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Specialized devices General utility
for niche tasks with wide impact

Special structures
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but classically hard massive classical data
e.d., inherently qguantum
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Condensed Matter Physics
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Machine size

Data Loading

Store the entire world.

Time
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Classical ML

Machine size

Data Loading Data Processing

Store the entire world. Analyze the stored world.




Classical ML

Machine size

Data Loading Data Processing
Store the entire world. Analyze the stored world. A predicjt 3
y = sgn(z - W)
Time

Sample




Main Results

Classification: given data (¢, ©;, ¥; ) randomly sampled from N
examples, each with a D-dim sparse feature vector and a label,
train a regularized D-dim classifier w such that we can predict

the label of any classifiable sparse test vectors.
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Main Results

Classification: given data (¢, ©;, ¥; ) randomly sampled from N
examples, each with a D-dim sparse feature vector and a label,
train a regularized D-dim classifier w such that we can predict
the label of any classifiable sparse test vectors.

With O (V) samples, a quantum machine of poly(log D) size can solve

classification, whereas any classical machine of O(D"??) size cannot.



Main Results

Classification: often the training examples change over time,
but the underlying classification rule remains the same.

Example: large particle colliders

A quantum machine of poly(log D) size can solve classification using
only O(N) samples, whereas any classical machine of O(D%%) size

requires at least superpoly(/N) samples.
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Dimension reduction: given data (7, Z;) sampled from N
examples, each with a D-dim sparse feature vector, learn an

identifiable D-dim principal component w such that we can
predict the 1D representation of any new sparse test vectors.
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Main Results

Dimension reduction: given data (7, Z;) sampled from N
examples, each with a D-dim sparse feature vector, learn an
identifiable D-dim principal component w such that we can
predict the 1D representation of any new sparse test vectors.

A quantum machine of poly(log D) size can solve dim. reduct. using
only @(N ) samples, whereas any classical machine of O(D??) size

requires at least superpoly(/N) samples.
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Quantum advantage?

“What do you think?”

Classical ML & @ ;
“One of the best movies.”
“Query in superposition!”
Quantum ML D+ +I)+I2)+IP)

“Exponential speedup”

[guantum oracle query algorithm]



Quantum advantage?

“What do you think?”

Classical ML Q ’
“One of the best movies.”
“Query in superposition!”
Quantum ML : ? ? ?

We're classical...




Challenge

Can we access a classical world
In quantum superposition?

“Query in superposition!”
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Attempt: QRAM

Machine size
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Attempt: QRAM

Machine size

“l already stored
everything.”

Data Loading

Store the entire world
in a quantum RAM.
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Attempt: QRAM

“l| can create
quantum queries
from the stored
world.”

Machine size

Data Loading Data

Processing
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\d | 4 \d L 4 \d | 4 \d | 4 \d L 4 \J | J
‘O‘ 2C aaCaWeCaWaCaYWaCa
\ 7/ \ \ 7/ \ 7/ \ 7" 4 \Z 4
\d L J \d v \d | J \d L J \d v \d | J
‘O‘ ‘O‘ ‘O‘ ‘O‘ ‘O‘ ‘O‘
O‘ 20 a s C W Ca WO ‘O‘ ‘O‘
Yayg Yy g Yayg '.‘ '. v
\d v \d | 4 \d | J ‘
20 a2 C WO ’

222292222 o\t Time

Sample




Attempt: QRAM

Machine size

Classical ML
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Attempt: QRAM

Machine size

Maintaining a coherent

copy of the entire world.
Data loading + QEC.

nnnn Time
Sample




Attempt: QRAM

Machine size

Classical ML

Classical co-processors meant for QEC
can solve the problem themselves.
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Challenge

Can we access a classical world
In quantum superposition?

(without storing the entire world)
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Challenge

How to do ML without
storing the entire dataset?
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Train a model on the fly

Machine size
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Train a model on the fly

Machine size




Train a model on the fly

Machine size

Process data on the fly
Incrementally update a world model.

[streaming, sketching, online learning]
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Quantum oracle sketching

Maintain a qguantum model

For each data sample 2

apply a small guantum
rotation |/,

“One of the best movies.” ’



Quantum oracle sketching

Maintain a qguantum model

For each data sample 2

apply a small quantum
rotation |/,

Repeat for /\/ samples



Quantum oracle sketching

Maintain a qguantum model
For each data sample 2

apply a small quantum

rotation |/,

Repeat for \/ samples

a random gate sequence

VZM Ce Vzl



Quantum oracle sketching

a random gate sequence

V.., -

: Vzl

Maintain a qguantum model
For each data sample 2

apply a small quantum
rotation |/,

Repeat for \/ samples

=~ a quantum oracle query



Quantum oracle sketching

Data randomness leads to
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Quantum oracle sketching

Data randomness leads to
decoherence for generic

rotations |/, ---V

x no quantum advantage

[randomized Hamiltonian simulation; qDrift]



Quantum oracle sketching

Carefully design the rotations
to be nearly orthogonal
to avoid decoherence.




