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Because noise and
control are
Interconnected...

H=|w+ dw(t)]S, 4
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Because noise and ...why not use the
control are noise for coherent

Interconnected... control?

H=]|w+dw(t)]S,
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Colors of Noise

N
I Fans
Markovian White Noise b
3 White noise equally contains A Television Static
(Quantum Optlmal COntrOL all frequencies across the
MaSter equatlon9 QEC7 QEM) shechuiichaudiie Souic 20 Hz 20 kHz @§ Vacuum Humming

p(t+s) =e"p(t)

https://www.sleepfoundation.org/noise-and-sleep/pink-noise-sleep



Colors of Noise

N
I Fans
Markovian White Noise b
M White noise equally contains A Television Static
(Quantum Optlmal COntrOL all frequencies across the
MaSter equatlon7 QEC9 QEM) shechuiichaudiie Souic 20 Hz 20 kHz @§ Vacuum Humming

At the level of specific open challenges, the
question how reachability differs for non-
Markovian compared to Markovian

dynamlcs remains largely unexplored Koch, Christiane P., et al. "Quantum optimal control
in quantum technologies. Strategic report on current

status, visions and goals for research in
Europe." EPJ Quantum Technology 9.1 (2022): 19.

https://www.sleepfoundation.org/noise-and-sleep/pink-noise-sleep



(Quantum Optimal COH’[I‘O] White noise equally contains
’
MaSteI' equation, QEC, QEM) spectrum of audible sound.

Colors of Noise

Markovian White Noise

all frequencies across the

20 Hz 20 kHz
Pink Noise
Charge noise & Pink noise frequenmgs
decrease in power with
each higher octave to
& create a lower pitch. 20 Hz 20 kHz

/.

Brown Noise
a2

Brown noise is deep pitched,

gnetic IlOise and the power behind

frequencies decreases twice
\ as much as pink noise. 20 Hz 20 kHz

https://www.sleepfoundation.org/noise-and-sleep/pink-noise-sleep

Fans

Television Static

Vacuum Humming

Light Rain

River

Wind

Rumbling Thunder

Waterfall

Heavy Rainfall



Colors of Noise

- Fans

White Noise ’
White noise equally contains Television Static
&

all frequencies across the
spectrum of audible sound.

20 Hz 20 kHz Vacuum Humming
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=° )

N,‘./V*A .*\'f‘;".,.\ ‘. |
Brown Noise Brown Noise dgs Rumbling Thunder

Brown noise is deep pitched,

A : Waterfall
g LA and the power behind
frequencies decreases twice
> as much as pink noise. SO P & Heewvy Redrifal

Time Llelils

https://www.sleepfoundation.org/noise-and-sleep/pink-noise-sleep



We rely on the trajectory
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We rely on the trajectory

Park, J., et al. "Passive and active

suppression of transduced noise in silicon
spin qubits."arXiv:2403.02666 (2024).
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Research strategy — there is plenty of time

o @, Single shots (every ~10-50us)
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Quasistatic approximation
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... to correct for the noise.

. ‘ ”“ Single shots (every ~10-50us)
15 o o ¢* ¢
0l ' & e,
§ 10 h. "p ‘T o
é .0 ® .fo .Q. ~‘o~
'”-; I\ .‘ N\ % .
g S N o ’ ” .
o o "Wy
0 ‘o .5"~o,9,..‘ é 9
Let’s use some for calibration poe |
0 200 400 600 800 1000
Time (us)

H, =|w+ ow,]S,







Phase gate

Gate infidelity
1—F x(5§0%) x 026%/u?

F. Berritta, T. Rasmussen, JAK, ... EVN et al., Nature Communications, 15(1), 1676 19
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Phase gate

Gate infidelity
1—F x(5§0%) x 026%/u?

F. Berritta, T. Rasmussen, JAK, ... EVN et al., Nature Communications, 15(1), 1676 21



Bayesian estimation
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1. Find likelihood function

p(x|dw,T) « 1+ xcos(dw T)

F. Berritta, T. Rasmussen, JAK, ... EVN et al., Nature Communications, 15(1), 1676 22



Bayesian estimation
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1. Find likelihood function 2. Use Bayesian formula

p(lw, ) € 1+xcosBot) I\ plowln, 1) « pralsw, Dpo6w) /N

F. Berritta, T. Rasmussen, JAK, ... EVN et al., Nature Communications, 15(1), 1676 23
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Bayesian tracking




Bayesian tracking
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Experiment

GaAs spin qubit S-T subspace

H(e) = dw(t)Sy +J(€)S,

F. Berritta, T. Rasmussen, JAK, ... EVN et al., Nature Communications, 15(1), 1676 28



Experiment

Estimation of Sw
GaAs spin qubit S-T subspace n

H(ey1) = Sw(t)S,

Zero-average

F. Berritta, T. Rasmussen, JAK, ... EVN et al., Nature Communications, 15(1), 1676 29
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(a) probe Q
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Experiment
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(b) estimate (d) controlled rotations

(a) probe Q
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(a) probe Q (b) estimate

Experiment
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Our progress

Jacob Benestad
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F. Berritta, JAK, ... EVN et al arXiv:2404.09212 (2024) 35




Our progress

a)

1.

