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Abstract

Low degree tests play an important role in classical complexity theory, serving as basic
ingredients in foundational results such as MIP = NEXP [BFL91] and the PCP theorem [AS98,
ALM™98]. Over the last ten years, versions of these tests which are sound against quantum
provers have found increasing applications to the study of nonlocal games and the complexity
class MIP*. The culmination of this line of work is the result MIP* = RE [JNV+20].

One of the key ingredients in the first reported proof of MIP* = RE is a two-prover variant
of the low degree test, initially shown to be sound against multiple quantum provers in [Vid16].
Unfortunately a mistake was recently discovered in the latter result, invalidating the main result
of [Vid16] as well as its use in subsequent works, including [JNV*20].

We analyze a variant of the low degree test called the low individual degree test. Our
main result is that the two-player version of this test is sound against quantum provers. This
soundness result is sufficient to re-derive several bounds on MIP* that relied on [Vid16], including
MIP* = RE.

*zhengfeng.jiQuts.edu.au

fanandn@mit.edu. Most of this work performed while affiliated with the California Institute of Technology.

tyidick@caltech.edu

Swright@cs.utexas.edu. Most of this work performed while also affiliated with the California Institute of Technol-
ogy.

Thyen@cs.toronto.edu



Contents

1

Introduction

1.1  Quantum soundness of the low degree tests
1.2 Total degree versus individual degree . . . .
1.3 Conclusion and open problems . . .. ...

Technical overview
The test

Preliminaries

4.1 Finitefields . . .. ... ... ... .....

4.2 Polynomials over finite fields . . ... ...

4.3 Measurements . . . . . ... ... ...

4.4 Comparing measurements . . . . . . . . ..
4.4.1 Consistency between measurements .
4.4.2 The state-dependent distance . . . .

4.4.3 Deriving consistency relations from the state-dependent distance . . . . . ..

4.4.4 Miscellaneous distance properties . .
4.4.5 Strong self-consistency . . . . . . ..

Making measurements projective
5.1 Naimark dilation . . . . ... ... ... ..
5.2 Orthogonalization lemma . . . ... .. ..

The main induction step
6.1 Self-improvement and pasting . . . . .. ..
6.2 Proof of Theorem 6.1 . . . . ... ... ...

Expansion in the hypercube graph
7.1 Eigenvalues of the hypercube graph . . . . .
7.2 Local and global variance . . ... ... ..

Global variance of the points measurements

Self-improvement

9.1 A semidefinite program . . . ... ... ..
9.2 Proof of Lemma 9.1 . ............
9.3 Self-improving to a projective measurement

10 Commutativity of the points measurements

11 Commutativity

11.1 Commutativity of G after evaluation . . . .
11.2 Commutativity of G . . . . . . .. ... ..

12

15
16
16
17
18
18
20
22
23
27

33
34
36

51
95
o7

61
61
63

65

67
68
71
80

83



12 Pasting 92

12.1 From measurements to sub-measurements . . . . . . ... ... o000 94
12.2 The pasted sub-measurement . . . . . . . . . . . . .. ... e 95
12.2.1 The first construction . . . . . . . . . . . ... e 96
12.2.2 The second construction . . . . . . . .. ..o 98
12.3 Strong self-consistency and commutation of G 99
12.3.1 Strong self-consistency of G . . . . . ... Lo 100
12.3.2 Commutativity of G . . . . . . . . . 100
12.3.3 Putting everything together . . . . . . . . . ... oo 105
12.4 Consistency of the sandwich Hwith B . ..o 105
12.5 Consistency of H with A. . . . . . . . . . 108

12.6 Completeness of H . . . . . . . . . o 0 e e e 110



1 Introduction

An m-variate polynomial over the finite field F, is a function g : Fj* — F, of the form
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where each coefficient ¢;, . ;. is an element of F,. We say that g has total degree d (or degree
d, for short) if 41 + --- + i, < d for each nonzero coefficient ¢;, . ;,,, and individual degree d
if 41,...,4, < d for each nonzero coefficient ¢;, . ;.. Low-degree polynomials have a variety of
properties which make them useful in theoretical computer science, chief among which is their
distance: by the Schwartz-Zippel lemma, two nonequal degree d polynomials g and h agree on at
most a d/q fraction of the points in IFy".

Low (individual) degree testing refers to the task of verifying that an unknown function g : Fy' —
[F, is representable as a polynomial of (individual) degree d by querying g on a small number of
points u € Fi*. There is a pair of canonical tests for doing so known as the surface-versus-point low-
degree test and the low individual degree test. It is common to frame these tests as games between
a referee and two provers. In this setting, the surface-versus-point low degree test, parameterized
by an integer k > 1, is performed by the verifier as follows.

1. Select u ~ ;" uniformly at random. Give it to Prover A. They respond with a value a € F,.

2. Select a uniformly random k-dimensional affine surface s in Fi' containing u. Give it to
Prover B. They respond with a degree-d k-variate polynomial f : s — [F,.

3. Accept if f(u) = a.

This test is motivated by the following “local characterization” of low-degree polynomials: a poly-
nomial g : F* — Ty is degree-d if and only if g[s is degree-d for all k-dimensional surfaces s. Hence,
if g is degree-d, then the provers can win with probability 1 by always replying with a = g(u) and
f = gls. Soundness of the low-degree test refers to the converse statement, namely that players
who succeed with high probability must be responding based on a low-degree polynomial. This is
formalized as follows.

