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ABSTRACT

Keyworde

Time horizons

Time scales

Anticipatory palicy advice
Strategic environmental assessment
Technology assessment

Foresight

With the increasing call for proactive and long-term policy-making, a variety of approaches and
instruments of anticipatory policy advice have been devised, implemented and analyzed.
However, so for, very little s known about the temporal aspects of such imstruments, This article
explores the temporal ordering of the future in three prominent instruments of anticipatory
policy advice: Strategic Environmental Assessment, Technology Assessment and Foresight. Based
on 25 cases of SEA, TA, and Foresight processes fn Austra, the artcle first presents the specific
time horizons that are applied in the instruments. Time horizons in anticipatory policy advice
frequently span around 10-20 years and have an upper limit of 50 years into the futwe. Ina
second step, the article explores and discusses how the chosen time horizons explicitly and m-
plicitly base on varying time scales that are related to the subject matter, epistemic considera-
tions, human experiences, political aspects, and spatll contexts. Owing to these time scales,
multiple dynamics of limiting and expanding the future i time are to be found in anticipatory
policy advice. Overall the artice dlustrates that the tendency to shorten time horizons prevails,
contradicting the very purpose of instruments of anticipatory policy advice.
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[We introduce » simple framework for estmating lower bounds on the runtme of
2 broad class of adiabatic quantum algarthms. The central formula canssts of
cakculating the variance of the final Hamitonian with respact to tha intisl

siate, After xamining adiabatic versions of certain keystone circuit-based
quantum algarithms, this technique s applied to adabatic quantum algarithms r——
with undatarmined spesdup. In partcular, we analytialy obtain lower bounds [ 2023 7|soen
on adiabatic algorthms for finding kckque in random graphs. Additonall,

for a parsicular class of Hamitonan, 4 is straightforward to prove the

| squivalence betwesn our framewark and tha conventional approach based on
speciral gap an

Lower bounds for
Quartum Algorithms for Hiddan [poabetc quantum  fquant-ph cond-matother
Noninear Sructures algorithms by cond-matstat-mech

quantum speed mas

$kS-Clustering in $#mathbbiR}*dS (eg. SkE-median and SkS-means) = 2
fundamental maching learning problem. Whie near-insar fme approxmaton
sgorshms were known in the clizsical sating for 3 datasat with cardinality
$n$, it remains open to find sublinear-tme quantum algorthms. We give quantum
sigorthms that find coressts for SkS-chustering in S¥mathbb[R) 8 wih
i SwildeiOlwHartinkid\(3/2)5 quary complaxty. Our coresat reduces the input

Quantum Algerithms for Hidden S::;‘\:’;;:’"’” quant-ph csAl 2D c2lG  |size frem $nS to Swmathrm{poblik#epsion®(-1]d)S. 1o that exsting
Nonfnesr Structures 2 sl SwaiphaS-spprorimaton sigorthms for chustering an run on top of t and yied
f;i’;‘ = 501 + Weptlonihalohat-spproxmatan. Ths eventusly yieds » auadratc

spesdup for various $kS-clustering appresimatan algorthms. We complament cur
sigortnm wih 5 nearly mstching lower bound, that any quantum sigarthm must
make $WOmegaiWsartinkl)$ queres in order to achieve even SO(1)§-approxmaton
for SkS-clusterng
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high sccuracy beyond the capabifty of today's NISQ devicez. and thus wil
7 =| A (A} A L (=3 baneft fram srrar misgation. In this werk we are interested in misgating

To p 30 D E (] 'I r=) measurement errors which occur during qubit messurements after circuit

executon and tend to be the most error-prane operaions. especally

detrimental ts VQAs Prior work JigSaw, has thown that massuring enly smal

subsets of circut qubts at & tme and collecting resulis across all such

subset circuts can reduce meszurement errors. Then. running he antre

(globsl) orignal circut snd extracing the qubt-qubt mesturement

corelatons can be used in conjunction with the subsets to construct a
igh-fdelty output distribution of the orginal circut Unfortunately. the
[Varsaw Appicston- execution cost of JigSaw sesles polynomialy in the number of qubits in the i S
adored Measurement circuit and when compounded by the number of circuis and Zerations in VQAS. i et

5 ai i uant- i uon cost qu £ ant 202
35|Error Mitgaton for  |quant-ph cs AR csET the resuling execution cost quickly turns insurmountable o i 023 6{HoIM

Smith.
Janathan M.
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T. Chong

Siddharth
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Gokul

Quantum Algorithms for Hidden
Nonfnear Structures

Varitonal Quartum To combat th, we propose VarSaw, which improves JigSaw in an
Algorithims appication-taiored manner, by dentfying consderable redundancy in the

Jigbaw approsch for VQA spatal radundancy scross subsets from dfarent VOA
cireutts and temporal redundsncy across globals from different VQA terstons.
[Varsaw then eiminates these forms of redundancy by commuting the subset
circuts and salsetvely euseuting the glebal circute raducing computational

cost fn terms of the number of circuts executed) ower Aave Jighaw for VQA by
25 on average and up to 1000 for the same VQA accuracy. Further, it can
recover, on averags, 45% of the infdality from massurement arrars in the oy
Va4 bassine. Finaly. & improves fidefty by S5% on average. ovar Jiglaw for

a foved computational budget. VarSaw can be accessed here

http/github com/sddharthdangual VarSan

In the paper. we investigate two problems on strings The first one is the

String matching problem, and the second ane i the String comparing problam. We
provide a quantum algorithm for the String matching problem that uses
exponentally less quantum memery than existing enes The algorithm uses the

[ Quantum algorithms for Hidden yragfQuartm Sgorthes | hashing techrique for siring matching, quantum parsbafem, and ideas of

Nonfnear Structures for String Processing Gravar's saarch algorithm. Using the tame ideas. we provide two aigorithms far

the String comparing prablem. These algarithms also use exponentally less
quantum memory than exiséng enes. Addtianall, the sscand aigorithm works

| exponentaly faster than the existing one
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