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« @Gate set tomography (GST) is:
* Accurate (Heisenberg-limited)

« Robust to SPAM errors Outer iteration (data)
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* But process matrices are not = -
that useful always - often, we 8| a n
just want simple and intuitive 2o -
model E| - TR
Ode S v J,H“ -TI.I-H_»ILM
« Two-part solution! E = S
- Decrease model size with a Mo | 'T'lJ
nested model reduction st
approach Procedure for systematic testing
* Use elementary error of nested models’
generators for greater
interpretability

" Nielsen et al., New J. Phys., 23, 093020 (2021)
2 Blume-Kohout et al., PRX Quantum, 3, 020335 (2022)

/" Model Reductions for Gate Set Tomography
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For example: Reduced GST
models provided evidence for an
unexpected ZZ coherent error in
a recent silicon spin qubit
experiment!

However, this reduced model
was hand-tuned with hours of
data analysis and input from
physics modeling

We would like to do these types
of analyses consistently - and
that means doing it
automatically!

"' Madzik et al., Nature, 601, 348-353 (2022)
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Reduced GST models are powerful... but not always easy to find
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/ Searching for a Needle in a Haystack

- Unfortunately, there are a lot of valid
reduced models... so brute force
search is exponential

*  We have some intuition that some
form of sparsification should work

« Adding the next most significant error
generator seems like a reasonable
thing to do?
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* So we really just need to find a “good”
path through this graph




How well does a greedy search do?

/" 1. Calculate a GST fit for full model

2. Get all possible nearest-neighbor
model reductions

3. Compute GST fits for reduced
models

4. Calculate evidence ratio from log-
likelihoods L and parameter

2} .[JI’ prov er'*']
V=
(NV3itms = Noris)

5. Select model with smallest
evidence ratio

6. Ify <2 (the AIC), accept model

7. Repeat steps 2 - 6 until model is
rejected.

" Nielsen et al., New J. Phys., 23, 093020 (2021)
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How well does a greedy search do?

Calculate a GST fit for full model

Get all possible nearest-neighbor
model reductions

Compute GST fits for reduced
models

Calculate evidence ratio from log-
likelihoods L and parameter

2} .[JI’ prov er'*']

Select model with smallest
evidence ratio

If y < 2 (the AIC), accept model

Repeat steps 2 - 6 until model is
rejected.
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How well does a greedy search do? ¢ Greedy

Model Model
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/" 1. Calculate a GST fit for full model

2. Get all possible nearest-neighbor < < |l
model reductions X Gate y B Y

3. Compute GST fits for reduced
models

4, Calculate evidence ratio from log-
likelihoods L and parameter
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5. Select model with smallest
evidence ratio 07 a5 1o 10 e ——
6. Ify <2 (the AIC), accept model
7. Repeat steps 2 - 6 until model is That's a fail...

rejected.




rd

/" Improving our search strategy

Faster Evaluations

In the case of model reduction, we can reuse
information to speed up some evaluations

Do a quadratic expansion around GST
(maximum likelihood) estimate x, with
Hessian H

1
L(%) = 5(* — %) H(¥ — %0)

Use Lagrange multipliers to do constrained
optimization, where IT is the projector that
sets the desired parameters of the new
estimate ¥’ to 0

1 .
—f _ _—&T - L - J- —_—
L(X') = 5xq (1H~ 1)~ 11X
Quickly reevaluate likelihood to select next

model and only perform GST fits on the
selected “good” path
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Quickly reevaluate likelihood to select next

model and only perform GST fits on the
selected “good” path

Beam Search

Part of greedy failure was immediately
due to a borderline decision to drop a
Hamiltonian generator due to gauge...

Can we be more robust to these close
calls, especially at the beginning?

Yes! We can do a beam search

* Instead of keeping single best model at
each step, keep some small number of
instances instead

- Still not guaranteed to be optimal, but a
good heuristic in practice



< Semi-reasonable Automated Model Selection
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. Semi-reasonable Automated Model Selection
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P Future directions

Other search strategies

« Preliminary results for L1 regularization/least-angle regression show comparable performance to
greedy or beam, but this is still under investigation

« Use of first-order gauge invariant (FOGI) parameters instead of bare error generators
« Application to existing experimental data - could we have found the ZZ error?

« Currently this is a top-down approach
« Good for model reduction from a full traditional GST experiment

* ldeally, we also want a bottom-up approach
- Maybe given some initial data (e.g., RB circuits), guess a good initial model

« Construct a heavily reduced GST experiment based on that generated model
* Iterate upwards if needed
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~~ We are Hiring (Sandia.gov/careers)!!!

/’/The Gil Herrera Postdoctoral Fellowship in Quantum Information Science
* Independently funded research; two years of funding, competitive salary
« For more Info Email: herrerafellow@sandia.gov
« Website: https://www.sandia.gov/quantum/gil-herrera-postdoctoral-fellowship/
* Job Req ID: 687734

All Other Open Quantum Information Science Job postings:

1) Postdoc (Theory) - Livermore, CA or Virtual Req ID: 688270

2) Postdoc (Experiment): Albuguerque, NM. Req ID: 687785

3) Intern (Grad/Undergrad): Albuguerque, NM. Req ID's 687784 and 687302

4) Postdoc (Topological Quantum Computing/Sensing): Livermore, CA. or Virtual Req ID: 687339
5) Postdoc (Scalable Quantum Photonics): Albuguerque, NM. Req ID: 687339

6) Postdoc (Nanophotonics): Albuguerque, NM. Req ID 687976
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