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Expectation value

Motivation: Measurement matters

Example data before and after mitigation Readout-error-only model
(PEC + TREX on a 50-qubit circuit) Let’s see what happen even if no gate errors
1.0 _
Ideal value is 1 Ideal value is 1 A
0.8}
06 Readout

Error

Expectation value
o
FS

0.2
0.0
1 2 4 8 16 24 32 49
Weight of observable |a|
Z 77 7777 77777777
Observible weight
Z 77 7777 77777777
Experiment: A model:

50 qubits 0.05 readout error per-qubit (bit-flip model)
2 depth in cX layers

What do we theoretically expect? How do we model it? ...
Pl o (e IR, som o e e =iores L el e What are the error bars?  Confidence?  Which method to use? ...

Can we extract more Paulis at once? How do we measure entanglement? ...
Zlatko Minev, IBM Quantum (3)



Measurement in Quantum Computers

|deal

Q.
1, %)

Measurement theory 101 Single qubit example n- },\: Scaling to n qubits
Why care? Single shot [)b Single shot preliminaries
Formulation Many shots - Binary and Pauli strings

Statistics, unbiased estimators Walsh—Hadamard
Bounds, Chernoff-Hoeffding inequality Many shots

/7( I— Error bars on experimental data: likelihood Entangled measurements
Bootstrapping

Measurement bases

Noisy Mitigated

A matrix mitigation
Twirling and T-REX

0/1
— Pa A /7( X 0=

Qubit example
A matrix, cross-talk
Scaling

Zlatko Minev, IBM Quantum (4)



Possible other topics of interest

Measurement theory for
dynamic circuits

— A x -~

—

Pauli-Linbdlad

formulation for

measurement
noise

Mitigation for
dynamic circuits

A_

Heterodyne readout
1/Q planes

cQED readout and
guantum stochastic trajectories

Complete and SIC-POVMs

Zlatko Minev, IBM Quantum (5)




Guideposts

Evil monster

Random Sorcery

Key result

Key challenge

g Try it yourself

@ Dangerous bend sign
A Caution

Zlatko Minev, IBM Quantum (6)
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Measurement in
Quantum Computers


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

Refresher

Zlatko Minev, IBM Quantum (8)
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Quantum-to-classical interface

 how we get information out of a quantum computer

* fundamentally different from any classical measurement

« where all the randomness and most of the weirdness in"
guantum happens -> ‘Measurement problem’

e any results we want must pass through a measurement

e any noise in measurement will unavoidably degrade

Why measurement?

our results "!'.;""' Aathrr ANMNSS
96 TALD [ *
* we must get to know them well to master them : [ 3 Ul ll.}" Cd
' e . ~ry Sl '
ol . CUAW YDUR ORI
1 s Y0IR 77
""" A8 CLASSICAL | g“i'o "’
v ¢ Nike [ LLF Kalo ~ PR
. ’ . " | \ ( rig "l..’
SR T N
T !‘o ‘
‘. '/ i."‘.'s\'r,s \ AN \ \Q “i° 2
R i ‘5 '\. - \\\ \ .
l' "‘_-—"-o.!;r- = \\\\\-\‘\\\\\“\\\f‘ g
J.Q ’ ....'O - > .\ /- ~‘\L a :
0..“ = ’ “\ 4 -1““"..\ . ® ... N ’ ’ '):
’a ' \;.‘ “ - -" ‘. S a . ) s’ -
- . [ . s *n L I 2
ye i ..,-: '.‘ % \‘ Rttt dM, Lot 4 Ll o 2 7 s é
‘o.‘ \. = e -o.:. “'r‘u‘. ~ \ :
‘. \'c -'. -¢ . ‘Q~sg\.\\ ~ A%
- - S e -') - ’l;;; ., s N "N r - —
‘- \‘ . - = s L ¥ ~=- LT3 NS ¢ 2 ~\\/ e ——
3 .’:'-;r'*-)tl'»"" - Y RS = > ’ \\\‘\\\\)-’;7?‘—‘\

Image: Zurek, Phys. Today (1991) . k e @mo ——gl N 8 NN %
= —



Quantum-to-classical interface

Classical
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The meter

Quantum Classical

Classical wire /

Quantum wire / register

register




The meter with the posterior state




Qubit example

Classical



Qubit example

Classical

_X:O Do
PX=X =1 D1

Description of outputs

Measure in
computational basis

0,1 | x=0 - p (X =0) = (0]
I \
: X=1 : p(le):<1¢>2
i

\ Zlatko Minev, IBM Quantum (14)

outcome  outcome probability




Qubit example

Classical

_X:O Do
PX=X =1 D1

Probability p(X)

