
Predicting Adaptively-Chosen 
Observables in Quantum Systems

Presenter: Jerry Huang

Joint work with Laura Lewis, Hsin-Yuan (Robert) Huang, John Preskill

arXiv:2410.15501

https://arxiv.org/abs/2410.15501


Previous work
• Recent advances show that  samples suffice to predict  properties of a 
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• A key weakness to these approaches is that properties must be chosen non-adaptively.


• In this work, we consider adaptively-chosen properties.
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Motivation
• Science is inherently an adaptive process, involving testing and revising hypotheses after 

observing prior predictions.


• In the adaptive setting, the classical shadows protocol may fail.

Central Question: 
Can we still predict  properties of a quantum system from  

samples when the properties are chosen adaptively? 
M poly log M
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Interaction model
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Q: Is there a quantum mechanism that predicts  adaptively-chosen local, Pauli, and 
bounded Frobenius-norm observables using  samples?

M
N = poly log M

Main results

•  samples suffice for these observables in the non-adaptive setting [HKP20, HKP21].log M
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Lower bounds proof idea

Design an adversarial analyst that forces any quantum mechanism to 
fail within  queries.M = 𝒪(N2)



Lower bounds proof idea
Adaptive adversary: 

Step 1: Use interactive fingerprinting codes to adaptively recover the states in the samples 
one-by-one using  adaptive queries.M = 𝒪(N2)
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Lower bounds proof idea
Adaptive adversary: 

Step 2: Choose an observable that overfits to the samples, e.g., outputs  for states in the 
sample and  otherwise.
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Bounded Frobenius-norm observables
There exists a (computationally inefficient) quantum mechanism that predicts 
adaptively-chosen observables  to  error with sample complexity


 for .
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There exists a (computationally inefficient) quantum mechanism that predicts 
adaptively-chosen observables  to  error with sample complexity


 for .
O1, . . . , OM ϵ

N = 𝒪(B2 log M/ϵ4) B = max
i

trace(O2
i )

• Best prior algorithm achieves  [Aar17, BO20], where  is the number 
of qubits.


• Our algorithm has no system-size dependence and requires only single copy 
measurements.

N = 𝒪(n log2 M/ϵ4) n

Theorem (bounded Frobenius-norm observables)
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Key intuition

A: The low-dimensional nature of bounded Frobenius-norm observables sufficiently 
constrains the power of the adaptive adversary.
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Quantum mechanism
The algorithm boils down to the following subroutines:


1. Threshold search: Learn the low-dimensional subspace  on the fly.
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Quantum mechanism
Our algorithm boils down to the following subroutines:


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


2. (Low-dimensional) shadow tomography: Efficiently predict low-dimensional 
observables on .
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• Run classical adaptive data analysis algorithms on classical shadows.

Adaptive classical shadow algorithms

This work Prior work Main components
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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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Open questions:


• Is there a computationally-efficient algorithm for predicting adaptive bounded 
Frobenius-norm observables?


• Any other conditions that allow for predicting adaptive observables?


