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\This is an apple"

@ The teacher knows whahpplesand orangesare and shares his
valuable knowledge with the student.

o In the testing phaseunder thestandard settingthe studentwrites an
essay (hypothesis), explaining how to distinguish apptesnf oranges

o In the testing phaseunder thepredictive settingthe student
demonstrates ability to distinguish apples from oranges

| Clearly, standard learnability implies predictive ledbilay (a
hypothesis can be used as a distinguishing algorithm).
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@ We allowguantum messagesom the teacher.
The student is aguantum algorithm
o Quantum models arat least as strong agheir classical analogues.

@ A concept classs learnablein a given model if are cient algorithm
can play the role of a student.

| Are quantum models stronger than classical?
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guantum PAC learning of DNF formulagthis is currently not known
to be possible from classical examples (even by a quanturorighgn).

| In [SG04] Servedio and Gortler showed tHedm the
information-theoretic point of view, classical PAC is noeaker than
its quantum analogue
On the other hand, they demonstrated separation modulo certain
cryptographic assumptions
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e It is well known thatin any classical learning model, a predictive
learning algorithm can be turned into a standard one

e The argumentdoes not translate to the case of quantum models

o We will show that, indeedguantum predictive learning is qualitatively
stronger than quantum standard learning
Observe thatunconditional separation between quantum and classic
learningwill follows immediately.
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hypotheses representatipeven if one only requires that a hypothesis
approximatesthe target.

More preciselyany concept clas$l that approximatesC must be of
double-exponential size

@ Simple counting reveals thalmost all concept classes are
unspeakable
@ It holds that
I no standardalgorithm (either quantum or classical) can e ciently lear
an unspeakable claggrivially true);
I no classicaklgorithm can e ciently learn an unspeakable clgss
I unspeakable classes ffnctionsare not learnable e ciently (either
quantumly or classically)
I Therefore,willing to learn unspeakable concepiwe can only hope to
do so for arelational class, in aquantum predictivemodel.
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o Let N be prime. Every concept in the clagsis represented bg
binary string c2 f 0; 1gN.
The set of queries isN  1].
A pair (X;cx  Cx+q)2 Zn T 0;1gis avalid answerto query
g2 [N 1]wrt. c2C.

o We demonstrate thatC is unspeakable { in particular, it is not
learnable classically

On the other hand,Cis e ciently learnable in PQ.

| This construction has been inspired by a communication jeab
de ned in [KWO03] and [BJKO4].
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. def P .
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The student is ready for the testing phase.

e Given a test questiomy 2 [N 1], the student performs projective
measurement of ,i onto (N 1)=2 subspaces, each spanned by a
pair of vectors from

iXo+(2i +1) qoi jxo+ (i +2)goi 0 i N2
@ The state becomes eitheri + ja+ qoi orjai j a+ qoi,
corresponding tac;  Ca+q, =0 Or Ca  Carq, = 1, respectively.
| The student responds witlia; ¢, Ca+ q,), @s required.
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@ We show thatany h2 H can approximate at mosgP( V) =
209(2") concepts fromC.
e AsjCj=2?", it must hold that
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quasi-unspeakable functionabncept classes is possible.
An explicit example would probably require (non-uniformartiness
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Assuming BQP* P=poly, the answer is trivia(let c%f ff g, for any
L 2 BQP nP=poly) { the goal is to weaken the assumptions
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