0 | |
0 1

Outcome X

Zlatko Minev, IBM Quantum (15)



The input and outputs of the meter interface: Formal

Quantum Classical

Classical wire /

Quantum wire / register

register

Description of inputs Description of outputs

‘w> E H A pure state in the Hilbert space.
peD(H)CL(H)

A state in the space of density operators, a subspace of the operator space on

the Hilbert pure-state space. D (H) :={p € Pos(#H) : Tr (p) = 1}

X E E : Classical random variable X over
an alphabet X (assume

computational basis)

pX E 7) (Z) Probability vector for X, in the

space of probability vectors over
the alphabet X

Zlatko Minev, IBM Quantum (16)



Quantum Meter: Elements and notation

measurement possible set of possible classical

operator classical measurement outcomes
associated with outcome / o.
s\

outcomex\{la(x): ;U c Z} [.g

(4’
p ol X, px
input state  on n qubits meter / \

classical random probability
variable representing distribution as
the measurement (as a vector) over
outcome in an the possible
instance outcomes

Zlatko Minev, IBM Quantum (17)



Meter: Measurement operators

measurement possible set of possible classical

operator classical measurement outcomes
associated with outcome / o.
s\

outcomex\{la(x): ;U c Z} [.g

(4’
p ol X, px
input state  on n qubits meter / \

Qubit example classical random .prc?bab.ility
o o 7 (0) = [0) (0 variable representing distribution as
the measurement (as a vector) over
(1) =11)(1 outcome in an the possible
instance outcomes

Zlatko Minev, IBM Quantum (18)



Meter: Measurement operators

measurement possible set of possible classical

operator classical measurement outcomes
associated with outcome / o.
s\

outcomeX\{/:\L(x): % E Z} [')13
P - Xv PXx

input state  on n qubits meter
General description of the meter
Measurement function and operators: Subject to identity resolution:
X Z % POS H Positive semidefinite . A
A ILL ( ) operators g M (:Lr) — IH
{i(z): x e X} C Pos(H) e

Zlatko Minev, IBM Quantum (19)



Meter: Quantum-to-classical rule

measurement possible set of possible classical
operator classical measurement outcomes
associated with outcome / o.
P

outcomex\{la(x): % c Z} [-gl
)

input state  on n qubits meter

Description of the meter
The quantum-to-classical rule (postulate of quantum)

p(z) = Pr(X =) = (i(x),p) = Tr (i
— (it (z) |p)

John von Neumann
Image source: LANL Image source : Public domain

Zlatko Minev, IBM Quantum (20)



https://en.wikipedia.org/wiki/File:JohnvonNeumann-LosAlamos.gif
https://commons.wikimedia.org/wiki/File:Max_Born.jpg

Meter: Quantum-to-classical rule

measurement operator
associated with outcome x

fi(x): z € %)
/7(

Positive operator-valued measure (POVM): Acronyms

 The measurement operator is also known under a few equivalent names:
positive operator-valued measure (POVM), and
probability-operator-valued measure (POM)

* Provide a mathematical formalism for general measurements, including loss of information.
* Generalizes the traditional projective or Von Neumann measurements, sometimes called projection-valued measures (PVM)

« POVMs do not account for the effect on the quantum state after the measurement.
For that, we need to introduce the effect-valued measures we would touch on in dynamic circuits, which can be used to construct POVMs.

Zlatko Minev, IBM Quantum (21)



Defined as measurement operators

{A(z): z € X}

n

P =

A measurement is a function of the form, or a collection of positive semidefinite operators of the form, [3,

Defn. 2.34]

p:X —>Pos(H), {i(z):ze€ X} C Pos(H),

for some alphabet ¥ and Hilbert space H, satisfying the resolution constraint of the identity I3, on the
Hilbert space for non-sub-ensemble measurement (i.e., non-normalized trajectories).

f(z) measurement operator (positive semidefinite) associated with outcome z (POVM).

X random sample variable, X € X, sampled according to the probability distribution p (z)

X set of possible measurement outcomes of the measurement apparatus.
T a measurement outcome value, z € 3.
p(x) probability distribution over

outcomes p () = Pr (X = z) = (i (z) ,p) = (i (2) |0) = Tr (! () p)-

PXx probability distribution as a column vector with elements {p (z) = (i () |p)) : * € X} over
the outcome space. Lives in in the set of probability vectors px € P (X) C X . Sometimes

the subscript is omitted.

X classical outcome register space X := C*

D h@) =1y,

subject to

note, px € X.