Theorem 1.1 (Raz-Safra [RS97]). Suppose Provers A and B pass the k = 2 surface-versus-point
low-degree test with probability 1 — €. Then there exists a degree-d polynomial g : ¥i* — Fy such
that
Pr lg(u) = a] > 1 — e poly(m) - poly(d/q).
q

A similar “local characterization” of low individual degree polynomials states that a polyno-
mial g has individual degree d if and only if g|; is a univariate degree-d polynomial for all axis-
parallel lines ¢. An axis-parallel line is a line of the form ¢ = {u+a-e; | i € Fy}, for u € F" and
i € {1,...,m}. Motivated by this, the low individual degree test follows the same outline as the
surface-versus-point low degree test except with the second step substituted with the following.

2. Select a uniformly random axis-parallel line £ in Fj" containing u. Give it to Prover B. They
respond with a degree-d univariate polynomial f : £ — F,.

When d = 1, the low individual degree test is called the multilinearity test because a polynomial
with individual degree d = 1 is a multilinear polynomial. The multilinearity and low individual
degree tests were first introduced and proven sound by Babai, Fortnow, and Lund in [BFL91]. The



analysis of its soundness was then improved by [AS98] and then further sharpened by [FHS94].
The best bound follows from the work of Polishchuk and Spielman [PS94]; their work considers
only the bivariate m = 2 case, but extending it to the multivariate case yields the following result.

Theorem 1.2 (Polishchuk-Spielman [PS94]). Suppose Provers A and B pass the low individual
degree test with probability 1 — €. Then there exists a polynomial g : Fi' — Fg with individual
degree d such that

Pr [g(u) = a] = 1 — poly(m) - (poly(€) + poly(d/q)).

m
u,N]Fq

We note that the soundness error the low individual test gives is actually worse than the low
degree test, because the low individual degree function ¢ is only poly(m) - (poly(e) + poly(d/q))
close to Player A’s strategy, rather than e 4+ poly(m) - poly(d/q). We will discuss this weakness of
the low individual degree test below.

The multilinearity test, low individual degree test, and low-degree test form a sequence in which
each test generally enables more applications than the previous one. The multilinearity test can be
used to show that MIP = NEXP using a polynomial number of rounds [BFL91], the low individual
degree test can reduce the number of rounds to 1, and the low degree test can be used to “scale
this result down” and prove the PCP theorem, i.e. NP = MIP[O(log(n)), O(1)] [AS98, ALM™93].

1.1 Quantum soundness of the low degree tests

The work of Ito and Vidick [IV12] initiated a program of studying these tests in the case when
the players are quantum, as a means of proving bounds on the complexity class MIP*. Because
the provers are quantum, they are allowed to share an entangled state, a resource which could
potentially allow them to “cheat” the test and win without using a low-degree polynomial. The
goal of this program is to show that this is not possible. In other words, the goal is to show that
these tests are quantum sound, which means that provers who succeed with high success probability
must answer their questions according to a low (individual) degree polynomial, even if they are
allowed to share quantum entanglement.'

Correctly formalizing the notion of quantum soundness is a subtle task, as quantum provers
can in fact ace these tests using a broader class of strategies than their classical counterparts.
For example, the two provers can use their quantum state |1)) to simulate shared randomness,
which they can use to sample a random low-degree polynomial g to answer their questions with;
what makes this still acceptable is that g depends only on their shared randomness and not their
questions. The correct formalization of quantum soundness was identified by Ito and Vidick [IV12],
which states the following: suppose Provers A and B pass the low-degree test with probability
close to 1. For each point question u € Fg', let A" = {A%} be the measurement that Prover A
applies to their share of [¢)) to produce the answer a € F,. Then the test being quantum sound
means that there should be a measurement G = {Gy}, independent of u € Fy*, which outputs
degree-d polynomials g and “acts like A”. In other words, rather than measuring A* to produce
the outcome a € Iy, Prover A could have simply measured G, received the polynomial g, and
outputted its evaluation at u, i.e. the value g(u). We will measure the similarity between A and G
by considering the experiment where Prover A measures with A" to produce a, Prover B measures

"We note that quantum soundness of the low-degree tests, which is the focus of this work, is distinct from soundness
of the quantum low-degree test. The “quantum low-degree test” is a particular test introduced by Natarajan and
Vidick in [NV18a] which gets its name from the prominent role that the low-degree test plays as a subroutine, and
its “soundness” is simply the result that they prove about it.



Test shown Complexity-theoretic Number

quantum-sound consequence of provers
1. [IV12]: multilinearity test NEXP C MIP* 3
2. [Vid16]: low-degree test NP C MIP*[O(log(n)), O(1)] 3
3. [NV18b]: low-degree test NP C MIP*[O(log(n)), O(1)] 2

Consequences of [NV18b]:

(a) [NV18a]: QMA C MIP*[O(log(n)), O(1)] 7
(under randomized reductions)

(b) [NW19]: NEEXP C MIP* 2

(c) [INVT20]: MIP* = RE 2

Figure 1: Prior work on quantum-sound low degree tests and their complexity-theoretic conse-
quences. The first three works showed a quantum-sound test and an MIP* bound, both involving
the same number of provers indicated in the final column. The last three works use the low-degree
test from [NV18b| to show the indicated MIP* bound.

with G to produce g, and we check if g(u) = a. This entails studying the quantity

E D Y WlAte G,

1 a€Fq g:g(u)=a

which we aim to show is as close to 1 as possible. In this way, the provers’ quantum advantage is
limited to their ability to select a low-degree polynomial g.

