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Quantum Error Mitigation for Non-Equilibrium Quantum Dynamics

Lecture 1
Big picture Mitigation fundamentals
Why guantum computers? Probabilistic error cancelation (PEC)
Status and outlook Introduction

One qubit example
Why error mitigation?
Noise in quantum computers
Overview of error mitigation

Zlatko Minev, IBM Quantum (5)



Quantum computers

My experience
circa 2010
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in select labs
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Quantum Error Mitigation for Non-Equilibrium Quantum Dynamics

Lecture 2
Mitigation fundamentals Lecture 3
Wrap up of Lecture 2, Twirling, ...
Probabilistic error cancelation (PEC) Learning quantum noise ztater;of(-)art eXperimentls atlthe 120|Q+,f
. . e 50+: uncovering local integrals o
Summarize one qubit example Challenge o Bl
Analogy to random walks Overcoming: sparse model
Error bars & confidence
Generalize (optional) Putting it together
Show unbiased estimator | Experiments — Ising model .
'. Consequences for the big g
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Deep dive:
Probabilistic error cancellation (PEC)

Got Slides?

m SCAN ME

Paper:

Ewout van den Berg, Zlatko K. Minev, Abhinav Kandala, Kristan Temme
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Inverse of noise map is not physical
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Inverse of noise map is not physical

Critically hingeson Q1 —{A-1 AN T b~

knowing the noise N ,
exactly!
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A—l

1 ravel quantum
» trajectory
) . S probability 1-4
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+
— X — probability ¢
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Raveling quantum trajectories to undo noise

No error

probability
(1-9) (1-p)
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Raveling quantum trajectories to undo noise
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Raveling quantum trajectories to undo noise

Q1 — A THAHI E X
.
probability sign
Py =|1-4l/ly I — s;=sign(l-g)
+
Px = lgl/y — X |— sy=sign(q)
P, +Py=1

Solution to noise free!
P
1—2p
norm
Yy =|1-4|+lql
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Raveling quantum trajectories to undo noise
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Canceling noise with noise
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Canceling noise with noise: Drunkard’s classical random walk analogy
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Distribution of random walk with wind
cancel: g=-p
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Gain: Bias-free estimate!

Cost: Variance
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“In God we trust—
all others bring data.”

W. Edwards Deming
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Summary: Qubit measured in the computational basis 4 ,»)

{07 1 } Set of possible outcomes MeasuremenAt (zpe;ators
X L\
) — = X % ={0,1} 0: A(0) = |0) (0]
(0 Xeyx 1. f(0) = [1) (1
) Probability to measure outcome
e
< ! I X =0: p(X=0)=Tr(0)p) =Tr(0)(0]p) = 5 (1+(2))
z L P X=1: p(X=1)=Tr(a1)Tp) =Tr(]1) (1| p) = 5 (1 - (Z))
i; Bernoulli distribution. Single shot outcome follows a Bernoulli distribution:
“~ 0 ; 1 X ~ Bernoulli (p) p:="Tr(|1) (1] p) € [0,1]
Outcome X K [X] =P Var[X]| = p(1 — p)

Zlatko Minev, IBM Quantum (24)


https://www.indiamart.com/proddetail/5-meter-measuring-tape-19732324162.html

Quantum projection noise for a single shot

Variance of the random classical variable vs. probability to obtain 1

0,1}
p——>— x | 5|

o 0.25 |
=y '-/"l.
[03 Var[X]| = p(1 — p)
0

0 0.2 0.4 0.6 0.8 1
Probability p
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r shotl

| deal single qubit measurement with M shots

shot M

M shots with IID distribution
M outcomes: independent and identically distributed (iid) random variables

X1, Xo,...,. X EX
Xl,XQ,...,XM NPT[XZLU] — </l(£13)>

Empirical mean random variable (sample mean statistic)

1 M
S = § X Find the expectation value and d
M s " variance of the empirical mean
" =

Zlatko Minev, IBM Quantum (27)



Empirical mean: an unbiased estimator

M
r shot1 S — i } : X Find the expectation value and fg
0 — /7( — X M . m variance of the empirical mean
’ m=

E[X,]=E[X]=p Vme{l,...,M}
E[aX,, + bX,] = aE [X,n] + bE [X,,]

s
|
H
s
=
5
gj
Sl
M=
3

Ym,n, a,beC

1 M
— M Z b [X] linear functional
m=1
~ — expectation value of a single shot
shot M ) I [X]
X > L M relation to quantum operator we
P ; — M - derived earlier (unbiased estimator)
/ _
=D relation to probability to measure 1
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How noisy is our estimate of the empirical mean?

