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Quantum algorithms for numerical linear algebra

Numerical linear algebra undergirds the study of classical algorithms
[Tre19, TB22]

Matrix methods pervade signal processing, differential equations, statistics,
machine learning, and the discrete analogues of huge swaths of functional
analysis! [HJ85, HJ91]

Quantum algorithms are not unique in this [HHL09, CW12]; our
understanding of most quantum algorithms is rooted in matrix methods
[GSLW19, MRTC21]

The result — a growing, numerically-stable toolkit to interpret, optimize,
and communicate quantum algorithms
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𝐴 ↦𝐴−1

𝐴 ↦ 𝑒𝑖𝐴𝑡

𝑢̇ = 𝐴(𝑡)𝑢+𝑏(𝑡)

𝑒(𝐴+𝑖𝐵)𝑡 =∫𝑓(𝑘)𝑒(𝑘𝐴+𝐵)𝑡 𝑑𝑘

(𝐴,𝐵)↦ 𝑓(𝐴,𝐵) These methods are incredibly flexible,
and allow importation of/comparison
with diverse classical techniques!

The modern quantum algorithmic landscape

Inversion, phase estimation, QR/LU/polar decomps, SVDs, exponentiation, linear
combinations, diffeqs, matrix equations, contour integrals …
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Block encoding basics

We say 𝑈 is an (𝛼,𝑎,𝜀) block encoding (BE) of an 𝑛-qubit operator 𝐴 if
Captures subsystem dynamics; if aux space begins and ends in |0𝑎⟩, then 𝐴 is
applied to 𝑛-qubit input |𝜓⟩

Algorithms like QSVT¹ [GSLW19] and LCU² [CW12] allow spectral maps and simple
matrix arithmetic; e.g., 𝐴 ↦𝑓(𝐴), or (𝐴,𝐵)↦ 𝛾𝐴+𝛿𝐵

Important questions include BE cost, query complexity, subnormalization/error
growth, and space use!

For BE algorithms, these relate to concrete questions in functional analysis and
numerical linear algebra!

¹Quantum singular value transformation
²Linear combination of unitaries
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A note on matrix algebras

This work concerns the efficient realization of various matrix manipulations
by quantum algorithms
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A note on matrix algebras

Square matrices over ℂ admit associative algebra, i.e., addition,
multiplication, scalar multiplication

𝐶𝑖𝑗 =∑
𝑘
𝐴𝑖𝑘𝐵𝑘𝑗 ↔ 𝐶 =𝐴𝐵
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A note on matrix algebras

Functions of matrices are often defined spectrally, and algorithms like QSVT
[GSLW19, MRTC21] act on the singular values, e.g., if 𝑀 =𝑈Σ𝑉†

𝑓(SV)(𝑀) ≡𝑈𝑓(Σ)𝑉† =𝑈⎡

⎣

𝑓(𝜉0)
⋱

𝑓(𝜉𝑛−1)
⎤

⎦
𝑉†, Σ = diag(𝜉0,𝜉1,…,𝜉𝑛−1),
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A note on matrix algebras

However, there exist other associative algebras for matrices over fields,
including the element-wise product¹

¹Variously referred to as the Schur, Hadamard, or entry-wise product.
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⎡⎢

⎣

𝑎00 𝑎01 ⋯ 𝑎0,𝑚−1
𝑎10 𝑎11 ⋮
⋮ ⋱

𝑎𝑛−1,0 ⋯ 𝑎𝑛−1,𝑚−1

⎤⎥

⎦

↦⎡⎢

⎣
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Despite this product’s ubiquity, quantum algorithms for element-wise
manipulations are only cursorily understood [GYC+25] …

¹Variously referred to as the Schur, Hadamard, or entry-wise product.
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A note on matrix algebras

⊗ \otimes (Kronecker/tensor product),
∘ \circ (Element-wise product),
⊠ \boxtimes (Tracy–Singh product),
⊙ \odot (Khatri-Rao product),
∗ \ast (Convolution).
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Overview

Introduce informal main result and related prior work

Build core subroutines: swap copy and weaving lemma

Recursively construct full QEWT circuit

Discuss properties, errors in prior work, & applications

Give outlook, extensions, and high-level takeaways
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Main result