One additional quirk of the quantum setting is that it has been historically useful to consider
variants of these tests which feature more than two provers. This allows one to use monogamy of
entanglement to reduce the power that entanglement gives to the provers, making it easier to show
that a given test is quantum sound. Low degree test results with fewer provers are more difficult
to show and have more applications.

The program of showing that these tests are quantum sound was carried out for the 3-prover
multilinearity test by Ito and Vidick [IV12] and for the 3-prover low-degree test by Vidick [Vid16],
which was later improved to 2-provers by Natarajan and Vidick [NV18b]. This latter result led
to a sequence of works which culminated in the proof that MIP* = RE and the refutation of the
Connes embedding conjecture in [JNV*120]. We summarize this line of research in Figure 1.

Subsequent to the initial posting of [JNV*20] on the arXiv, an error was discovered in the anal-
ysis of the quantum-sound low degree test contained in [Vid16] which was propagated to [NV18b].
The error affects the proof in a manner that appears difficult to fix. As such, we currently do not
know if the low-degree test is quantum-sound for any number of provers. The invalidation of this
analysis affects every result in Figure 1 except for [[V12].

The purpose of this work is to provide a different soundness analysis, for a variant of the low-
degree test, that can nevertheless be used as a replacement for it in most subsequent works. We
do so by revisiting the three-player quantum-sound multilinearity test of [IV12] and improving
this result in two ways. First, we generalize it to hold for the degree-d low individual degree test,
of which the multilinearity test is the d = 1 special case. Second, using techniques introduced
in [Vid16, NV18b], we reduce the number of provers from 3 to 2. Our main result is as follows.




Theorem 1.3 (Main theorem, informal). Suppose Provers A and B pass the two-prover. degree-d
low individual degree test with probability 1 —e. Let A = {Al} be the measurement the provers
perform when they are given the point u € Fy" to produce a value a € F,. Then there exists a
projective measurement G = {G4} whose outcomes g are polynomials of individual degree d such
that

E Y > (A% @ Gyle) > 1—poly(m) - (poly(e) + poly(d/q)).

uNIFg"
a€F, g:g(u)=a

In other words, if Prover A measures according to A* to produce a and Prover B measures according
to G to produce g, then g(u) = a except with probability poly(m) - (poly(€) + poly(d/q)).

Thus, we are able to extend Theorem 1.2 to the case of two quantum provers (with some minor
caveats; see Theorem 3.10 below for the formal statement of Theorem 1.3).

Although Theorem 1.3 establishes quantum soundness of the low-individual degree test and
not of the low-degree test, it is still sufficient to recover the result NEEXP C MIP* from [NW19]
and the result MIP* = RE from [JNVT20]. In addition, we can use it to recover the self-test
for an exponential number of EPR pairs from [NV18a]. Edited drafts of these work to account
for this change are forthcoming. It remains open whether the complexity-theoretic consequences
of [Vid16, NV18b, NV18a] to the “scaled down” setting still hold.

1.2 Total degree versus individual degree

We now contrast the low degree test with the individual degree test and explain why we are only
able to prove the latter quantum sound. We begin by explaining why the low individual degree
test, unlike the low degree test, requires a poly(m) - poly(e) dependence in the soundness error.

Example 1.4. Consider the degree-(d + 1) polynomial h(z1,...,z,) = :zi”l, and suppose that

Players A and B play according to the following classical strategy.
o (Player A): given u € F", return the value a = h(u).

o (Player B): given the axis parallel line £ = {u +z -¢; | € F;}, act as follows. If ¢ > 1,
then h is a constant function along £, and so return f = h|g. Otherwise, if 2 = 1, then h is a
degree-(d 4 1) polynomial along £. As the verifier expects a degree-d polynomial, simply give
up and return f = 0.

Using this strategy, f(u) = hlg(u) = h(u) = a whenever ¢ # 1, which occurs with probability
— % Hence, the players pass the degree-d low individual degree test with probability at least
l—cfore= % However, Player A is responding to their questions using the polynomial h which is
degree-(d+ 1) but not degree-d, and so by the aforementioned Schwartz-Zippel lemma, any degree-
d polynomial ¢ will agree with h on at most a ¢ fraction of all inputs. This means that the
agreement between Player A’s strategy and any degree-d polynomial g is at most
Pr [g(u) = a <l—m-e—|—dj1_1.

u~Fg
Example 1.4 shows that the dependence on m and € in Theorem 1.3 is tight up to polynomial
factors. This reveals a weakness with the low individual degree test: one can only conclude that
the players are using a low individual degree strategy when their failure probability € is tiny—on

the order of % or smaller. The low (total) degree test is alluring because it has the potential to
avoid this dependence on m.