¢ shot 1l

shot M

Find the expectation value and ﬁ
variance of the empirical mean

Use key identity for variance
V[aX,, +bX,] = a’V[X,,] +b*V[X,]

(you can derive this from the definition)
VXn|=V[X]=p(1-p) Vme{l,.. M}

The variance is reduced by the number of
sampler we take!

Thus we can suppress the quantum
projection noise with enough shots.

The standard deviation drop as one over
square root of the number of shots

Zlatko Minev, IBM Quantum (29)



Animation of convergence of shots expectation value and mean

Probability mass function B(v=0, p=0.5)
20 oo e s s R Binomial distribution
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Probability

Sampled output distribution
Probability mass function B (M = 101,p = 0.5)
0.06 M)

0.04
0.02
0.00 ‘ | | ‘
0.0 0.2 0.4 0.6 0.8 1

Sample mean S

.0
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Properties of the output distribution

Probability mass function B (M = 101,p = 0.5)
008 i

O
o
&

Probability
o
o
N

oolo[m—— I R ‘
0.0 0.2 0.4 E[S] 0.6 0.8 1.0
Sample mean §

Zlatko Minev, IBM Quantum (33)

person: facebook



000000
OOOOO

OOOOO
__________

D) =z
3
O g
@)

9

i m

2 M, \



Probability

Error Bound on Quantum Expectation Values
Concentration Measure for Sampling Expectation Values

Chernoff-Hoeffding two-sided tail bound, given |O (x)| < 1 for

€ specified (additive) precision (worst case additive error) for S
with success probability at least 1 - 6.

Pr HS — <OA>‘ > 6} < 9 :=2exp (—%M62>
t

0 specific failure probability for
meeting precision € empirically.

Sample mean §

Empirical mean & sample properties Tf. required number of shots is at least [or with high probability (greater than 2/3)]

5= 1 mf O(X,0) M >2e¢?log (2671)  [M Z4e?]

* Can find even tighter bound here owing
to smaller [0,1] range

Note that this scales same way (mod ) as the variance bound with € = o:

M > 16_2
4

Zlatko Minev, IBM Quantum (35)



| deal single qubit measurement with M shots

(A=,

shot 1

shot 2

p— = Xao ’

]

aaaaaaaaaa

“Knowing you are not wrong is cheaper than
knowing you are right.” - Derek

Bound on samples M

Tail bound on sample complexity

M > 2e “log (25_1) M Z 46_2}

10° —5=01 |
i — ) = (0.01 |7
— ) = (0.001 :

10* F

10~ 107" 10"
Additive precision €
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Concentration inequalities and tail bounds

Making a list,
checking it twice,
going to see

1. Probability (Technical note 11.9 v0.6)

1A. Concentration inequalities and tail bounds

Unless otherwise specified, all variables are real R. Inequalities come as one-sided Pr (- < -+ ) and two-sided Pr(|---| < -.-). Notation: X is a random variable, y := E[X], 0% == Var[X], §,, = X +---+ X,
Inequality Conditions Common form Notes / Alternate form
Single random variable
Markov' Non-negative X>0 Pr[X > a] < EX Va>0|PriX > kE[X]|<} k>1 [3, Sec. 5.1][6, Thm 1.13]
extension + non-negative, strictly X >0 Pr[X > a] = Pr[®(X) > ¢(a)] < E(®(X)) Ya>0 Wiki
increasing func ¢ @ (X) > 0 increasing ®(a)
Reverse Markov upper-bounded by U/ max X = U/ Pr(X <a] < l}' Va>0 [1, Sec. 3.1]
(can be positive)
Chebyshev” Finite mean and variance E[X], Var [X] finite Pr[|X —E[X]| > a] < :—’ Pr[|X—E[X]|Z2a0] < "—'_ [1, Sec. 3.2]
Va >0, o? = Var|[X] [3, Sec. 5.1][2, Thm 18.11]
2
Cantelli Improved Chebyshev (same; but one-sided) Pr(X - E[X] >a]) < 2"+ = Ya >0, 02 = Var [X] Wiki
o a
Chernoff? Generic Pr[X >a] = Pr [r'" > eta] Ve>0, a€R [1, Sec. 3.3
Jensen f:R - R; [ convex [3. Prob. 5.3][6, Thm 1.14]

S (X)) SE[f(X)]

A2(b-a)?