Quantum element-wise transform; QEWT¹

Let 𝑓 be a polynomial of degree 𝑑 satisfying |𝑓| ≤ 1 on [−1,1], with coefficients
𝑐𝑘. Then, given access to controlled 𝑈, where 𝑈 is an (𝛼,𝑎,𝜀) block encoding of
an 𝑛-qubit operator 𝐴, there exists a quantum circuit preparing a (𝛽,𝑏,𝛿) block
encoding of 𝑓∘(𝐴/𝛼) using 𝑑 copies of controlled 𝑈, where (𝛽,𝑏,𝛿) satisfy

𝛽 =
𝑑
∑
𝑘=1

|𝑐𝑘|, 𝑏 =𝒪(𝑎+𝑛 log𝑑), 𝛿 =
𝑑
∑
𝑘=1

|𝑐𝑘|[(1+𝜀/𝛼)𝑘−1].

For commonly applied functions & precisions this is easily 15–20× space saving,
and offers a new, cheap way to induce non-linear transformations of high-dim data

¹Pronounced newt🦎
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Prior work

Considers non-linear transformations of amplitudes [HCSS23, RR23, GMF24], as
well as iterated element-wise products [GYC+25, RHG+25]

Far less is known/optimized for QEWTs,¹ and we identify an error in the linear
combination of unitaries (LCU) based construction of [GYC+25]

¹Space and query complexity in degree 𝑑, qubit num. 𝑛,
block encoding aux. space 𝑎, and error 𝜀
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Hardness, related methods, and errata

For diagonal block encodings, element-wise product and matrix product coincide

Cheap methods to convert state preparation unitaries to diagonal block encodings
inform nonlinear amplitude transformations [HCSS23, RR23, GMF24]

However, ↔ vectorization comes with unacceptable dimension-dependent
subnormalization, and should be avoided!

Moreover, applying linear combination of unitaries to non-matrix products requires
care! [GYC+25]

All of this establishes query lower bounds, and space/success probability upper
bounds, but leaves huge room for improvement!



zmr@g.ecc.u-tokyo.ac.jp 10

Hardness, related methods, and errata

For diagonal block encodings, element-wise product and matrix product coincide

Cheap methods to convert state preparation unitaries to diagonal block encodings
inform nonlinear amplitude transformations [HCSS23, RR23, GMF24]

However, ↔ vectorization comes with unacceptable dimension-dependent
subnormalization, and should be avoided!

Moreover, applying linear combination of unitaries to non-matrix products requires
care! [GYC+25]

All of this establishes query lower bounds, and space/success probability upper
bounds, but leaves huge room for improvement!



zmr@g.ecc.u-tokyo.ac.jp 10

Hardness, related methods, and errata

For diagonal block encodings, element-wise product and matrix product coincide

Cheap methods to convert state preparation unitaries to diagonal block encodings
inform nonlinear amplitude transformations [HCSS23, RR23, GMF24]

However, ↔ vectorization comes with unacceptable dimension-dependent
subnormalization, and should be avoided!

Moreover, applying linear combination of unitaries to non-matrix products requires
care! [GYC+25]

All of this establishes query lower bounds, and space/success probability upper
bounds, but leaves huge room for improvement!



zmr@g.ecc.u-tokyo.ac.jp 10

Hardness, related methods, and errata

For diagonal block encodings, element-wise product and matrix product coincide

Cheap methods to convert state preparation unitaries to diagonal block encodings
inform nonlinear amplitude transformations [HCSS23, RR23, GMF24]

⎡

⎣

| | |
|𝜓⟩ ∗ ∗
| | |

⎤

⎦
→ ⎡

⎣

𝜓0
𝜓1

⋱
⎤

⎦
→ ⎡

⎣

𝑓(𝜓0)
𝑓(𝜓1)

⋱
⎤

⎦
→ ⎡

⎣

| | |
|𝑓(𝜓)⟩ ∗ ∗
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A minimal example

Note — 𝐴 ∘𝐵 is principal submatrix¹ of 𝐴 ⊗𝐵

Prev methods [GYC+25] permute rows/cols of 𝐴⊗𝑑 — order 𝑛𝑑 space!

I.e., if we have block encodings of 𝐴, 𝐵, acting on disjoint registers ……then a row and column permutation relocates 𝐴 ∘𝐵 to the top-leftIf we then mask unwanted elements by left/right matrix mult ……and find a way to space-efficiently copy the top-left block, then we can
return to input block encoding form (𝐼 ⊗∗)caveat lector!