Measurement
notation cheat sheet

Properties

= Probability vector p depends linearly on p.

= Positive semidefinite: both /i (z) and p.
= i = fi, every positive semidefinite operator is Hermitian.
= Bounding norms of positive Hermitian operators, see (C62).

Zlatko Minev, IBM Quantum (22)



Measurement in Quantum Computers

|deal

Measurement theory 101 Single qubit example -8 Scaling to n qubits
Why care? Single shot [g Single shot preliminaries
Formulation Many shots Binary and Pauli strings
Statistics, unbiased estimators Walsh—Hadamard
Bounds, Chernoff-Hoeffding inequality Many shots

T — /7( — Bootstrapping Entangled measurements
Measurement bases

Zlatko Minev, IBM Quantum (23)



Single qubit example




Summary: Qubit measured in the computational basis & ,_»)

{O, 1 } Set of possible outcomes MeasuremenAt cEpe;ators
X L\
) — = X % ={0,1} 0: A(0) = |0) (0]
Xex 1: f(0) = [1) (1
.2 Probability to measure outcome 0 = |w> <¢| Itst:reiinn;rstitijlced
. 1 Jo'
g 13 ) X=0: p(X=0)=Tr(a0)p) =Tx(|0) (0] p) = & (1 +(2))
= 1—p X=1: p(X=1)=Tr(u1)Tp) =Tr(]1) (1] p) = 5 (1 - (2))
_‘.é" Bernoulli distribution. Single shot outcome follows a Bernoulli distribution:
R 0 ] X ~ Bernoulli (p) p:="Tr(|1) (1] p) € [0,1]
Outcome X E|X]|=p Var[X| = p(1 — p)

Zlatko Minev, IBM Quantum (25)


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

Zlatko Minev, IBM Quantum (26)
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Uncertainty in observable (expected empirical variance)

0.5}

{071} Std[X] = +/p(1 — p)
|w>_/7(: X 0.25

Var[X] = p(1 — p)

0 0.2 0.4 0.6 0.8 1

Probability p

The uncertainty of the observable O is a measure of the spread of results around the mean <O . Empirically,

defined as the difference between each measured result and the mean is calculated, squared, and then
averaged.

Var[X] =E |(X - E[X])?| =E[X?] -E[X]?,

200=((0-(2))) =(0%) - (o)

This quantity is not an observable, since it is not a linear function of p; i.e., it can depend on products
such as pz X p-.
Zlatko Minev, IBM Quantum (27)
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| deal single qubit measurement with M shots

M shots with IID distribution

M outcomes: independent and identically distributed (iid) random variables

L Xy E X
Xy~ PrX =z = (i (2))

Empirical mean random variable (sample mean statistic)

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

¢r shot1l

p— = X1 , X1, Xy, ..
S oo X1, X, ...
pP—= X2 ’

shot M “~ ) E|X,,]

p—FA= Xpm ¢ V- _

Xm,

—E[X]=p Vme{l,...,M}
=V X|=p1—-—p) Vme{l,...,M}

E[aX,, + bX,] = aE [X,n] + bE [X,,]

Vm,n, a,beC |
Zlatko Minev, IBM Quantum (29)



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 NPI[XZLU] — <,LAL(.ZIZ‘)>

Empirical mean random variable

M _ 1 A
1 E[S] = E[O(X)] VIS =V —me]
[ ——— E X, =3 0@ = o'p M=
M zEX :L M
m=1 :<20(w)u(:v),p> Mzn;V[X]
TEY 1
= (Ol) = T(0) =’ X
:<O> (unbiased est) = p(lj\; P)
Observable
Map outcomes: Example Pauli Z
) 0(0) = +1
T +— O(CIZ‘) O = Z O (x) i () O(1) = -1

TE
Zlatko Minev, IBM Quantum (30)



Connection to distributions

r shotl

M
1 The sum of the zero-one outcomes Xs is
P / X1, 5 = M E :Xm M x S ~ Binomial (M, p)
\ m=1
shot 2
P —- 7‘ — XQ ' The distribution of the average is a scaled binomial distribution
k M
. Pr|S=—| = pk 1—pM_k fork=0,...,M.
: M g )P =P o
~ For large number of shots M, it is well approximated (central limit theorem;

shot M ) see next slide) by the normal distribution parameterized by its mean and

standard deviation:

P 7F=Xu p(1—p)
S~ N |, —

The approximation becomes more accurate as M increases.
Zlatko Minev, IBM Quantum (31)




Animation of convergence of shots expectation value and mean

Probability mass function B(v=0, p=0.5)