Hoeffding's lemma EX|=pn EfeXX] <eMe™— 5 AER [1, Sec. 3.4]
. . . a<X<bh
which inequality S —————
Chemoff-Hoeffding n independent random  X;,... X, indep Pr(Sy —E[Sn] 2 t] € exp (,ﬁt ;u. A.:"}g ) [1, Sec. 3.5]
. . I (one-sided) vars Sn=X1 4+ Xn SRS
IS nlce . Xi € lag, by Vi
(two-sided)* (same as above) Pr[|Sn — E[Su]l > t] € 2exp (,ﬁ_ “;f"_ v ) vee (0,3) [5, Thm.1.1]
21y (bi—ay
(two-sided iid) same plus iid, range, XKiyovnyd Xy €[0,1] I’r[ “"' ‘1‘ > (] < 2exp (~2ne?) Ve>0 [6, Thm 1.16]
mean p for each E[X;]=p iid
? . ? Thm 1.3 n independent random .\:'l.;. .:.\'.. indep. Pr[Sy — E[Sn] > €] < 2exp (W:’fm) ¢ € (0,2 Var [Sn] / (max; | X — E[X]]) [5, Thm. 1.3]
M k ’ , d vars Su=Xi1++ Xn
ar OV. Oe Ing. Azuma
Weak law of large 1 independent iid Xi...., X indep limp 00 Pr | '1‘5'.. —u| > (] =0 VYe>0 [3, Sec. 5.2][6, Thm 1.15]
? ? numbers random vars E[X:]=u iid
Jensen L Ch EbyShev L Strong law of large (same) (same) Pr [limp—soo = Sn = p] =1 [3, Sec. 5.5)
numbers
Advanced
Ch ern O ? Bennett n independent Xi,..., X, indep Pr(S, > ¢ <exp (-un’h (-T:T’)) a? = '1. :Ll Var [X;] ,Ve>0, [1, 4.1)
O zero-mean E[X;] =0 iid h(a)=(1+a)log(l +a)—-afora>0
Bernstein (same) (same) Pr[Sy > ¢] < exp 3(7-"%775) (same) [1,4.2)
Efron-Stein scalar func of vars Xivowigd X, indep Var[Z] < 37 E|(Z —E [Z])z] Z o= g Xyyiessd Xn) [1.43]
J:x"—>R w/ values in set x E; [Z] =E[Z]X1,...,- Xi—1y Xig1y+ 0 Xn)
h . I k g bI McDiarmid's scalar func of vars Xi,.o0y Xy indep Prif (X1;=:,3 Xn)=E[f(X1,...,Xn)] > ¢ <exp (\—:,j" : )) condition: ¢-bounded difference property Ve > 0 [1, 4.4]
ttps://www.zlatko-minev.com/blog Fixh o R g EEa @) 11 Krrres X Xn) = f (Xroes X Xn)| S
|nequa||t|es 3 Markov's inequality bounds the first momant of random varable. Use it when a probability bound is sufficient [1, Sec. 3.3].

2Chebyshev is derived from Markov. It bounds the second moment. It is the appropriate one when the variance @ is known. If @ is unknown, we can use the bounds of X € [a, b]
3Chernoff bound is used to bound the tails of the distribution for a sum of independent random variables. By far the most useful tool in randomized algorithms [1, Sec. 3.3].
4 This probability can be interpreted as the level of significance « (probability of making an error) for a confidence interval around the mean of size 2¢. Therefore, we require at least log (2a) /2t? samples to acquire | — o confidence interval E [ X| & t.

Ziatko Minev

Zlatko Minev, IBM Quantum (37)
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Scaling PEC to n qubits and larger circuits
(ADVANCED — OPTINAL)

image: makc76
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Language of errors and error mitigation

Zlatko Minev, IBM Quantum (39)



Notation: Super bra ket

7€ E A) <A diBy o (4,B)

A, Be L(H) S|A>>HS<A) o

S 6 L(L(H)) Vectorization isomor hism - Tr (BA )
(AISIBY = (AIs@B)) | (Al () 1B o 4(B,)

<A, S (B)> — Ty (AT.) o AT (B1)

Tr (ATS(B))




Familiar ideas revisited with super notation

(P

By) =T (PIF,) = doa I ={I,X,Y,Z}*"
L =4"=d* d=2"
a,bel

Zlatko Minev, IBM Quantum (43)



