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PERSPECTIVES

Quantum Walks Through 
a Waveguide Maze

PHYSICS

Mark Hillery

        T
wo of the major goals of the 

field of quantum informa-

tion are to build a quantum 

computer—one that processes bits 

of information according to quan-

tum rather than classical rules—

and to fi gure out what to do with 

one, once you have it. The fi eld that 

encompasses the latter goal is quan-

tum algorithms. It has not been easy 

to develop quantum algorithms, but 

within the past 10 years, a fruitful 

approach has arisen based on what 

are known as quantum walks, which 

in the classical world are the basis 

for a description of diffusion pro-

cesses. On page 1500 of this issue, 

Peruzzo et al. ( 1) describe a device 

they have built that substantially 

improves our ability to perform 

quantum walks. They used it to fol-

low two photons that are perform-

ing a quantum walk along a line.

It is best to approach quantum 

walks by comparing them with clas-

sical random walks. To perform the 

simplest random walk, begin by fl ip-

ping a coin, and take one step to the 

right, when it comes up heads, and 

one step to the left, when it comes 

up tails. Repeat this process a num-

ber of times, and you will have experienced a 

random walk (see the fi gure, panel A). This 

surprisingly simple process can serve as a 

model for how the smell from a bottle of per-

fume diffuses throughout a room, or how a 

stock price moves up and down. It also serves 

as the basis for a number of random computer 

algorithms. Thus, the quantum version of a 

random walk, a quantum walk, could be used 

as a basis for quantum algorithms.

Random walks are performed by classi-

cal objects, but quantum walks are performed 

by quantum objects such as photons. Peruzzo 

et al. start a photon traveling down a chan-

nel (waveguide) in an optical medium. This 

medium has many parallel channels, and the 

photon can leak from one channel to another. 

These channels serve as the locations in the 

quantum walk. In other words, we are inter-

ested in which channel the photon is located 

after it has “walked” for a certain amount of 

time (see the fi gure, panel B).

The difference between the classical ran-

dom walk and the quantum walk is a phe-

nomenon known as interference. Quantum 

objects like photons experience it, whereas 

classical objects, including people, do not. 

Suppose the photon can get from one chan-

nel to another via two different paths. Each 

of these paths is assigned a complex number 

called an amplitude. According to the rules of 

quantum mechanics, the probability that the 

photon makes the transition from one chan-

nel to the other can be obtained by adding the 

amplitudes and then squaring the magnitude 

of this complex number. Thus, each individ-

ual path can give a nonzero probability for 

the photon to transfer channels, but there 

are circumstances under which the 

two paths combine such that there is 

zero chance that this transition occurs. 

Interference makes the behavior of a 

quantum walk very different from that 

of a random walk.

Quantum walks come in two basic 

types—one in which the movement 

proceeds in discrete steps, and one in 

which the movement is continuous ( 2, 

 3). Peruzzo et al. examined a contin-

uous quantum walk on a line. Theo-

rists initially studied the behavior of a 

quantum walk on a line, but went on 

to look at walks on more complicated 

structures such as grids, n-dimensional 

cubes, and tree graphs (graphs with no 

closed paths).These structures are col-

lectively called graphs, a graph being 

just a collection of vertices with edges 

between them.

The first application of quantum 

walks was to searches ( 4). One of the 

vertices in the graph, called the marked 

vertex, has different properties than 

the others, and we would like to fi nd 

out which vertex it is. What typically 

happens is that after N½ steps, where 

N is the number of vertices, the par-

ticle making the walk becomes local-

ized on the marked vertex, so we just 

look and see where the particle is, and that is 

the marked vertex. It is also possible to locate 

marked edges as well as subgraphs within a 

graph ( 5). Classically, it would be necessary 

to check each vertex to see if it is the marked 

one, which would require N steps, so quantum 

walks make the procedure more effi cient.

Recently, two quantum algorithms based 

on quantum walks have been discovered. The 

fi rst, developed by Ambainis, makes use of 

a black box that evaluates the output func-

tion, f(x), for a given input x ( 6). The object 

is to fi nd two different inputs that give the 

same output, or else reveal that each input 

gives a different output. Ambainis’s quantum 

algorithm is more effi cient than any classi-

cal algorithm for the same task. The second, 

developed by Farhi, Goldstone, and Gutman, 

can evaluate certain kinds of Boolean formu-

las (logical statements) more effi ciently than 

can be done on a classical computer ( 7).C
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Steps

A

B

–100 –50 0 50 100

–100 –50 0 50 100

Walk like a photon. The difference between a classical random walk 
and a quantum walk is illustrated. (A) After starting at the origin and 
making a classical random walk of 100 steps, a classical cat is most 
likely to be found where it started (top). (B) A quantum object starting at 
the origin and making a quantum walk of 100 steps will most likely be 
found about 70 steps to the right or to the left of where it started. Here 
the object is represented by a cat, but in the study by Peruzzo et al., the 
walkers are two photons. Quantum walks can help speed up search algo-
rithms based on random walks.

Compared to classical objects, a quantum 

object such as a photon will randomly search 

through a maze in fewer steps.

