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How to perform quantization? Compilation
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Challenge: How to estimate the advantage?

How to estimate the advantage of the resulting quantum program?

I Execute? Quantum computers not widely available
I' Simulate? Does not scale!

I Manual Analysis? Tedious! Error prone!
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Trag: A Framework for Quantum Cost Analysis of Classical Programs.

(¢]

A Classical (Probabilistic) Source Language, CPL.

o}

Quantization via Compilation of CPL to a Quantum Programming Language, QPL.

e}

Source-level Quantum Cost Analysis for CPL programs.

e}

Provable Guarantees: Compilation and Cost Correctness.
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L :Fin(N) — Bool \L
. L=10]0(1]0|0]0O
fn ContainsOne() — Bool do
b, i + searchl[L]; //Primitive coor 2
return b
end

v search compiles to Grover’'s Algorithm.

v Quadratic speedup over classical search.
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Theorem 1 (General Compiler Correctness)

For every well-formed CPL statement s, the total variation distance between the semantics of
the s and the compiled quantum program Qs is bounded by error err?[s]:

A([Qlslar, [slr) < err[s]

+ Unitary compiler correctness
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Query Model & Quantum Cost Analysis

Query Model: Counting the number of queries made to a function f : X — Y.
o Well-established proxy for time complexity.

o Widely used in literature.

Classical Query: A call to function f.
Quantum Query: Invoke Unitary Ur (or its inverse U}L) where Ur |x) |0) = |x) |f(x))

Source-level Quantum Cost Analysis on the CPL programs.
o Havoc cost.
o Input-dependent cost.

o Unitary cost.
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Havoc Cost: Upper-bound on program execution with errors.

Goal: Capture worst-case cost in the presence of errors.

. . —Q
A: (Fin(N),Fin(M)) — Bool Havoc [HasAllOnesRow]

U
) = W(N,e3)-2-CosT [IsRowAllOnes]
fn IsRowAllOnes(i : Fin(N)) — Bool do

b+ all[A(i, )] =W(N,e2)-2- Wu(M,al)-2-&)S\TU[A]

return b
fn HasAllOnesRow() — Bool do

b, i + search[IsRowAllOnes( )J;

return b
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Motivation: Estimate the advantage given an input.

Grover's Search: Expected cost, O(1/N/K), better than worst-case, O(v/N).
A: (Fin(N),Fin(M)) — Bool

fn IsRowAllOnes(i : Fin(/N)) — Bool do
b+ all[A(i, )]

return b

fn HasAllOnesRow() — Bool do
b, i < search[IsRowAllOnes( )];
return b
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Input-dependent Expected Cost Analysis

Motivation: Estimate the advantage given an input.

Grover's Search: Expected cost, O(1/N/K), better than worst-case, O(v/N).

A: (Fin(N),Fin(M)) — Bool E)gc\OSTQ[HasAHOnesRow]()

—U
fn IsRowAllOnes(/ : Fin(N)) — Bool do = E(N,Ka,€2) -2 CosT  [IsRowAllOnes]

b+ all[A(i, )]; — E(N,Ka,2)-2 - Wy(M, 1) -2- Cost [A

return b

fn HasAllOnesRow() — Bool do
b, i < search[IsRowAllOnes( )];
return b
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CpL v Compiler Correctness QPL
run on
cost function quantum computer
Cost estimate > Actual Cost

v Cost Correctness

Figure: An outline of TRAQ.
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Haskell Package: TRAQ

o TRAQ as a Haskell package, ~ 9000 LOC.
o Polymorphic AST for adding primitives: data ExprP = ... | PrimCallP

o Extensible: Add new primitives by implementing typeclasses.

class ExpCost P where expCost :: P -> X -> Cost
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1
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Prmin [Boyer et al.(1998), Cade et al.(2023)] [Yoder et al.(2014)]
simon, O(n+ log(1/€)) [Kaplan et al.(2016)]

min/max/argmin/argmax

O(\/N |Og(1/€)) [Durr and Hoyer(1999), Cade et al.(2023)]
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Program Primitives LoCs Literature
3-RounD FEISTEL ATTACK  simon 64  [Kaplan et al.(2016)]
EVEN-MANSOUR ATTACK simon 25 [Kaplan et al.(2016)]
Optimization
Program Primitives LoCs Literature
Max-K-Sar argmax/search 33 [Cade et al.(2023)]
0-1 KNAPSACK  amplify 98  [Wilkening et al.(2024)]
Search
Program Primitives LoCs Literature
TRIANGLE FINDING  search 43 [Buhrman et al.(2005)]
FARTHEST POINTS argmax 39  [Aimeur et al.(2007)]
MATRIX SEARCH search, all 18  [Hgyer et al.(2003), Ambainis et al.(2010)]
DEPTH-3 NAND all 28  [Hgyer et al.(2003), Ambainis et al.(2010)]
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Contributions:

o

A classical (probabilistic) source language, CPL.

o

Compilation from probabilistic source to quantum target.

(¢]

Cost analysis for source programs to estimate Quantum advantage.

(¢]

Formal guarantees on compilation and cost using error analysis.
o Haskell Package.

Future directions:
1. Support more cost models, e.g., Gate Complexity.

2. Enable support for more efficient quantum algorithms, e.g., variable-time quantum search.
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