Stochastic Pauli channel

AL L(H) - L(H) < p <1
A(p):ZpaPapPa, Zpa: )
acl acl’

e BB
\/ﬂ;be (Pop) Py ;fb (Py|Py))

A(Pb):fbpb, Vael,
—1<f<1l fr=1,

A(p) =

Zlatko Minev, IBM Quantum (44)



Probabilistic error cancelation: Derivation

From 1 Step
=7 M f'7aPC—_ Eﬁeal
AR
A+

,_7QPC.:

Zlatko Minev, IBM Quantum (45)



Probabilistic error cancelation: Derivation

A - i

U= U W

A: ? 'ﬁll Pa>><<Pd,‘
= 2" Ce ‘Pot‘

Zlatko Minev, IBM Quantum (46)



From 1 Step

Probabilistic error cancelation:

Derivation

U= U W

M= & L1R5XA
:{JCG:PQ.

N'= 2 g 1pdén)

Q

-1 &R

b

< ’3:;)(') = Lo Nee

WL A1

Cgze /§%°'

%= % 2 Cif ™ fa

a = \‘/\'ﬁ ?a‘-“ We,

(47)



Probabilistic error cancelation: Derivation

A - i

U= u-u < PO0)= ZRe Veed
- USRS AL RPN
= 2(’ Cs %- C,Z0 /%'Cze'

o= 5 & Cifn fy
S \7:\ -2
Cb = \d :FaL ';0.\ WC‘

Zlatko Minev, IBM Quantum (48)



Circuit expectation values
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Circuit expectation values

E"’«(l"“ <ﬁC>'M
a— W —1 A= By = «PCI ul P0>>

2 Art= EA

» — I = - Sray™ e 2p

A - <<?¢l(lﬁ,/\ |JD a>>
= Cz?c.lfM IPO>>

From 1 Step

Usu- U RIS LRIT e s
A= é .;; (AR R R p
= ZJ Ce Far CeZ0 ,gcsc,

G= % g;(.,f'r‘%, fa
G VT we
N'= 2 & e

— —
Czw:w‘;l
= % c'“_;i.

= L g0
o

2 N

/(]c?d/ 2y, wele itk novelary
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Circuit expectation values

En’a(l;t <ﬁc->'u
From 1 Step g_{u I__l ,7&?4: - = «PCI ul PO>> ,‘(]pd/ ey vol e u/lf//x ha.)}éﬂﬂff

Un | 1(‘{1V‘\/
£ AR Eoosy A
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bx 5 2 Cf'*n fi S
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Circuit expectation values
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From 1 Step
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Quasi probability distribution

CiY canbe oatside

Ay x|
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E mitigated
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In this form, the decomposition of the error error mitigated expectation value is
simply a sum over expectation values of Pauli-gate modified circuits,
whose value can be obtained from direct quantum computer execution,

weighted by a probability, c bar b inverse, and the sign.
The elements that perform the weighing and rescaling can all be done in classical

post-processing.
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Estimator
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Probabilistic error cancelation: Derivation
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Unbiased estimator
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Probabilistic error cancelation: Derivation
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Generalizing: Raveling trajectories with quasiprobabilities

Channel we want

Putting the following techniques all on the same footing
to implement

CPTP ti
PR Technique Channel C
can implement
| l Prob. error cancelation (PEC) noise inverse
. Cricut cutting (knitting) of gates  non-local gate
C(-) =) aiFi(-)
p Cricut cutting of wires large unitary
‘ Classical sim. algorithms (QP) unitary

Real coefficients, turn
into quasi-probability

Discussions with David Sutter Zlatko Minev, IBM Quantum (62)



Quantum Error Mitigation for Non-Equilibrium Quantum Dynamics

Lecture 1
Big picture Mitigation fundamentals
Why gquantum computers? Probabilistic error cancelation (PEC)
Status and outlook Introduction
One qubit example
Why error mitigation? General derivation

Noise in quantum computers

Overview of error mitigation

Next lectures

Learning noise

State-of-art PEC experiments
Key techniques: Twirling
T-REX mitigation

State-of-art experiments at
the 100Q+, depth 50+:
uncovering local integrals of
motion

Zlatko Minev, IBM Quantum (63)



s it possible to learn the noise
with accuracy, efficiency, and scalability?

Ql"' —

’
I
|
I
I
Q2..._ _:_ i
I
I
I
I
|1
I
I

Energy relaxation T; — AR sk N Control errors

Photon shot noise

1/f charge noise

1/f flux noise

Nonequilibrium quasiparticles
Leakage

Cosmic rays

Dephasing T,

Coherent errors ZZ

Classical crosstalk

Quantum crosstalk

State preparation error
Measurement correlated errors

Zlatko Minev, IBM Quantum (64)



PEC: Nice, but why hasn't worked so far for experiments?