Published by AAAS
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Should Confi dence Be Trusted?

NEUROSCIENCE

Hakwan Lau 1 ,2 and Brian Maniscalco 1  

The ability to monitor the effi cacy of one’s own 
perception is associated with differences in the 
structure of specifi c brain regions.

        I
magine two witnesses in a courtroom. 

One is absolutely sure of her testimony; 

the other gives opposing testimony, but is 

less confi dent. Who would you trust more? 

All else being equal, we would tend to trust 

the former, because we believe that judg-

ments made with high confi dence are more 

accurate. This correlation between confi-

dence and accuracy, though often true, unfor-

tunately is not infallible. On page 1541 in this 

issue, Fleming et al. ( 1) report a relationship 

between the brain scans of people obtained by 

magnetic resonance imaging (MRI) and how 

seriously we should take their expressed level 

of confi dence.

When analyzing how confi dence predicts 

accuracy, it is desirable to account for the effect 

of “response bias.” For instance, perhaps the 

witness’s high confi dence is driven by a brash 

personality rather than a genuinely accurate 

memory. The problem of response bias is tra-

ditionally addressed by methods such as “sig-

nal detection theory,” which is an analytic tool 

that allows us to separate effi cacy from bias 

( 2). By applying such techniques ( 3), one can 

characterize how well the subject’s expressed 

level of confi dence distinguishes between cor-

rect and incorrect responses, independent of 

response bias. This measure of the effi cacy 

of confi dence ratings has been called “type 

2 performance” to distinguish it from “type 

1 performance,” which measures how accu-

rately a subject actually identifi es a stimulus. 

In other words, high type 2 performance indi-

cates a close relationship between the confi -

dence of the subjects and how accurately they 

identify the stimulus.

But there is another problem: Type 2 per-

formance is influenced by type 1 perfor-

mance ( 3). The intuition is simple: Suppose 

a subject has great diffi culty making accurate 

judgments about stimuli (such as the orienta-

tion of a fi gure), making many incorrect judg-

ments as well as “fl uke” judgments that are 

correct only by chance. The subject cannot 

distinguish incorrect judgments from those 

that are correct only by chance; they all seem 

like guesses. Thus, some variation in type 2 

performance may be attributable merely to 

the quality of “lower-level” stimulus process-

ing in the brain (i.e., type 1 performance). 

To isolate this confounding factor, Flem-

ing et al. controlled for type 1 performance 

by programming a computer to give harder 

trials to the better observers, 

and easier trials to the poorer 

observers. The authors still 

found substantial variability in 

type 2 performance across 32 

observers. Also, structural MRI 

brain scans revealed that those 

observers with a high type 2 

performance had higher gray 

matter signal intensity (which 

implies greater volume or den-

sity) in the frontal lobe than the 

low type 2 performers. The dif-

ference was most prominent in 

the frontal polar areas, but also 

was apparent in the dorsal lat-

eral prefrontal cortex and anterior cingulate 

cortex. Furthermore, neuronal fibers con-

necting these regions showed higher signal 

intensity in the MRI scans.

The results speak to the debated issue ( 4) 

of whether type 2 performance refl ects gen-

uine metacognition ( 5)—that is, cognition 

about another cognitive process, rather than 

about an external stimulus. For instance, one 

may argue that confi dence ratings in a per-

ceptual task may be made by tracking the 

strength of the external stimulus, rather than 

by introspection of the effi cacy of the percep-

tual process (metacognition). However, meta-

cognition is one plausible way in which such 

confi dence ratings can be made, as has been 

demonstrated by computational modeling 

( 6). The correlation of type 2 performance 

with structures in the frontal polar region of 

the brain seems to support the metacognitive 

account, because this area is at the top of the 

Confi dence ratings. Why does a witness’s expressed level of confi -
dence, when giving testimony, affect our judgement of its accuracy?

On the experimental side, quantum walks 

have been performed in a number of differ-

ent systems, including trapped ions, atoms in 

optical lattices, and photons. A distinctive fea-

ture of the method described by Peruzzo et al. 

is their use of two walkers, i.e., two photons. 

They measured quantum correlations between 

the photons that are stronger than those that 

can be obtained with phase-averaged classi-

cal light. There have been only a few inves-

tigations of quantum walks with two walkers, 

and most of these have focused on the case in 

which the walkers can undergo statistical cor-

relations, as in the study of Peruzzo et al., but 

do not interact through forces (for example, as 

charged particles might do). Recently, Gam-

ble et al. ( 8) found that two interacting walk-

ers are more successful at distinguishing non-

isomorphic graphs (ones that connect vertices 

differently) than are noninteracting walkers.

There is still a great deal to be learned 

about quantum walks. For a single walker, 

walks on more complicated graphs or sim-

ple graphs with defects are possible areas 

of investigation. Walks with multiple walk-

ers, both the noninteracting and interacting 

cases, are relatively unexplored. Finally, it 

is possible that more quantum algorithms 

will emerge from a better understanding of 

quantum walks that will enable new ways to 

speed up computation. 
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