100}

Simulation T D = 0.2s Fabrizio Berritta Jacob Benestad
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Our progress
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I The game and its heuristics (2 min)
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Reinforcement learning on the FPGA
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time quantum feedback." Nature Communications 14.1 (2023): 7138.
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- Noise amplitude 2MHz

Heuristics to beat - Target frequency 10MHz
- Initial error 0.5MHz
0__ - Correlation time 7, = 1s
10 - Cycle time A = 0.05ms
i - GamelengthL =7./A=2-10%
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Heuristics to beat AP 1-e ™Mt T
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Heuristics to beat
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The agent description
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The agent description Reward
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The agent description Reward
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Agent cannot control time, 7, = 1/co
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Agent can control time [}
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Agent can control time [}
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Understanding the best agent
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Understanding the best agent
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Understanding the best agent
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But there 1s a more clever one
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Smart agent (but not efficient)

Actions

Estimated std
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Smart agent (but not effic1ent)
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Smart agent (but not effic1ent)
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E arbitrary noise source?
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Hadamard gate

J(e") = AB,
 For each shot, we performed two

estimations:

1. Estimation of AB,

A

2. Estimation of (0(€), at :
where J(€) = AB,

e Based on A() :

A

Ae =€ —€"

|10/

g " Qi, 0.75 i ® estimation on
,.;" e ® estimation off
%N @ /@ .
—~ _»'-f/ 0.70 |-
: .'f... 1 0.65TF | I I I
1) —5 1 3 5 [
detuning (mV) Hadamard rotation (7)

F. Berritta, T. Rasmussen, JAK, et al., arXiv:2308.02012 (2023) 63



Investigate utility of spatial correlations
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Real-time
processing
70% correlation
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phase errors using an array of spectator qubits Science



Trajectory analysis and prediction

a) 100f T
< o7
« Representing the sequential estimation and field =
~ 50}
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« Process identification and prediction enabled by 05
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- Xp-L XB-L+1 Xp-1
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Felix Frohnert

N. Nguyen, B. Quanz, Temporal Latent Auto-Encoder: A Method for Probabilistic Multivariate Time Series Forecasting, arXiv:2101.10460 (2021)
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Spin qubits are limited by inhomogeneous broadening...
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... and we can forget about relaxation times 1,
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Anyway the Wind Blows: Bayesian Estimation and Feedback for Correlated
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Charge noise

« Charge noise limits almost all spin qubits. For

S-T we have
J(e + 6¢) =]J(€) + 0.J(€)d€
« Itis believed to originate at the isolated

chargers at the oxide-semiconductor interface

(a)

Energy
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Charge noise

 Charge noise limits almost all spin qubits. Fo Feedback off ? Feedback on

S-T we have
J(e + 6¢) =]J(€) + 0.J(€)d€

« Itis believed to originate at the isolated

time (h)

chargers at the oxide-semiconductor interfac

« Each defect is a source of telegraph noise,
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which result in 1/f spectral density
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« In comparison to AB, charge noise have mor
TR (HS) TR (MS)

weight at finite frequency.

Vepsildinen, et al. Improving qubit coherence using
closed-loop feedback. Nat Commun 13, 1932 (2022).




Model of charge noise

Noise come from the sum of TLF
0% =Xnn
n
« Each defect charge can physically move by

random vector 0Ty,

« Use finite-element method (COMSOL) to
compute shift of dots energy 6E (x, y, zg) due

to defect at (x, y, zg)

« We compute the contribution from charge

movement using spatial derivatives:

Nn = VOE - o1y
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M. Kepa, N. Focke, t. Cywinski, J. A. Krzywda; Simulation of 1/f charge noise affecting
a quantum dot in a Si/SiGe structure. Appl. Phys. Lett. 17 July 2023; 123 (3): 034005.



Nature Communications 13, 940 (2022)
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a) 10!,
Isotropic model
Planar motion of the charges? f T I
B(z) % 1005______”:1._ .l._....__..._-[13]
« Charge noise induces spin splitting / = ] I 1
- Q 2F ] it -
noise(SOI) /\m R e e EEE LR [18]
Y ELEER X ke, e 102
H = B” -0 = .Q.O-Z, st i) { L p [cm™7]
b) ' : L w5 109 -
° o . 1 1010
« It is caused by shaking of wavefunction in 10 { Planar model ) x 1010
presence of mag. field gradient ] ] T 13
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o (r,) = gupAB) - OR(1y) B L 1
: : : S0 At H - 4 _[18]
« From this analysis we made a hypothesis © 7 5 ol A el O | )
that charges move in the planar direction -2 b -
« We predict p = 10%¢cm2,6r = 0.5nm 01 03 05 07 09

Displacement size dr (nm)

M. Kepa, t. Cywinski, J. A. Krzywda; Correlations of spin splitting and orbital fluctuations due to
1/f charge noise in the Si/SiGe quantum dot. Appl. Phys. Lett. 17 July 2023; 123 (3): 034003.




Orbital noise and spin splitting noise are (spatially) correlated

« We found that both orbital noise and spin-

splitting noise can lead to spatial correlations
(e €r) # 0,(Q Qp) #0
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« Apart from hat non-zero correlations between

them is also expected.
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® Ocst max = 0.8 MHz
Oest,max = 2.1 MHz

# Main Fig.2(d)
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Time scales

* Correlation time 7, = 1s
T1 — 10_3TC
* Relaxation time T; = 1ms
Test — 10_4TC
 Estimation time T oy = 100us e
. Teycle = 1O_STIC
* Qubit cycle Ty, ;e = 10us
T, = 107°T,
» Effective dephasing time T, = 1/ MHz = 1us
e T; = 1078T.,
* Dephasing time T, = 20ns

¢ 104 single shots in 0.1T,. = 0.1s. During this time:
* 0.1% estimation * 10% coherent evolution * 0% readout
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Outline (Different outline

1. Spin qubit Quantum

Computer
2. Correlated noise
3. Gates driven by noise

4. Perspective and outlook
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Because the noise 1s classical...
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o2(t) = of — [0f — 0%(0)]e 2/
u(t) = 5Q(0)e /%

Example: Nuclear noise
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