Practical challenges

Small scale Critically hinges on knowing the full noise
near perfectly

Ql—A_l:A-IE X

Despite the method’s theoretical appeal (1-10), practical challenges
have limited its demonstration to the one and two-qubit level (2, 3)

S. Endo, S. C. Benjamin, Y. Li, Physical Review X 8, 031027 (2018).

C. Song, et al., Science Advances 5, arXiv:2109.04457(2019).

S. Zhang, et al., Nature Communications 11, 587 (2020).

C. Piveteau, D. Sutter, S. Woerner, arXiv:2101.09290 (2021).

S. Endo, et al., J. Physi Soc. of Japan 90, 032001 (2021).

C. Piveteau, et al., arXiv:2103.04915 (2021).

R. Takagi, Phys. Rev. Research 3, 033178 (2021).

R. Takagi, S. Endo, S. Minagawa, M. Gu, arXiv:2109.04457 (2021).
Y. Guo, S. Yang, arXiv preprint arXiv:2201.00752 (2022).

= 2L Sl pn Dl g 08 I
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PEC: Nice, but why hasn't worked so far? Challenges

Small scale

A—l

-— e -

Q1 —

Large scale /
s — - — e — e —

/

Q2 —

Qn_

AT

— e = = = = == =

2 qubits 255 parameters
10 qubits 1012 parameters
50 qubits 10%0 parameters

noise param values 102 - 10™
additive error sampling cost (>1O2 — 1010)

Challenges
learning complexity noise in full device
« efficient e cross-talk
* scalable e correlated errors
e accurate e parallel gates

e compact, tractable representation

Zlatko Minev, IBM Quantum (66)



Outline

ldea

Learn

Cancel

(realization)

Icon: Flaticon Zlatko Minev, IBM Quantum (67)



Step 1: Simplify the noise

Ql"'
QZ"‘

noise that includes cross-talk errors, etc.
characterized by some 4" x 4" matrix

Zlatko Minev, IBM Quantum (68)



Step 1: Simplify the noise: twirl

twirl reduces to noise 4" x 4" matrix to diagonal one with 4" entries in Pauli basis

1 B - - T T T _\
I 1
P. | T L I |
m il P + H
I : I I
' & &t ' l
i , HoHk
1 ? =z ) [
I AZ : [ A"L L[Z :
I
A — I average over I
' (G D | a5 * . !
. | twirl instances | '
— - |
| K T ! T u [~
Do L[ Pan [ . :
I‘ 1 N = e e = o - -
Twirling references Stochastic Pauli channel
1. C.H. Bennett, G. Brassard, S. Popescu, B. Schumacher, J. A. Smolin, Tutorial "
W. K. Wootters, et al., Phys. Rev. Lett. 76, 722 (1996). 47 —1 ;
2. E.Knill, arXiv:0404104 (2004). A — C P P
3. 0.Kern, G. Alber, D. L. Shepelyansky, EPJ D 32, 153 (2005). v ('0) Z iataPlq
4. M.R. Geller, Z. Zhou, Physical Review A 88, 012314 (2013). : a=0
5. J.J. Wallman, J. Emerson, Physical Review A 94, 052325 (2016) SCAN ME
6. Hashim et al., Phys. Rev. X 11, 041039 (2021) A(P,) = fo P, eigenvecs are Paulis
7. Tutorial: zlatko-minev.com/blog/twirling (2022)
g * some sub-Clifford twirl group (use Paulis) Zlatko Minev, IBM Quantum (69)



Step 2 wish: amplify noise

for the i-th layer k repetitions

0, —{ B, E - B]

/7(
Q: — B; o B -

Q. —{ B. — = Bj -~

n
prepare circuit in pre- Since diagonal channel measure circuit in same
determined Pauli basis will amplify eigenvalues pre-determined Pauli basis

learn with multiplicative precision
Akin to:
RB, Cycle RB, K-body noise reconstruction, ...
S.T. Flammia and J.J. Wallman ACM Trans QC 1, 3 (2020), ...
For something of a review of protocols, see Helsen, et al., A general framework for randomized
benchmarking (arXiv:2010.07974) Zlatko Minev, IBM Quantum (70)