We have to control gate/query complexity, success prob while making sure
matrix multiplication and currently unspecified copy operation together
require only log𝑑 additional space

¹Common identity, but for introduction see [HJ85, HJ91]



zmr@g.ecc.u-tokyo.ac.jp 11

A minimal example

Note — 𝐴 ∘𝐵 is principal submatrix¹ of 𝐴 ⊗𝐵

Prev methods [GYC+25] permute rows/cols of 𝐴⊗𝑑 — order 𝑛𝑑 space!

I.e., if we have block encodings of 𝐴, 𝐵, acting on disjoint registers ……then a row and column permutation relocates 𝐴 ∘𝐵 to the top-leftIf we then mask unwanted elements by left/right matrix mult ……and find a way to space-efficiently copy the top-left block, then we can
return to input block encoding form (𝐼 ⊗∗)caveat lector!

We have to control gate/query complexity, success prob while making sure
matrix multiplication and currently unspecified copy operation together
require only log𝑑 additional space

¹Common identity, but for introduction see [HJ85, HJ91]



zmr@g.ecc.u-tokyo.ac.jp 11

A minimal example

Note — 𝐴 ∘𝐵 is principal submatrix¹ of 𝐴 ⊗𝐵

Prev methods [GYC+25] permute rows/cols of 𝐴⊗𝑑 — order 𝑛𝑑 space!

I.e., if we have block encodings of 𝐴, 𝐵, acting on disjoint registers …

…then a row and column permutation relocates 𝐴 ∘𝐵 to the top-leftIf we then mask unwanted elements by left/right matrix mult ……and find a way to space-efficiently copy the top-left block, then we can
return to input block encoding form (𝐼 ⊗∗)caveat lector!

We have to control gate/query complexity, success prob while making sure
matrix multiplication and currently unspecified copy operation together
require only log𝑑 additional space

𝑈𝐴⊗𝐼 =
⎡⎢⎢⎢⎢⎢

⎣

𝑎0 𝑎1
𝑎0 𝑎1 ∗𝑎2 𝑎3
𝑎2 𝑎3

∗ ∗

⎤⎥⎥⎥⎥⎥

⎦

, 𝑈𝐼⊗𝐵 =
⎡⎢⎢⎢⎢⎢

⎣

𝑏0 𝑏1
𝑏2 𝑏3 ∗𝑏0 𝑏1

𝑏2 𝑏3

∗ ∗

⎤⎥⎥⎥⎥⎥

⎦

,

¹Common identity, but for introduction see [HJ85, HJ91]
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⎣

𝑎0𝑏0 ∗ ∗ 𝑎1𝑏1
∗ ∗ ∗ ∗ ∗∗ ∗ ∗ ∗

𝑎2𝑏2 ∗ ∗ 𝑎3𝑏3

∗ ∗

⎤⎥⎥⎥⎥⎥

⎦

→ 𝑈𝑃(𝐴⊗𝐵)𝑃† =
⎡⎢⎢⎢⎢⎢

⎣

𝑎0𝑏0 𝑎1𝑏1 ∗ ∗
𝑎2𝑏2 𝑎3𝑏3 ∗ ∗ ∗∗ ∗ ∗ ∗
∗ ∗ ∗ ∗

∗ ∗

⎤⎥⎥⎥⎥⎥

⎦

.

¹Common identity, but for introduction see [HJ85, HJ91]
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1
1

0
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⎣

𝑎0𝑏0 𝑎1𝑏1
𝑎2𝑏2 𝑎3𝑏3 ⎤⎥

⎦

,
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⎡⎢

⎣

𝑎0𝑏0 𝑎1𝑏1
𝑎2𝑏2 𝑎3𝑏3

∗ ∗
∗ ∗

⎤⎥

⎦

→ ⎡⎢

⎣

𝑎0𝑏0 𝑎1𝑏1
𝑎2𝑏2 𝑎3𝑏3

𝑎0𝑏0 𝑎1𝑏1
𝑎2𝑏2 𝑎3𝑏3

⎤⎥

⎦

= 𝐼 ⊗(𝐴 ∘𝐵).