Soundness of the low total and individual degree tests is typically proven by induction on m.
For the low individual degree test, each step of the induction incurs an error of poly(m) - (poly(e) +
poly(d/q)). Summing over all m steps, this gives a total error of poly(m) - (poly(e) + poly(d/q)),
exactly as in Theorem 1.3. For the low degree test, on the other hand, each step of the induction
only incurs an error of poly(e) + poly(d/q). However, if summed over all m steps, this still gives a
total error of m - (poly(¢e) 4+ poly(d/q)), which is too large.

To account for this, the soundness proofs in [Vid16, NV18b| introduce a technique at the
end of each induction step called Consolidation in which the growing error is “reset” down to
an error poly(e) 4+ poly(d/q) which remains fixed across all levels of the induction. This allows
them to conclude with an error that was independent of the dimension m. Consolidation works as
follows: if the error of the projective measurement G = {G,} ever grows past this fixed error, the
Consolidation step argues that on some portion of the Hilbert space, the measurement G must be
performing much worse than expected; it then corrects this by inductively calling the low-degree
test soundness to produce a better measurement on this portion of the Hilbert space. Ultimately,
however, this creates a cascade of Consolidation steps calling each other with increasing error,
which at some point grows so large that the low-degree soundness can no longer be applied. This
is the source of the bug.

Fortunately, this work shows that the techniques of these prior works, aside from Consolidation,
are still sound. So we can show soundness bounds which grow as a function of m, even if we cannot
yet show bounds independent of m. In the end, this “weakness” of the low individual degree test
is precisely what allows us to show that it, and not the low degree test, is quantum sound.

That said, we do believe, although we have not rigorously verified, that our techniques are
capable of proving a result like Theorem 1.3 for the low degree test, i.e. a soundness bound of
poly(m)-(poly(e) +poly(d/q)) rather than e+poly(m)-poly(d/q). This “weak” quantum soundness
does not rule out the possibility that quantum provers can significantly outperform their classical
counterparts. It is, however, still sufficient for the same applications as the low individual degree
test, and it hints towards the possibility of a full quantum soundness of the low degree test.

1.3 Conclusion and open problems

In recent years, the classical low-degree test has played a critical role in the study of nonlocal games
and the complexity class MIP*. In addition to correcting previous proofs of soundness, we hope
that this new exposition will invite new researchers to engage with this beautiful area. We conclude
with a short list of open problems for future work.

1. Is the classical low-degree test quantum sound? Can the Consolidation step be fixed?

2. Even if the classical low-degree test is shown quantum sound, there are still interesting ques-
tions to be answered about the low individual degree test. For example, can the diagonal
lines test be removed? (See Section 3 for a description of this subtest.) Doing so would likely
simplify the proof of MIP* = RE [JNV20], as one could replace the complicated “conditional
linear functions” used in the proof with a simpler subclass known as “coordinate deletion
functions”. However, as discussed at the end of Section 2, we know of an example that re-
quires the diagonal lines test for the low individual degree test with parameters m = 2, d = 2,
and ¢ = 4. Can we find similar examples for larger ¢?

3. Classically, the low degree test generalized in various directions, including tests for affine
invariant properties [KS08, Sudll] and tests for tensor product codes (see, for example,
[CMS17]). Does quantum soundness hold for these tests as well?



4. This work continues the trend of showing that well-studied classical property testers are also
quantum sound. Prior to this, the work of [IV12] (see also [Vid11l, Chapter 2]) showed that
the linearity tester of Blum, Luby, and Rubinfield [BLR93] is also quantum sound. The
proofs of these results have so far been case-by-case adaptations of the classical proofs to the
quantum setting; in the case of this paper, the proof is highly nontrivial and involves many
ad hoc calculations which fortunately go in our favor. Is there a more conceptual reason why
quantum soundness holds for these testers? Perhaps a reduction from the quantum case to
the classical case?

2 Technical overview

At a high level, our proof follows the approach of [BFLI1], and it is useful to start by summarizing
their analysis, which applies to classical, deterministic strategies. In this version of the test, the
provers’ strategy is described by a “points function,” assigning a value in F, to each point in F",
and a “lines function,” assigning a low-degree polynomial to each line in Fy" queried in the test.
From the assumption that the points and lines functions agree at a randomly chosen point with
high probability, we would like to construct a global low-degree polynomial that has high agreement
with the points function. This is done by inductively constructing “subspace functions” defined on
affine axis-aligned subspaces of increasing dimension k. The base case is £ = 1, and is supplied by
the lines function. At each step, to construct the subspace function for a subspace S of dimension
k + 1, we pick d + 1 parallel subspaces of dimension k that lie within .S, and compute the unique
degree-d polynomial that interpolates them. The analysis shows that at each stage, the function
constructed through interpolation has high agreement on average with the points function and
lines function. In the end, when we reach k& = m the ambient dimension, the subspace function we
construct is the desired global function.

For the sake of simplicity, it suffices to consider the case d = 1, i.e. multilinear functions. In
this case, whenever we perform interpolation, we need to combine 2 parallel subspaces.

The classical zero-error case To start building intuition, it is useful to think about how to
carry out the above program in a highly simplified setting: the classical zero-error case, for m = 3.
In this case, we assume that we have access to a points function f and lines function g that perfectly
pass the BFL test. Moreover, we will focus on the final step of the induction: thus, we assume
that we have already constructed a set of planes functions defined for every axis-parallel plane, that
are perfectly consistent with the line and point functions. In the final step of the induction, our
goal is to combine these planes functions to create a single global function h over all of Fg that is
consistent with the points and lines functions.