Quantum oracle sketching

Carefully design the rotations
to be nearly orthogonal
to avoid decoherence.

Theorem (Quantum Oracle Sketch)

With ©( N ()*) samples, we can emulate ()

quantum queries to an oracle of [V items

with no memory overhead.




Toy example

Goal: estimate property of f : [N] — {0,1}, given {z;, f(z;)}it,,p(z) = 1/N



Toy example

Goal: estimate property of f : [N] — {0,1}, given {z;, f(z;)}it,,p(z) = 1/N

r; = 1001 multi-controlled phase gate

flx;) =1 #

log N V. = exp <2M0f(:vz)\afz><a:‘z\)

& & B @
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frequencyof r; = &



Toy example

Goal: estimate property of f : [N] — {0,1}, given {z;, f(z;)}it,,p(z) = 1/N

= exp (ithxf(l‘)ﬂfW)

z ~p(x)=1/N
frequencyof r; = &
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Toy example

Goal: estimate property of f : [N] — {0,1}, given {z;, f(z;)}it,,p(z) = 1/N
— () —

D

any quantum query algorithm

making Q queries



Toy example

Goal: estimate property of f : [N] — {0,1}, given {z;, f(z;)}it,,p(z) = 1/N

¢/Q % M = (@ O(E ):O< ;



Quantum oracle sketching

Quadratic slowdown in () is
the fundamental price to pay.

incoherent sampling of data, amp2=prob, HL2=SQL

Theorem (Quantum Oracle Sketch)

With ©( N ()*) samples, we can emulate ()

quantum queries to an oracle of [V items

with no memory overhead.




Quantum oracle sketching

z) — (—1)7 )|z}
L. phaseoracle = Robust to noise and correlation

z=(z, f(z)) |2y ;O\;J!faﬂjé(x» in data; support flexible data

gg? 14 QOS structures.

T S
*x X
<z — (Z,],Aij) * .

block encoding

Theorem (Quantum Oracle Sketch)

With ©( N ()*) samples, we can emulate ()

—

‘\U 0) — |v) quantum queries to an oracle of [V items

— (]<; v ) state preparation  with no memory overhead.
> UR unitary



Quantum oracle sketching

ML tasks can be solved
with poly(log D) size and

Q — poly(log N) queries. SVM: linear system
PCA: ground state prep

Theorem (Quantum Oracle Sketch)

With é(N ) samples, a quantum machine

of poly(log D) size can solve the ML tasks.




Quantum oracle sketching

Interferometric classical shadow:

exponentially compact classical model
possible only via quantum technology.

Theorem (Quantum Oracle Sketch)

Classical )
|w>\8hadow With ©(/V) samples, a quantum machine

of poly(log D) size can solve the ML tasks.

{Clifford C, bitstring b}

poly(log D) size classical model
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Quantum oracle sketching
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JAX-powered,
support GPU/TPU,
auto-differentiation
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query the classical world in
quantum superposition
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Quantum Oracle Sketching

query the classical world in
quantum superposition
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Classical Query

separation in query ability

— memory advantage



Classical Hardness

1. Connect query separation
to memory advantage

P2t TTTIRRRRIITYY
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2. Insufficient memory must be

compensated by more samples Classical Query

3. Embed into ML tasks



Classical Hardness

1. Connect query separation

220 27YYRRREYMLY
to memory advantage
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For any query problem requirin uantum :
YQUETY P quiring ¢/ q Classical Query

queries or ()~ classical queries, to solve an

associated learning task with ©(/NQ*) samples,

any classical machine must have size

S > UQc/Q%)



Classical Hardness

1. Connect query separation
to memory advantage
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Theorem (Classical Hardness)

For any query problem requiring () quantum Classical Query

queries or () classical queries, to solve an

associated learning task with ©(/NQ*) samples, , ,
Any super-quadratic query separation,

, Q = O(N°*),Qc = ©(N)
5 > N Qc/Q7) — S > Q(N"Y?)

any classical machine must have size




Classical Hardness

1. Connect query separation
to memory advantage
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Theorem (Classical Hardness)

For any query problem requiring () quantum Classical Query

queries or () classical queries, to solve an

associated learning task with ©(/NQ*) samples,
For ML tasks,

any classical machine must have size

; Q = poly(log N),Qc = O(N?)
S > Q(Qc/Q”) . 5> Q)




Classical Hardness

1. Connect query separation
to memory advantage
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Theorem (Classical Hardness)

For any query problem requiring () quantum Classical Query

queries or () classical queries, to solve an

. , , , Sample-space lower bound
associated learning task with ©( /N ()*) samples,

any classical machine must have size MS > Q(N QC )
S 2 Q(QC’/QQ) #sample M = @(NQZ) from QOS
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Query Problem
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TR YRY N users
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()¢ high quality users ¥

querying them suffices to determine the goal
[classical query complexity]



Query Problem
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TR YRY N users
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()¢ high quality users ¥

amount of info needed to estimate some
property of the oracle [classical guery complexity]



Oracle Property Estimation

random data

from /N users
2= (z,f(z)) @

9 »9 @

&

Qc

Info needed to estimate
oracle property



Noisy Oracle Property Estimation (NOPE)

noisy data

from /V users
z = (x, fa(z), ) %)

User’s reaction depends on their mood,
which fluctuates randomly over time.