Notes

1 /. . . .
For a qubit p = 5 (I—l—pXX —|—pyY—|—pZZ)

In general:
A Pauli decomposition of a density matrix is a powerful tool -
f = _l_ ﬁ )) offering a versatile representation. It expresses a density matrix as
N L b '6 a linear combination of Paulis, often referred to as the Pauli basis.
/\ ( f > —_ f [ Posterior state: Action of the channel on the input state
/ \ ﬂ [ P/\ Pauli decomposition of posterior state
._Y Tom j) (8
? 6

Since the channel is linear /\(& {g,{, L ﬁ) — a/t(;{lj 46/{ [§>
A = A2 5 f)
- 2"‘ b /Dé /\(F6>
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N e igp e RS g
= - Ye e Or Hugpoudl
(Pa) = foFP

Or WHH&/\ aVLaL&/ way:
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Je = %’f&
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LTl b A L)) _

SO[Vﬁ J'mf ﬁc/ éy @4 uule fm_%%aw/ o
T K ) STE LR
% 5t Tr(Pbegt IR 1r( )
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Qiskit Leap, IBM Quantum (72)



Notes

TI\Q Mo Aguirentf OUF (e m ) (_Cay Wajmc/ [,,(/‘C, é\c 6%_(>_’

<A Tr(? o)
= Tr( Pc Z’ fc P> o
= & p L m e\ T T

Je
- % e £E Fal/l/ﬁ,5>

2”'

For a single step
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Notes

4™ —1

Ai(p) = ) ciaPapP)
a=0

A(Pa) — faPa

\/\j I’\QJ/ (S \PC 7Q¢/ au @fﬂ@aﬁ[/ﬁ/{ af é\a e /
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29Y. SoemP: fe= Z %, f = (o> Zég_];&/%
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Step 2 wish: amplify noise

for the i-th layer

P
oy
p—

[

Q2

prepare circuit in pre-
determined Pauli basis

Akin to:
RB, Cycle RB, K-body noise reconstruction, ...

k repetitions

Since diagonal channel
will amplify eigenvalues
learn with multiplicative precision

S.T. Flammia and J.J. Wallman ACM Trans QC 1, 3 (2020), ...
For something of a review of protocols, see Helsen, et al., A general framework for randomized

benchmarking (arXiv:2010.07974)

BT
B} 7~
; '
B, Pl

|

measure circuit in same
pre-determined Pauli basis

Zlatko Minev, IBM Quantum (75)



Step 2: Ideally, amplity the noise and learn

Entangler
k repetitions

¢t~ T T T C T

I I

+ B T

I I

| v I

T i D

|

! Az Z/[z :

I I

I I

I I

T I I

I I

N e -

. Akin to:
Idea”y wish RB, Cycle RB, K-body noise reconstruction, ...
S.T. Flammia and J.J. Wallman ACM Trans QC 1, 3 (2020), ...
A Erhard et al., arXiv:1902.08543; Ferracin et al., arXiv:2201.10672, ...
7: For something of a review of protocols, see Helsen, et al., arXiv:2010.07974

Zlatko Minev, IBM Quantum (76)



Let's see how the amplification works with gates: no-go theorem

A(Pa) — faPa
2Q example fXY 41 fYZ 41
XY | A XY/ CXI—YZ— A —YZ—/ CX —XY
action of CX here can be undo by SQ gates Jxy JyzXY
2Q example fXI 41 fXX +1
XI A XTI CX —XX— A —XX— CX —XI
action of CX here can not be undone by SQ gates fxrfxxXI

fundamental degeneracy — can not undo some non-local — need entangling operation

Zlatko Minev, IBM Quantum (77)



How to gates move state Paulis around?

cNOT

Example single qubit gates

I IX
vi [ wx
zi | Zx

B © &
i EH E [E
SLf 6 G
vi YX
E ) E - E
1S _
11 e vx:j‘_t(z1£
1'E | B="E - B

o
x|
HI
a K
2
1]
[ E
IH -
[ S e
2]

Zlatko Minev, IBM Quantum (78)




Not so simple to learn

noise of entangling gates

Entangler
k
A; || U

Pt Il lalelh el

-_— e .= .= .- .

Ideally wish

ATPo—tiFr

Fundamental no-go theorem on learning

W‘,.. “

For general and in-depth

Senrui Chen, Y. Liu, M. Otten, A. Seif, B. Fefferman, L. Jiang
arXiv:2206.06362 (2022)

or supplement of our paper for qubit version and work by
S. Flammia, S Benjamin, and teams.