To do this, we will interpolate the planes as follows. Let us label the 3 coordinates in the space
x,y,and z, and consider planes parallel to the (z,y)-plane. Each plane S, is specified by a value of
the z coordinate:

S, ={(z,y,2) : (x,y) € Iﬁ‘z}
By the induction hypothesis, for every such plane S, there exists a bilinear function g, : Iﬁ‘g — Ty
that agrees with the points function. To construct a global multilinear function A : IFZ — Fy, we
pick two distinct values z; # 22, and “paste” the two plane functions g,, and g, together using
polynomial interpolation. Specifically, we define h to be the unique multilinear polynomial that
interpolates between g,, on the plane S,, and g, on the plane S,,.

. zZ — 29 zZ— 2z
h(w,y, Z) = mterpolatethQ (gzugzz) = <Zl — Z2> 9z ($7y) + <Z2 — Zl> 9z (m,y)

9



This procedure defines a global function A, and by the assumption that g,, and g,, are mul-
tilinear, it follows that A is also a multilinear function. But why is h consistent with the points
function? To show this, we need to consider the lines function on lines parallel to the z axis.
Given a point (z,y, z), let £ be the line parallel to the z axis through this point, and let g, be the
associated lines function. By construction, h agrees with g, at the two points z; and zo. But gy
and the restriction hj, of h to £ are both linear functions, and hence if they agree at two points,
they must agree everywhere. (This is a special case of the Schwartz-Zippel lemma, which says that
if two degree-d polynomials agree at d 4+ 1 points, they must be equal.) Thus, h agrees with g, at
the original point z as well. By success in the test, g, in turn agrees with the points function f at
(z,y,2), and thus, h(z,y,z) = f(x,y,z). Thus, we have shown that the global function h is both
multilinear and agrees with the points function f exactly.

Dealing with errors To extend the sketch above to the general case, with nonzero error, requries
some modifications. At the most basic level, we may consider what happens when we allow for
deterministic classical strategies that succeed with probability less than 1 in the test. Such strategies
may have “mislabeling” error: the points function f may be imagined to be a multilinear function
that has been corrupted at a small fraction of the points. This type of error is handled by the
analysis in [BFL91]. The main modification to the zero-error sketch above is a careful analysis of
the probability that the pasting step produces a “good” interpolated polynomial for a randomly
chosen pair of planes S, ,S,. This analysis makes use of the Schwartz-Zippel lemma together with
combinatorial properties of the point-line test itself (e.g. the expansion properties of the question
graph associated with the test).

At the next level of generality, we could consider classical randomized strategies. Suppose we
are given a randomized strategy that succeeds in the test with probability 1 — e. Any randomized
strategy can be modeled by first sampling a random seed, and then playing a deterministic strategy
conditioned on the value of the seed. A success probability of 1 — e could have two qualitatively
different underlying causes: (1) on O(e) fraction of the seeds, the strategy uses a function which
is totally corrupted, and (2) on a large fraction of the seeds, the strategy uses functions which are
only e-corrupted. An analysis of randomized strategies could naturally proceed in a “seed-by-seed”
fashion, applying the deterministic analysis of [BFLI1] to the large fraction of “good” seeds (which
are each only e-corrupted), while giving up entirely on the “bad” seeds.

In this document, we consider quantum strategies, which have much richer possibilities for error.
Nevertheless, we are able to preserve some intuition from the randomized case, by working with
sub-measurements: quantum measurements that do not always yield an outcome. Working with
a sub-measurement allows us to distinguish two kinds of error: consistency error (the probability
that a sub-measurement returns a wrong outcome) and completeness error (the probability that
the sub-measurement fails to return an outcome at all). Roughly speaking, the completeness
error corresponds to the probability of obtaining a “bad” seed in the randomized case, while the
consistency error corresponds to how well the strategies do on “good” seeds.

The technique of using sub-measurements and managing the two types of error separately goes
back to [IV12]. That work developed a crucial tool to convert between these two types of error
called the self-improvement lemma, and in our analysis we make extensive use of a refined version of
this lemma (Theorem 6.2), building on [Vid16, NV18b]. Essentially, the lemma says the following:
suppose that (a) the provers pass the test with probability 1 — ¢, and (b) there is a complete
measurement G, whose outcomes are low-degree polynomials that has consistency error v: that
is, G always returns an outcome, but has probability v of producing an outcome g that disagrees
with the points measurement AY at a random point u. Then there exists an “improved” sub-

10



measurement Hp, with consistency error ¢ depending only on €, and with completeness error (i.e.
probability of not producing an outcome at all) of v + (. Essentially, this lemma says we can
always “reset” the consistency error of any measurement we construct at intermediate points in the
analysis to a universal function ¢ depending only on the provers’ success in the test, at the cost of
introducing some amount completeness error. Intuitively, one may think of the action of the lemma
as correcting GG on the portions of Hilbert space where it is only mildly corrupted, while “cutting
out” the portions of Hilbert space where G is too corrupted to be correctable. In some sense, this
lemma is the quantum analog of the idea of identifying “good” and “bad” random seeds in the
classical randomized case. The proof of the lemma uses a semidefinite program together with the
combinatorial facts used in [BFL91] (specifically, expansion of the question graph of the test, and
the Schwartz-Zippel lemma).