2.0

=
ol

Probability
o

O
Sl

00 02 04 06 08 10
y Sample mean §
o [S N M} N (k‘>pk(1 -t Zlatko Minev, IBM Quantum (32)



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 1.0

Sample mean S

Zlatko Minev, IBM Quantum (33)



Properties of the output distribution

Probability

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

0.08 E[S] =p
0.06 og = +/Var[S]
B \/p(l — p)
0.04 o M
0.02
0.00 ‘ I ‘
0.0 0.2 0.4 15 0.6 0.8 1.0

Sample mean §

Zlatko Minev, IBM Quantum (34)
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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 (—%M€2>
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 6) as the variance bound withe =0 :

M > 16_2
4

Zlatko Minev, IBM Quantum (36)



| 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 €

Zlatko Minev, IBM Quantum (37)



Concentration inequalities and tail bounds

Making a list,
checking it twice,
going to see
which inequality
is nice!

Markov? Hoeffding?
Jensen? Chebyshev?

Chernoff?

https://www.zlatko-minev.com/blog/

inequalities

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; f convex F(E[X) <E[f(X)] 3. Prob. 5.3](6, Thm 1.14]
2 “ 2
Hoeflding's lemma E(X] =4 E[eAX] < eMe™ 5 AER (1, Sec. 3.4]
a<X<b
Sum of random variables
Chemoff-Hoeffding n independent random  X;,... X, indep Pr(Sy —E[Sn] 2 t] € exp (,ﬁt ;u. A.:"}g ) [1, Sec. 3.5]
(one-sided) vars Sn=X1+ "+ Xn SRS
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]
2ugmy D0
(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  Xy,...,. X, indep Pr[Sy — E[Sn] > €] < 2exp (T""'_:"\:K-T\*]) ¢ € (0,2 Var [Sn] / (max; | X; — E[X]]) [5, Thm. 1.3]
vars Su=X1+-+Xn ot
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
Strong law of large (same) (same) Pr [limp—soo = Sn = p] =1 [3, Sec. 5.5)
numbers
Advanced
Bennett n independent Xi,..., X, indep Pr[Sy > €] < exp (-un’h (-T:T’)) a? = '1. iy Var[X;] ,Ve>0, [1, 4.1)
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)
McDiarmid's scalar func of vars Xy1,..., X, indep Prif (X1;=:,3 Xn)=E[f(X1,...,Xn)] > ¢ <exp (\—:,j condition: ¢-bounded difference property Ve > 0 [1, 4.4]
[:x"—=R w/ values in set x [F(XaseonaXigowin Xn) = F (Xngoee s Xfseiii Xn)| € e

¥ Markov's inequality bounds the first moment of random variable. Use it when a

bability 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 a is known. If @ is unknown, we can use the bounds of X € [a, b]

*Chernoff 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.

Zlatko Minev, IBM Quantum (38)
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“In God we trust—
all others bring data.”

W. Edwards Deming
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From data to error estimations

{O7 ]_ } Suppose we took M=10 measurements with all zero outcomes:
0000000000
|w> : X What is our estimate of p? - 0?
What is the error bar on our estimate of p? p =V

The sunrise problem (see also German tank problem, Rule of succession)
M +1
M + 2

For small M

Pr [sun rise tomorrow|It rose M times before| =

Bayesian and likelihood estimation

Connections to
* Maximum likely estimation (MLE)
* Bayesian estimation

“‘l

designed by @ freepik.com

Zlatko Minev, IBM Quantum (40)



From data to error estimations

g

10,1}

Mg /7( X

Suppose we took M=10 measurements with all zero outcomes: 0000000000

What is our estimate of p? What is the error bar on our estimate of p?

Bayesian update . B P (z|p) P (p) . P (xz|p)
P (plz) = P (x) ~ P(x)

Py(p)

P (p) P>(p) Pio(p)

4 Before any measurements / coin tosses

After first measurement outcome is O After first and second measurement

outcome is 0 Beta distribution |

— | 4

0.5 10

Probability parameter p of the ‘qubit’ coin

0.5 10 0.5 10 0.5

1

Zlatko Minev, IBM Quantum (41)



Bootstrapping: A very brief overview

Bootstrapping is a powerful resampling technique used for estimating properties or even the distribution of a statistic.