¹Common identity, but for introduction see [HJ85, HJ91]
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Building the swap copy

UA⊕∗

|0n〉

|0〉

r0

r1

|ψ〉 r2

r3

≡
UI⊗A⊕2n

|0n〉

|0〉

r0

r1

|ψ〉 r2

r3

A type of decontrollization; i.e., decouple action of block encoding from state in 𝑟1

Note 1 — the catalytic use of 𝑟0 depends only on 𝑟2 returning to |0⟩

Note 2 — blocks of BEs are not a ‘resource’; basis dependence means instantiating
space instantiates blocks, which can be permuted around!
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On block encodings with block structure

Let 𝑊(∗1,∗2) a function that takes and returns operators. Let 𝑆 a set of pairs of
operators and 𝑅 a set of quantum states s.t. for all (𝑉1,𝑉2) ∈ 𝑆, all |𝑟⟩ ∈ 𝑅:

𝑊(𝑉1,𝑉2) = |𝑟⟩⟨𝑟|𝑟0 ⊗𝑈(𝑉1,𝑉2)𝑟1 + ∑
𝑟 ′,𝑟″≠𝑟

|𝑟 ′⟩⟨𝑟″|𝑟0 ⊗[ ∗ ].

Then we call 𝑊 an (𝑆,𝑅)-blocked operator function

Moral — 𝑊, together with a copy¹ of |𝑟⟩, can simulate 𝑈; compositions of 𝑈𝑘 can be
realized by compositions of 𝑊𝑘 using copies of |𝑟⟩

Weaving lemma connects |𝑟⟩-complexity to depth of function call tree

¹Here freed after the use of 𝑊!
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Nesting swap copy — the weaving lemma
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Our swap copy-based element-wise product catalytically consumes¹ state in 𝑟0, and
can call subroutines which themselves require registers

¹Here denoted allocates and frees.
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At each level 𝑟 ′0, 𝑟
″
0,… we will track successful BE applications to ensure catalysis —

auxiliary space then scales with tree depth!
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Space-efficient tracking of successful BE application is handled by compression
gadget techniques [LW19] …
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The compression gadget [LW19]

...

...

...

r0

r1

r2

|0c〉

|0a〉

|ψ〉

+ + + +

⊥ ⊥ ⊥ ⊥
UA1 UA2 UA3 UAK

Given BEs of 𝐴𝑗, space-efficiently build BEs of products among 𝐴𝑗

Insight — controlled additions to compression register; lose information about which
BE failed, but retain information that at least one did

Linear to logarithmic auxiliary space in product degree!

(⟨0|𝑎𝑐⊗𝐼𝑠)𝑉(|0⟩𝑎𝑐⊗𝐼𝑠) = |0⟩⟨0|𝑏⊗𝐼𝑠+
𝐾−1
∑
𝑘=0

|𝑘⟩⟨𝑘|𝑏⊗[
𝑘
∏
𝑗=0

𝐴𝑗]𝑠,

𝑊= 𝐼𝑠⊕
𝐾−1
⨁
𝑘=0

[
𝑘
∏
𝑗=0

𝐴𝑗]𝑠,
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Element-wise product — base case

r0

r2

r1

r3

r4

|0n〉
|0m〉

|0a〉

|ψ〉

+++ +

UI⊗A UI⊗BUM UM
P P †

Standard (compressed) method for matrix product¹ between 𝑀, 𝑃(𝐴 ⊗𝐵)𝑃†, 𝑀†

Followed by swap copy, yielding block encoding (BE) of 𝐼 ⊗(𝐴 ∘𝐵)

Register 𝑟4 records successful BE application by controlled-additions from 𝑟2. Here
𝑟1 and 𝑟3 store product, and 𝑟0 ↔𝑟1 is swap copy

¹This is a block diagonal block encoding containing 𝐴 ∘𝐵!
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¹This is a block diagonal block encoding containing 𝐴 ∘𝐵!
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Recursive construction of element-wise products
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r0
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r1

r3

r4

|0n〉
|0m〉

|0a〉

|ψ〉

+ + + +

W∗L ∗RW

≡

We can recast the base case as a two-slot function taking block encodings to
block encodings with form (𝐼 ⊗∗)
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RW

Self-embedding circuit involves instantiating swap-copy register 𝑟 ′0, and
controlled additions to compression gadget register 𝑟4
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r0

r2

r1

r3

r4

r′0

|0n〉
|0n〉
|0m〉

|0a〉

|ψ〉

+ + ++ +

W ′
L W ′

RW

Self-embedding circuit involves instantiating swap-copy register 𝑟 ′0, and
controlled additions to compression gadget register 𝑟4
We recurse on both ∗𝑅, ∗𝐿 for 𝐴

∘𝑑 in log𝑑 depth (and thus aux space!)
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Linear combination of unitaries

We now have a quantum circuit for BEs of 𝐴𝑑 for any 𝑑 —

How do we build BEs of 𝑓∘(𝐴)
for 𝑓 a polynomial?