Armed with the self-improvement lemma, we set up the following quantum version of the BFL
induction loop: for k running from 1 to m, we construct a family of subspace measurements Gg
that returns a low-degree polynomial g for every axis-aligned affine subspace S of dimension k.

1. By the induction hypothesis, we know that there exists a measurement Gg for every k-
dimensional subspace, which has consistency error §(k) with the points measurement. (For
the base case k = 1, this is the lines measurement from the provers’ strategy).

2. We apply the self-improvement lemma to these measurements, yielding sub-measurements Gg
that have consistency error ¢ independent of 6(k), and completeness error (k) = d(k) + C.

3. For each subspace S of dimension k + 1, we construct a pasted sub-measurement, by per-
forming a quantum version of the classical interpolation argument: we define the pasted
sub-measurement by sequentially measuring several subspace measurements corresponding
to parallel k-dimensional subspaces, and interpolate the resulting outcomes. This pasted sub-
measurement has consistency slightly worse than ¢, and completeness error which is slightly
worse than (k). It is at this step that it is crucial to treat the two types of error separately: in
particular, we need the consistency error to be low to ensure that the interpolation produces
a good result.

4. We convert the resulting sub-measurement into a full measurement, by assigning a random
outcome whenever the sub-measurement fails to yield an outcome. This measurement will
have consistency error d(k + 1) which is larger than §(k) by some additive factor.

At the end of the loop, when k& = m, we obtain a single measurement that returns a global
polynomial as desired.

The diagonal lines test An important element of the test we analyze in this document, which
is unnecessary in the classical case, is the diagonal lines test. The purpose of this test is to certify
that the points measurements used by the provers approximately commute on average over all pairs
of points (z,y) in F;'—something which is automatically true in the classical case. This is done by
asking one prover for a polynomial defined on the line going through x and y, and the other for the
function evaluation at either x or y. The line through x and y will not in general be axis-parallel;
we refer to these general lines as “diagonal.”

The commutation guarantee plays an important role in our analysis of the test, and it is an
interesting question whether it is truly necessary to test it directly with the diagonal lines test; might
it not automatically follow from success in the axis-parallel lines test? An interesting contrast can
be drawn to the Magic Square game [Mer90, Per90, Ara02], in which questions are either cells or
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axis-parallel lines in a 3 x 3 square grid. This has the same question distribution as the axis-parallel
line-point test over F% (although the answers in the Magic Square game are strings in Fo rather
than F3). For the Magic Square game, “points” measurements along the same axis-parallel “line”
commute, but points that are not axis-aligned do not commute: indeed, for the perfect strategy,
they anticommute. Despite this example, we know that commutation between all pairs of points
can be deduced from the axis-parallel lines test alone, rending the diagonal lines test unnecessary,
at least in the case of the bivariate (m = 2) multilinearity test (the low individual degree test when
d = 1). On the other hand, we know of a quantum strategy using noncommuting measurements
which succeeds with probability 1 in the m = 2, d = 2, ¢ = 4 low individual degree test. Whether
this counterexample can be extended to larger ¢ remains an open question.

Organization The rest of this document is organized as follows. In Section 4 we review some
preliminaries concerning finite fields, polynomials, and quantum measurements. In Section 5, we
present two tools for making quantum measurements projective, which are used in our analysis.
In Section 6, we give the inductive argument proving the main theorem. In Sections 7 and 8 we
show some properties of the hypercube graph and families of measurements indexed by points on
the hypercube, which are used in Section 9 to prove the self-improvement lemma. In Sections 10
and 11, we show commutativity properties of the measurements constructed in the induction, and
finally in Section 12 we analyze the pasting step of the induction.

Acknowledgments We thank Lewis Bowen for pointing out typos and a few minor errors in
a previous version. We also thank Madhu Sudan for help with references on the classical low
individual degree test.

3 The test

Definition 3.1 (Roles). The low individual degree test will be played between two provers and
a verifier. The two provers are named Player A and Player B. A role r is an element of the set
{A,B}. Given a role r, we write 7 for the other element of the set {A, B}.

Definition 3.2 (Low individual degree test). Let m and d be nonnegative integers. Let ¢ be a
prime power. Then the (m, q,d)-low individual degree test is stated in Figure 2.

An important class of strategies are those which are symmetric. In this case, the bipartite
state |1) Alice and Bob share is symmetric. Furthermore, for any question Alice and Bob receive,
they apply the same measurement to their share of the state. This means that rather than, for
example, keeping track of a separate points measurement for Alice and Bob, we can use a single
measurement to refer to both of their strategies, and similarly for the axis-parallel lines and diagonal
lines measurements. This is formalized in the following definition, where we also consider strategies
which are projective.

Definition 3.3 (Symmetric, projective strategy). A symmetric, projective strategy for the (m,q, d)-
low individual degree test is a tuple (1, A, B, L) defined as follows.

o ) € H®H is a bipartite, permutation-invariant state.

o A = {Aj} contains a matrix for each u € F;* and a € F,;. For each u, A" is a projective
measurement on H.
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With probability % each, perform one of the following three tests.

