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Previous work

» Recent advances show that O(log M) samples suffice to predict M properties of a
guantum system.

Classical Shadow Formalism [HKP20]
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* A key weakness to these approaches is that properties must be chosen non-adaptively.

* |n this work, we consider adaptively-chosen properties.
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* |n the adaptive setting, the classical shadows protocol may fail.

Central Question:

Can we still predict M properties of a quantum system from poly log M
samples when the properties are chosen adaptively?



Overview

 The adaptive model

 Main results for adaptively-chosen local, Pauli, and bounded Frobenius-norm
observables

 Proof ideas + new adaptive classical shadow algorithms
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Interaction model

 Problem: given N samples of a quantum state p, predict properties o, = tr(O,p) for M

observables O, ..., Oy,
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Interaction model

 Problem: given N samples of a quantum state p, predict properties o, = tr(O,p) for M
observables O, ..., Oy,

 Adaptive model: O, is conditioned on 0y, . .., 0;.
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Main results

Q: Is there a quantum mechanism that predicts M adaptively-chosen local, Pauli, and
bounded Frobenius-norm observables using N = poly log M samples?
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Main results

Q: Is there a quantum mechanism that predicts M adaptively-chosen local, Pauli, and
bounded Frobenius-norm observables using N = poly log M samples?

» log M samples suffice for these observables in the non-adaptive setting [HKP20, HKP21].

Sample Complexity

Local observables

For large enough
system size

Pauli observables

Bounded Frobenius-norm
observables




Lower bounds proof idea

Design an adversarial analyst that forces any guantum mechanism to
fail within M = O(N?) queries.



Lower bounds proof idea

Adaptive adversary:

Step 1: Use interactive fingerprinting codes to adaptively recover the states in the samples
one-by-one using M = O(N?) adaptive queries.
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Lower bounds proof idea

Adaptive adversary:

Step 2: Choose an observable that overfits to the samples, e.g., outputs 1 for states in the
sample and — 1 otherwise.
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Bounded Frobenius-norm observables

Theorem (bounded Frobenius-norm observables) \

There exists a (computationally inefficient) guantum mechanism that predicts
adaptively-chosen observables Oy, . . ., O,, to € error with sample complexity

N = O(B*log M/e*) for B = max trace(Oiz).
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Theorem (bounded Frobenius-norm observables) \

There exists a (computationally inefficient) guantum mechanism that predicts
adaptively-chosen observables Oy, . . ., O,, to € error with sample complexity

N = O(B*log M/e*) for B = max trace(Ol.z).
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. Best prior algorithm achieves N = O(n log® M/e*) [Aar17, BO20], where 7 is the number
of qubits.

* QOur algorithm has no system-size dependence and requires only single copy
measurements.
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Key Iintuition

Q: Why can we prevent adaptive attacks with few samples in this case”
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A: The low-dimensional nature of bounded Frobenius-norm observables sufficiently
constrains the power of the adaptive adversary.
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The algorithm boils down to the following subroutines:

Quantum mechanism

1. Threshold search: Learn the low-dimensional subspace S on the fly.

2. (Low-dimensional) shadow tomography: Efficiently predict low-dimensional

observables on p(S).
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Quantum mechanism

Our algorithm boils down to the following subroutines:

1. Threshold search: Learn the low-dimensional subspace S on the fly.

2. (Low-dimensional) shadow tomography: Efficiently predict low-dimensional
observables on p(S).
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(Low-dim) Shadow tomography:




Adaptive classical shadow algorithms

* Run classical adaptive data analysis algorithms on classical shadows.

This work Prior work Main components

| Classical shadows
Shadow o( nlog MB3/2) o - logz M) with Clncfo:d rotations
Tomography €3 €+ Private multiplicative
5 | weights algorithm
Zloo M Classical shadows with
@(\/_ = B) flogzM ~ Haar random rotations
Threshold Search €2 O( > ) .
¢ =budget for number of Sparse YeCtor
above threshold events algorithm

B = max tr(Ol-z)



Conclusion

Obtaining similar sample complexity guarantees as the classical shadows protocol is
difficult in the adaptive setting, even in highly restricted cases (local / Pauli observables).

We draw on the connection between classical adaptive data analysis and shadow
tomography to prove new results.
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Obtaining similar sample complexity guarantees as the classical shadows protocol is
difficult in the adaptive setting, even in highly restricted cases (local / Pauli observables).

We draw on the connection between classical adaptive data analysis and shadow
tomography to prove new results.

Open guestions:

* |s there a computationally-efficient algorithm for predicting adaptive bounded
Frobenius-norm observables?

* Any other conditions that allow for predicting adaptive observables?