InNfo needed to estimate
oracle property



Noisy Oracle Property Estimation (NOPE)

noisy data

from /V users
z = (x, fa(z), ) %

User’s reaction depends on their mood,
which fluctuates randomly over time.

Qc Need to gather both for accurate feedback. 5§ + £
fi(x), fa(x) = f(x)
Info needed to estimate via low-discrepancy
oracle property encoding



Noisy Oracle Property Estimation (NOPE)

&

noisy data

from /V users
z = (x, fa(z), ) %

User’s reaction depends on their mood,
which fluctuates randomly over time.

Qc Need to gather both for accurate feedback. §§ + £
fi(@), fal@) S (@)

Info needed to estimate That takes ©(/NV) time/samples. »(x) =1/~
oracle property



Noisy Oracle Property Estimation (NOPE)

f*ﬁ °
X fﬂf!f!f’f’fﬂ?‘f’f’ noisy data
feeeey  from [V users
J/g f!f!f’f’f’f “0 & & § § SRy

Qc

InNfo needed to estimate
oracle property



Noisy Oracle Property Estimation (NOPE)
®

oo fuf!f’f’f’f’%‘!!!! noisy data
te222?  from N users
J/g fffffffffff “0 & & § § SRy

Info needed to estimate : M
< < — ).
oracle property QC < Info < © (N) 0



Noisy Oracle Property Estimation (NOPE)
®

oo ) feeeetYyTROY noisy data
i [ 3 feeeer  from [V users
= LI T L0331 § BENNRATRRIRE

Info needed to estimate : M
< < — ] -
oracle property QC < Info < © (N) 0

Sample-space lower bound LY EPs Q(N o )



Noisy Oracle Property Estimation (NOPE)

f*ﬁ .
oo ) feeeetYyTROY noisy data
i [ 3 feeeer  from [V users
aurrrreeeRLLLRSILLILY . . g

Info needed to estimate : M
< < — ] -
oracle property QC < Info < © (N) 0

MS > QINQe)

#sample M = O(NQ*) from QOS

Theorem (Classical Hardness) isiiPs Q(QC / QQ)



Noisy Oracle Property Estimation (NOPE)
®

oo ) feeeetYYTRYY noisy data
M I ‘ PeeeeY  from [V users
!é;!( PROORORRRRRYSRLLY .o

Info needed to estimate : M
< < — ] -
oracle property QC < Info < © (N) 0

NOPE of Forrelation

Theorem (Classical Hardness) S > Q(Nl_g) Qc =QN"%),Q =0(1)
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1. Connect query separation
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to memory advantage - 33834,
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2. Insufficient memory must be Classical Query

compensated by more samples

NOPE: if 5 <O(N"™), then progress < 0.1



Classical Hardness

ole

1. Connect query separation
to memory advantage

S Z Q (NO 99 ) Instance 1 Instance 3 Instance 2

2. Insufficient memory must be simultaneously solve
compensated by more samples indep. instances of NOPE (the XOR)

NOPE: if § < O(N®®°), then progress < 0.1
XOR NOPE: if S < O(N"), then progress < (0.1)*°V!°e ) — 1 /superpoly(N)



Classical Hardness

1. Connect query separation
to memory advantage

q > Q(N().99>

2. Insufficient memory must be
compensated by more samples <«— superpoly(N)

progress
> 0.1

NOPE: if § < O(N®®°), then progress < 0.1
XOR NOPE: if § <O(N"?), then progress < (0.1)P°V1eN) = 1 /superpoly(N)

dynamic NOPE: if S < O(N"*?), then requires superpoly(N) samples
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2. Insufficient memory must be
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3. Embed into ML tasks
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1. Connect query separation
to memory advantage ’

2. Insufficient memory must be
compensated by more samples

3. Embed into ML tasks

a. prove BQP hardness of ML tasks
b. embed QOS circuit for dynamic NOPE




Classical Hardness

1. Connect query separation

to memory advantage predict

'

— ¢ = sgn(x - w)

2. Insufficient memory must be L

compensated by more samples

3. Embed into ML tasks

a. prove BQP hardness of ML tasks

b. embed QOS circuit for dynamic NOPE
— dynamic ML is classically hard

time
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Quantum Oracle Sketching

query the classical world in
quantum superposition
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We prove that
small quantum machines
can process
massive classical data
and solve large-scale
machine learning problems.
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We prove that
any classical machine
with the same performance
needs exponentially larger size
or superpolynomially
more samples.
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Our results open
the possibility for
guantum computers
to be broadly useful in
our daily life.



Conclusions

This exponential quantum advantage relies solely
on the correctness of qguantum mechanics,
persisting even if P=NP, BPP=BQP, etc.
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Conclusions

Machine learning offers a fundamental test of
quantum mechanics at the complexity frontier.
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