1. Axis-parallel lines test: Pick a uniformly random role r ~ {A,B}. Let u ~ F;* be a
uniformly random point. Select ¢ ~ {1,...,m} uniformly at random, and let £ = {u+t-e; |
t € Fy} be the axis-parallel line which passes through w in the i-th direction.

o Player r: Give £; receive the univariate degree-d polynomial f : £ — F,.

o Player 7: Give u; receive a € F,.
Accept if f(u) = a.
2. Self-consistency test: Let u ~ F;" be a uniformly random point.

o Player A: Give u; receive a € F,.

o Player B: Give u; receive b € IF,.
Accept if a = b.

3. Diagonal lines test: Pick a uniformly random role 7 ~ {A,B}. Let u ~ F}" be a uniformly
random point. Select ¢ ~ {1,...,m} uniformly at random, and let v € F;* be a uniformly
random point whose last m — % coordinates are 0. Finally, let £ = {u+t-v |t € F;} be the
line which passes through w in direction v.

o Player r: Give £; receive the univariate degree-md polynomial f : £ — F,.

o Player 7: Give u; receive a € F,.

Accept if f(u) = a.

Figure 2: The (m,q, d)-low individual degree test.
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o B = {ch} contains a matrix for each axis-parallel line ¢ in Fy* and univariate degree-d
polynomial f : ¢ — [F,. For each ¢, B! is a projective measurement on H.

o L = {L?} contains a matrix for each line ¢ in Fy* and univariate degree-md polynomial

f:¢— T, For each /, L% is a projective measurement on .

We can also consider more general strategies which are no longer assumed to be symmetric. In
this case, Players A and B each have their own versions of the measurements A, B, and L.

Definition 3.4 (General projective strategy). A projective strategy for the (m, q, d)-low individual
degree test is a tuple (1, A%, BA LA, AB, BB LP) defined as follows.

o |¢) € Ha ® Hp is a bipartite state.
Furthermore, for each w € {A,B}:

o AY = {Ag""} contains a matrix for each u € F}* and a € F,. For each u, A*" is a projective
measurement on H,,.

o BY = {B}”’g} contains a matrix for each axis-parallel line £ in ;" and univariate degree-d

polynomial f : ¢/ — F,. For each ¢, Bwt is a projective measurement on H,.

o LW ={ L}”’Z} contains a matrix for each line £ in Fj" and univariate degree-md polynomial

f 4 — T, For each ¢, L™t is a projective measurement on Ha,.

Remark 3.5. Throughout this work, we will only consider projective strategies. So we will hence-
forth use the terms “strategy” and “symmetric strategy” to refer exclusively to projective strategies
and symmetric, projective strategies, respectively.

In addition, we will spend the vast majority of this work dealing solely with symmetric strategies,
as they are notationally simpler to work with. Much of this work will focus on proving Theorem 6.1,
a variant of our main theorem for symmetric strategies. Our main theorem for general strategies,
Theorem 3.10 below, will be proven in Section 6 by a standard reduction to the symmetric case.
We will only see these more cumbersome-to-write general strategies in this section, where we state
Theorem 3.10, and in Section 6, where we carry out the reduction.

Definition 3.6 (Good strategy). A strategy is (e, d,v)-good if it passes the axis-parallel lines test
with probability at least 1 — €, the self consistency test with probability at least 1 — d, and the
diagonal lines test with probability at least 1 — ~.

Remark 3.7. Using notation which will be introduced in Section 4.4 below, a symmetric strategy
is (€,0,7)-good if and only if it satisfies the following three conditions. For £ and w as in the
axis-parallel lines test,

AT = I® By_y, and Ai®I~510 AL
And for £ and u as in the diagonal lines test,

~ 4
AL @I~y 1@ Ly

u)=al*

Notation 3.8. Our proof will be via induction, i.e. proving soundness of the (m + 1,q,d)-low
individual degree test using the soundness of the (m,q,d)-low individual degree test. To do this,
we will frequently use the axis-parallel line test in the specific case of ¢ = m + 1. Thus, it will be
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convenient to introduce the following notation. Let (¢, A, B, L) be a symmetric strategy for the
(m + 1, q,d)-low individual degree test, Then for each u € Fy" we will write B}‘ as shorthand for

Bfﬁ, where ¢ = {(u,z) | x € Fy}. For a function f : ¢ — F,, we will also sometimes write f(z) as
shorthand for f(u,x).

Definition 3.9. Consider the (m,q,d)-low individual degree test. For j € {1,...,m}, we refer to
the j-restricted diagonal lines test as the diagonal lines test conditioned on 2 = j. For example, in
the m-restricted diagonal lines test, the line £ is simply a uniformly random line in F".

Now we state our main theorem using notation which will be introduced in Section 4 below.
This the formal version of Theorem 1.3.

Theorem 3.10 (Main theorem; quantum soundness of the low individual degree test). Consider a
projective strategy (1, A>, BA, L, AB, BB LB) which passes the (m, q, d)-low individual degree test
with probability at least 1 — €. Let k > md be an integer. Let

v — 100000k2m4 - (61/40000 n (d/q)1/40000 n e—k/(2560000m2)>'
Then there exists projective measurements G, GB € PolyMeas(m, ¢,d) with the following proper-
ties:
1. (Consistency with A): On average over u ~ F",
A, -~ B
AT 2y 1@ Glg(y)—q)
Bu . A
T® A = Glgy=q @ T
2. (Self-consistency):
Gy @l~, IG.