Zlatko Minev, IBM Quantum (80)



Solution: Custom protocol + weak assumption

Learning circuits

------------ k/2
Q —BiHYH H FHSHF H PHs] Bl tH R FH—>*
Q—BH+H H rSrH H H{s! B} Ry ¢
1 A Z/{ | | A ]/{ |
Q. — B, S, si H— Bl H r. -~

Example

I L @
4 L Q4
1 Q7
- %

o— O
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Learning the noise: raw data

9 bases, 100 randomizations, 216 shots

First basis

Value

0.1 T T 1 T

Zlatko Minev, IBM Quantum (82)



Learning the noise: raw data

ZII1 :
1 2 }0.9942:49.8e-5

I1ZZ

I [y }0_9940:I:1.2e—4

S mxa
[ }0.9930+41.3e-4

XY
Al B }0.9928+1.7e-4

111 IYII | A
i o} 0991141.7¢-4

Q...

I ZIXI }0-9882:1:2_4e_4

e
3

Value

ZIYX

ZITY
L A5 Y o.988142.9¢-4

-
—

i ZIXY
I ZIXY}0.9870j:2.&=.-.-4

&2 2" curves
>

9 bases, 100 randomizations, 216 shots

Depth (k)

Zlatko Minev, IBM Quantum (83)



Value

Raw data

0.3 1
0.

0.1

40 60
Depth (k)

Value

Basis index = 0

1.0
0.9

0.8
0.7 1
0.6 1
0.5 1
0.4
0.3 1
0.2 4

020,020,

Basis index = 6

1.0

0.9

0.8 -
0.7 7
0.6 1
0.5 4
0.4
0.3
0.2 1

0.1 T T T

! (znzm)
1 (mvuzz)
4 (mxuiyx)

1 (mxynxy)

(rvmzym)
(z1x1,z1vx)
1 (anv,zizz)
(zixy,z1xy)
(1yzz,zy1y)
§ (vyxizyxi)
J (viv.zvzz)
(1yx1,2yyx)
1 (rvxy.zyxy)

1 (marz)
1 (zunzm)
4 (mz.azz)
(1xa,1xm)
(zxar,zxu)

1 (zmziziz)

i (anz,zzz)
1 (xziixar)
(1x1z,1x22)
4 (zx1z,zxzz)
§ (zxz1,zx21)

1 (mxonx)
J (mxuxx)

A (vmzzm)
24 (vymyyn)

(xxur, i)
(IY1X, zzIX)
1 (yvix.yvix)
1 (oux,ynx)
4 (rvxzzxx)

1 (XXX1,Y1XX)

1 0.9942 + 9.8e-5
: 0.9940 + 1.2e-4
: 0.9939 + 1.3e4
1 0.9928 + 1.7e4
: 0.9911 £ 1.7e4
: 0.9882 + 2.4e4
: 0.9881 + 2.9e-4
: 0.9870 % 2.8e~4
: 0.9858 + 3.8e-4
: 0.9857 + 3.7e-4
: 0.9851 + 3.1e-4
: 0.9852 + 3.9e-4
: 0.9843 + 2.6e-4

: 0.9946 + 9.0e-5
: 0.9942 £ 9.8e-5
: 0.9940 £ 1.0e—4
: 0.9923 + 1.3e-4
: 0.9895 £ 2.8e4
: 0.9888 + 1.8e—4
: 0.9881 + 1.7e-4
: 0.9868 £ 2.0e+4
: 0.9863 & 2.0e-4
- 0.9838 + 2.4e-4
: 0.9840 £ 3.1e4

: 0.9959 &+ 7.8e-5
: 0.9933 £ 1.3e4
0 0.9913 + 1.8e—4
0 0.9893 + 3.4e~4
: 0.9880 & 2.3e4
: 0.9872 + 2.9e—4
: 0.9855 £ 3.5e~4
1 0.9843 £ 2.9e4
: 0.9847 + 3.6e-4
: 0.9846 + 3.6e—4
: 09830 £ 2.7e-4
: 0.9821 + 4.5e-4
: 0.9821 + 4.9e—4

Basis index = 1

0 25 50 75

Basis index = 7

1.0

0.9
0.8 =
BT
0.6
0.5 4

‘A

0.4

0.3

0.2

0.1 T T T
0 25 50 75

i (mxmx):

