + exp|—B(E(z) — E(z"))]




High variance observables

Recall: Ising chain

SRS

Spin: 1
Configuration-dependent M(t) = 2(1
(magnetisation) ( ) ; E( )
Path-dependent t .
(work done) W(t) = _/0 dsM(s)A(s)
High-variance examples eM(t)

(exponentially scaling with /V)
v = o9V) e 28W (1)




Small system results

Fractional error due to compressibility at a single time, small system

1 0 i //;;-_-;'_.':;" -_-_----_::Tr'_--_-_-':'“-?“m, ] Parameters
Mt)| /A X\ N =8
i/ 4 i
0 pt AT 20 Bro =0
pAa1 =1
— N . Accurate compression
—3 —BW(t) —
|4 =
“hrt 20 Exact compression
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Large system results

Recall: DMC and variance 07— 10
M- Var|O] v P - 26w
€(0)? € X T X
AN
Parameters W W
N = 200
ht =10
ht = 10 e "W ~ aN(hét)?
hot =103 o = 4.65 x 1072
8J =1
Bro =0
BA1 =1

Exponentially increasing variance
Exponential samples needed to match tensor networks

Example: 200-spin calculation, taking an hour, but needing = 1017 samples
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Summary and future directions

1. Tensor networks simulate stochastic processes
2. Is this the way to estimate high variance observables?

3. Good option for tensor networks in 2D?

What else can we do with tensor networks — PDESs?
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Thanks for listening

Thomas Elliott Dietér Jaksch

T. H. Johnson, S. R. Clark, and D. Jaksch, Phys. Rev. E 82, 036702 (2010)
T. H. Johnson, T. J. Elliott, S. R. Clark, and D. Jaksch, arXiv:1410.3319

Tensor Network Library, tensornetworktheory.org

Questions?
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