My raw data

00000

Statistic

S = % szl [ X =]

2
R | M 1 M -
Vi TM_ (Xm— & ZY_ Xom)

(X ooi X)) = 3¢ 00 J(Xim)
H:=-3% s Pxlog(P:)
Ha = T—l—a log (Xzex Pr)

{x1,29,... 0 )} w— Q =P  Statistic S

Description / Estimator

Empirical probability to measure X =z
Sample mean

Sample variance (unbiased; Bessel's correction)

Average of generic function of the outcome
Classical entropy of the outcomes

Classical Renyi entropy of the outcomes

Zlatko Minev, IBM Quantum (42)



Bootstrapping: A very brief overview

Bootstrapping is a powerful resampling technique used for estimating properties or even the distribution of a statistic.
By repeatedly resampling with replacement from the observed raw data, we calculate the statistic on each resample.

My raw data Bootstrap Empirical Mass Function

1 M
= Z z,, =
m=1

0.08

My first resample

m—- 0 =P  Statistic S —
00000

|l—> Q =P Statistic S; —
My second resample

0.00
Q QQQ QII > Q - Statistic Sz — 00 0-2 gé4mp|e 06 08 1.0

Probablllty
o
o
=

0.02

This yields an empirical estimate of the standard error - through the
bootstrapped static ensamble used to calculate the standard deviations os. Zlatko Minev, IBM Quantum (43)



Bootstrapping: A very brief overview

Bootstrapping is a powerful resampling technique used for estimating properties or even the distribution of a statistic.
By repeatedly resampling with replacement from the observed raw data, we calculate the statistic on each resample.

My raw data
* minimal assumptions

* non-parametric method

My first resample * requires fewer assumptions about data

I‘QQQQ ° * simplicity, ease of implementation, broadly used

My second resample  Mean of the bootstrap ensemble: same as the raw data, no new information

* Convergence: the bootstrap distribution converges to the true distribution of
Q QQQ Q the statistic as the sample size increases. It is asymptotically correct

Advantages
» applicable to any non-linear data processing, complex statistical estimates, etc.
where theory is unclear.
» versatility: can be applied to almost any data and any statistical estimator.

Key things to remember

Zlatko Minev, IBM Quantum (44)



AND SO, THE UTTLE BOY WAS EATEN BY
WILD DOGS DUE TO AN ERROR PERTAINWNG
O EXCESSIVE FALSE POSITWES.

Statisticians have a different version of
The Boy Who Cried Wolf.

smbc-comics.com/comic/false-positives Zlatko MineV, IBM Quantum (45)



Rotating
measurement

bases
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Measuring in bases other than the computational basis

/Z X Y
{10}, 1)} (.12 {10
p — > >
() = [+) (+
i () =) (-

Description of the meter
The quantum-to-classical rule (postulate of quantum)

p(z) = Pr(X =a) = (i(x),p) = Tr (it (2) p)
— (i (2) o)

Zlatko Minev, IBM Quantum (47)


https://en.wikipedia.org/wiki/File:JohnvonNeumann-LosAlamos.gif
https://commons.wikimedia.org/wiki/File:Max_Born.jpg

Relating to the measurement we have at our disposal

7 Tr [p' (x) p] = Tr |

{10y, 1)} — v (
p o =T (U (@) V) (U]
L4

Description of the meter
The quantum-to-classical rule (postulate of quantum)

p(z) = Pr(X =a) = (i(x),p) = Tr (it (2) p)
— (i (2) o)

Zlatko Minev, IBM Quantum (48)


https://en.wikipedia.org/wiki/File:JohnvonNeumann-LosAlamos.gif
https://commons.wikimedia.org/wiki/File:Max_Born.jpg

Example: Change of measurement basis

{a(z)} {UTju(z)U}
— U o X
{1} {10),11)}
X; > = — {7
{1+i),1-0)} {10),1)}
Y; T = — 5t — a7

Zlatko Minev, IBM Quantum (49)



Example: Change of measurement basis

A A

L)} W(z)Uy

— U o )
Examples:
Z basis (standard) X basis (from Z) Y basis (from Z2)
o= | i it =1 (57)" = st
pO)= (o =%(+2) [HEHI=FT+X) |+ (+il=3(+7)
p= ma=31(f-2) 1=3(f-%X) |-i(-id=3(-¥)

Zlatko Minev, IBM Quantum (50)



That's our scaffolding

All else follows from here

Building models and assumption
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cartoon: brgfx from freepik

Zlatko Minev, IBM Quantum (51)


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

Measurement in Quantum Computers

ldeal o.
g RN
Measurement theory 101 Single qubit example n- )k
Why care? Single shot [na
Formulation Many shots -
Statistics, unbiased estimators
Bounds, Chernoff-Hoeffding inequality
— /7( — Error bars on experimental data: likelihood
Bootstrapping

Measurement bases

Scaling to n qubits
Single shot preliminaries
Binary and Pauli strings
Walsh—Hadamard
Many shots
Entangled measurements
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