The usual approach is linear combination of unitaries (LCU)
[CW12, BCK15], which relies on select unitary

𝑉 =∑
𝑘=1

|𝑘⟩⟨𝑘|⊗𝑈𝐴∘𝑘 +…

This needs controlled BEs, and linear query complexity in maximum degree
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LCU for the element-wise product — building select

If we build select for matrix products, then bit-wise controlled powers of
two can suffice [CKS17]

r0

r2

r1

r3

r4

r5

r6

|0a〉
|b0〉
|b1〉

|0a〉
|ψ〉
|0n〉

|0〉

UA◦2

UA

UA
P P †

Note — the permutations and swaps are now controlled on the XNOR of the
control bits; this reduces back to matrix product
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𝑉 =
𝑑
∑
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∑
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Putting it all together

Given element-wise select unitary, standard LCU techniques [CW12] can
achieve linear combinations of 𝐴∘𝑘

r0 · · · r(dlog de)′
0

r2

r1

r3

r4

r5

|0b〉
|0m〉

|0dlog de〉

|0a〉

|ψ〉

prep prep†

sel

Degree 𝑑 LCU requires log𝑑 space, and introduces subnormalization, error
relating to ℓ1 norm of coefficients …



zmr@g.ecc.u-tokyo.ac.jp 21

Putting it all together

Given element-wise select unitary, standard LCU techniques [CW12] can
achieve linear combinations of 𝐴∘𝑘

r0 · · · r(dlog de)′
0

r2

r1

r3

r4

r5

|0b〉
|0m〉

|0dlog de〉

|0a〉

|ψ〉

prep prep†

sel

Degree 𝑑 LCU requires log𝑑 space, and introduces subnormalization, error
relating to ℓ1 norm of coefficients …



zmr@g.ecc.u-tokyo.ac.jp 21

Putting it all together

Given element-wise select unitary, standard LCU techniques [CW12] can
achieve linear combinations of 𝐴∘𝑘

r0 · · · r(dlog de)′
0

r2

r1

r3

r4

r5

|0b〉
|0m〉

|0dlog de〉

|0a〉

|ψ〉

prep prep†

sel

Degree 𝑑 LCU requires log𝑑 space, and introduces subnormalization, error
relating to ℓ1 norm of coefficients …



zmr@g.ecc.u-tokyo.ac.jp 21

Putting it all together

Given element-wise select unitary, standard LCU techniques [CW12] can
achieve linear combinations of 𝐴∘𝑘

r0 · · · r(dlog de)′
0

r2

r1

r3

r4

r5

|0b〉
|0m〉
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sel

Degree 𝑑 LCU requires log𝑑 space, and introduces subnormalization, error
relating to ℓ1 norm of coefficients …
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Error propagation for block encoding methods

Real BEs have subnormalization, aux space, and error; how do these
propagate through our algorithm?

⊗ \otimes (Kronecker/tensor product),
∘ \circ (Element-wise product),
⊠ \boxtimes (Tracy–Singh product),
⊙ \odot (Khatri-Rao product),
∗ \ast (Convolution).

While element-wise product has unique properties, it is a submatrix of a
matrix product, meaning subnorm and error propagation are
bounded above by simple arguments
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Amplified QEWTs

Let 𝑈𝐴𝑘
be (𝛼𝑘,𝑎𝑘,𝜀𝑘‖𝐴𝑘‖) block encodings of (possibly non-unitary) 𝐴𝑘 for 𝑘 ∈

{0,1,…,𝐾−1} and∑𝑘 𝜀𝑘 ≤1/2. Then for any 0< 𝜀 < 1/2𝐾we can construct an (𝛼′,𝑎′,𝜀′)
block encoding of the matrix product 𝐴𝐾−1⋯𝐴1𝐴0, where 𝛼′ satisfies

1
2
(1−𝛿)−𝐿∏

𝑘
‖𝐴𝑘‖≤𝛼′ ≤ 𝑒1/2(1−𝛿)−𝐿∏

𝑘
‖𝐴𝑘‖,

and 𝑎′ and 𝜀′ satisfy

𝑎′ =max𝑎𝑘+ log(𝐾)+2, 𝜀′ = 𝑒1/2 [𝐾𝜀+∑
𝑘
𝜀𝑘]∏

𝑘
‖𝐴𝑘‖.