4 (uyruyx):
A (zmazyn):
4 (xxiym) :
(121X,2¥1X) :
: 0.9874 £ 3.8e-4
: 0.9849 £ 3.2¢-4
: 0.9850 £ 3.0e-4
1 0.9843 £ 2.9¢-4
: (L9836 + 3.6e—4
1 0.9820 £ 4.0e-4
2 (L9817 £ 4.1e-4
(¥zy1,yzyx) :

(miz,nzy)
(1xx,1v1) :
(uyzavz):
(1zn,zvn) :
(xmn,yxn) :
(xzn,xzn) :
(1z1z,2vzY) :
1 (1zvizyxx):
204 (1zvzzyvz):
o] (xmzvxay)
= (avnyxxx)
S § (xzz.xz2y) :
: 0.9826 + 3.6e-4
: 0.982] + 4.0e-4
1 0.9809 £ 4.6e-4

(nxxmvi) :
2 0.9940 £ 1.2e-4
: 0.9923 + 1.3e—4
: 0.9925 + 1.6e-4
: 0.9903 & 2.1e-4
: 0.9866 + 3.2e-4
: 09866 + 3.2e-4
: 0.9851 =+ 3.3e—4
1 0.9842 & 3.8e-4
: 0.9842 + 3.6e-4
1 0.9844 £ 3. 4e-4
1 (L9843 & 3.4e4
: 0.9829 + 2. 4e-4

0.9941 + 1.0e-4
0.9940 £ 1.3e-4
0.9925 £ 1.7e-4
0.9912 + 1.8e-4
0.9898 + 2.2¢-4
0.9881 £ 3.5e-4
0.9857 £ 3.1e-4
0.9854 + 3.6e—4
0.9840 £ 3.0e-4
0.9836 + 2.3e-4
0.9840 + 3.4e-4
0.9826 £ 3.4e-4

0.9940 + 1.3e—4

0.9959 + 7.8e-5
0.9938 £ 1.2¢e-4
0.9912 + 1.8e-4
0.9880 + 2.3e~4
0.9873 £ 3.0e-4

0.9816 £ 3.0e—4

Basis index = 2
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(znr,zm)
(11z1,00z1) :
(my.nzy) :
(1zn,zzn) :
(z1z1,z1z1) :
(zuy,zizy) :
(1zz1,2z21) :
(1z1v,zz2v) :
(1zzy zz1y) :

(imznzy) :
(mx1,11vX) :
(nxz.1xz) :
(rym,zzn) :
(xunyxu) :
(xyInxym) :
(iv1z,2z2Y) :
(ryx1,zzyx) :
(1vxz.zzxz) :
(XIXLYXYX) :
(xnz,yxzy) :
: 0.9825 + 3.8¢4
: 09822 & 3.7e4
£ 0.9824 + 3.7e-4
: 0,9814 + 4.4e—4

(nx,imx)
(rzenz)
(axinaxm)
(nzx.nzx) :
(vuryxi) :
(XX, 1xix) :
(1xzraxz1) :
(YIX,¥XIx) :
( vz, yxai) :
(1x2X,1x2X) :
: 0.9804 + 3.0e-4

0.9942 + 9.8e-=
0.9946 £ 9.0e-5
0.9932 £ 1.4e-4
0.9925 + 1.5e—4
0.9888 + 1.8e—4
0.9877 £ 1.9e—4
0.9873 £ 1.9¢—4
0.9860 + 2.2e—4
0.9861 £ 2.5e-4

0.9941 + 1.0e—4
0.9939 % 1.3e—4
0.9929 + 1.6e—4
0.9913 £ 1.8e-4
0.9808 & 2.2e4
0.9889 + 3.4e—4
0.9856 + 3.2¢—4
0.9855 & 3.3e—4
0.9845 % 3.2e-4
0.9835 + 3.8e—4
0.9836 % 2.3e-4

0.9959 + 7.8e-5
0.9946 * 9.0e~%
0.9923 + 1.3e—4
0.9909 + 2.3e—4
0.9895 £ 2.6e—4
0.9888 + 2.9e~4
0.9868 £ 2.0e~4
0.9854 & 2.4e—4
0.9838 + 2.8e—4
0,9836 + 3.8e—4
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Reconstructing quantum channel from measurement data
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Still 47
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Highlight: Ewout van den Berg
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Each sub channel
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Each sub channel
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Sparse Lindblad tomogram
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Noise tomogram for 20Q Ising-ring Trotter layer
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Noise tomogram for
127Q Trotter layer

Noise-model legend

Coefficient Amplitude (x10%)
Same number of

learning circuits
as for 4Q
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