Moreover, this amplification procedure uses 𝒪(𝛼𝑘/(𝛿‖𝐴𝑘‖) log(𝛼𝑘/(𝜀‖𝐴𝑘‖))) copies of
each controlled-𝑈𝑘 and its inverse.
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Applications
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Common matrix functions

As an immediate consequence, we significantly improve space-use (and
correctness) of machine-learning inference results [GYC+25]

For matrix/vector softmax, appearing as core subroutine in self-attention for
transformer model inference,

softmax(𝑄𝐾/𝛼)𝑉, softmax(𝑥)𝑘 ≡ 𝑒𝑥𝑘/∑
𝑗
𝑒𝑥

𝑗

we reduce auxiliary space from 𝑛2 log[𝜀−1] to 𝑛 log(𝑛 log[𝜀−1])

For common precisions, this is easily 15–20× space saving!
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2D convolutions

Element-wise products in Fourier basis correspond to convolution in standard basis
— this holds for tensors! [HJ85]

(ℎ ∗𝑔)circ(𝑘1,𝑘2) ≡
𝐾−1
∑
𝑗1=0

𝐾−1
∑
𝑗2=0

ℎ(𝑗1, 𝑗2)𝑔(𝑘1−𝑗1 (mod 𝐾),𝑘2−𝑗2 (mod 𝐾)),

(ℎ ∗𝑔)circ(𝑘1,𝑘2) =ℱ−1(𝐻 ∘𝐺) =ℱ−1(ℱ(ℎ)∘ℱ(𝑔)),

(ℎ ∗𝑔)circ =𝐹†([𝐹ℎ𝐹𝑇]∘ [𝐹𝑔𝐹𝑇])𝐹∗ =𝐹†([𝐹ℎ𝐹]∘ [𝐹𝑔𝐹])𝐹†,

This gives a depth 𝑛2 log𝑛 algorithm for computing circular convolution: (𝛼,𝑎,𝜀),
(𝛽,𝑏,𝛿) ↦ (𝛼𝛽,max(𝑎,𝑏)+1,𝛼𝛿+𝛽𝜀+𝜀𝛿)
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Non-standard matrix products

∃ block analogues of Kronecker & element-wise products (Khatri-Rao [KR68] and
Tracy-Singh [TS72]) that appear in signal processing/tensor decomp

(𝑀1⊠𝑀2) ≡
⎡⎢

⎣

𝐴00⊗𝐵00 𝐴00⊗𝐵01 𝐴01⊗𝐵00 𝐴01⊗𝐵01
𝐴00⊗𝐵10 𝐴00⊗𝐵11 𝐴01⊗𝐵10 𝐴01⊗𝐵11
𝐴10⊗𝐵00 𝐴10⊗𝐵01 𝐴11⊗𝐵00 𝐴11⊗𝐵01
𝐴10⊗𝐵10 𝐴10⊗𝐵11 𝐴11⊗𝐵10 𝐴11⊗𝐵11

⎤⎥

⎦

,

(𝑀1⊙𝑀2) = [ 𝐴00⊗𝐵00 𝐴01⊗𝐵01
𝐴10⊗𝐵10 𝐴11⊗𝐵11

].

We provide simple quantum algorithms for these products/their hybrids with LCU
and QSVT, all of them space-efficient
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Outlook and extensions

We have a query-optimal protocol for QEWTs that uses only logarithmically,
in 𝑑, more space than the diagonal (QSVT) setting

Reducing space use in low rank, near-diagonal, circulant, Hadamard, or
approximate settings …

Further end-to-end applications for signal processing [HJ91], machine
learning primitives [CWP+25], and statistical inference [RHG+25]

Incorporating randomization [MR25] parallelization [MRC+25] to further
optimize to specific hardware
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🏠 Take-home

We establish a firm foundation for the theory of quantum element-wise
transforms (QEWTs)

, rectifying errors in prior work, and reducing space use
exponentially in the degree of the applied function¹

Fundamentally distinct from QSVT or LCU, relying on novel subroutines for
space-catalytically transforming block encodings with block structure

Cheap nonlinear transform for high-dim data, ubiquitous to machine
learning, signal processing, and statistics
Quantum algorithms for numerical linear algebra are only

cursorily understood, and rapidly developing!

¹Comparable in cost to other BE algorithms!
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