We note that there is a tradeoff in Theorem 3.10 specified by the parameter k. As k increases, v’s
prefactor k2 increases. On the other hand, as k increases, the term e/ (2560000m?) which also occurs
in v decreases. Thus, when applying this theorem, one must select k£ to balance these competing
demands. Typically, choosing k& = poly(m) should be more than sufficient for applications. We
believe that this parameter k is an artifact of our proof, and we hope that it will be removed in the
future.

4 Preliminaries
We use boldface font to denote random variables. For two complex numbers «, 5 € C, we write

o~ [ if
o — B < e.

We note the following triangle inequality for numbers, which we will use repeatedly:

if a = 8 and (B ~; 7, then a ~, 5 7. (1)
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4.1 Finite fields

A finite field is a field with a finite number of elements. There is a unique finite field F, of ¢
elements for each prime power ¢ = p’, and there are no other finite fields. We write w for the p-th
root of unity w = /P,

Definition 4.1 (Finite field trace). The finite field trace is the function tr : F; — F, defined as

t—1
tr[z] = Z .
=0
Proposition 4.2. Let a € F,. Then

E wtr[a}a} _ { 1 ifa=0,

x~F, 0 otherwise.

Proof. If a = 0, then trjx - a] = 0 for all z € F;. As a result,

E o'*d - § = E 1=1.

x~Fq x~Fy x~Fq

On the other hand, if a # 0, then there exists a y € F, such that tr[a - y] # 0. As a result,

C = E wtr[ma} - E wtr[(m+y)'a] - E (wtr[w~a] . wtr[yu}) —C. wtr[yu}.
xz~Fy x~Fy xz~Fy
But because tr[y - a] # 0, w*¥? £ 1. This implies that C' = 0. O

Proposition 4.3. Let v € Fj'. Then

E wtr[u-v} _ 1 ifv=0,
u~Fm 0 otherwise.

Proof. By the linearity of the trace,

m

E triu-v] _ E triuivi] |, tr[wmevm]y triw;-v;)
B B w )= [T,
which by Proposition 4.2 is 1 if v; = 0 for all 4 and 0 otherwise. O

4.2 Polynomials over finite fields

Definition 4.4 (Polynomials of low individual degree). Let ¢ be a prime power, and let m and d
be nonnegative integers. We define P(m, ¢, d) to be the set of polynomials in [Fy" with individual
degree d.

Remark 4.5. Note that as defined in Section 1, in this work a polynomial with individual degree d
is one in which the degree d; of each coordinate i is at most d. This allows us to say “individual
degree d” rather than the wordier “individual degree at most d”. For example, under this definition,
P(m,q,d) is contained in P(m,q,d + 1) for each d.

The most important fact about low-degree polynomials is that they have large distance from
each other. This is shown by the following lemma.
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Lemma 4.6 (Schwartz-Zippel lemma [Sch80, Zip79]). Let g,h : F' — Fy be two distinct polyno-
mials of total degree d. Then

Pr [g(z) = h(z)] <

m
mNIFq

<

Since any polynomial with individual degree d has total degree md, Lemma 4.6 implies the
following corollary.

Corollary 4.7 (Schwartz-Zippel for individual degree). Let g,h € P(m,q,d) be distinct. Then

md
P lof@) = h(a)) < "7

4.3 Measurements

Definition 4.8 (Measurements and sub-measurements). Let H be a Hilbert space and A be a set
of outcomes. A sub-measurement is a set of Hermitian, positive-semidefinite matrices A = {4, }aea
acting on H such that > A, < I. The sub-measurement is projective if (A)? = A, for each a. It
is a measurement if it satisfies the stronger condition ), A, = I.

An important class of sub-measurements are those that output polynomials ¢ of individual
degree d. These are defined as follows.

Definition 4.9 (Low-degree polynomial measurements). We write PolySub(m, ¢, d) for the set of
sub-measurements G = {G,} with outcomes g € P(m,q,d). We write PolyMeas(m, ¢,d) for the
subset of PolySub(m, ¢, d) containing only those G = {G,} which are measurements.

Definition 4.10 (Post-processing measurements). Let A = {A4,}sc4 be a set of matrices, and let
f: A— B be a function. Then for each b € B, we define the matrix

A=t = Y Ao
a:f(a)=b

Remark 4.11. We note that Definition 4.10 agrees with the notation for post-processing measure-
ments used in [NW19], but it disagrees with the notation used in [JNVT20]. That work uses the
notation “Afy)—y” rather than the notation “Afs,)—p” that we use in this work.

An easy-to-prove fact is that measurements remain measurements after post-processing their
outcomes.

Proposition 4.12. Let A = {Ay}aca be a set of matrices, and let f : A — B be a function. Then
> Aa=D Ay
a b

Thus, if {Aa} is a sub-measurement (respectively, measurement), then {A[sa)=y} is also a sub-
measurement (respectively, measurement).

Remark 4.13. We note that there is some ambiguity in the notation Ajy4)—p because it requires
one to know which of f or a is the measurement outcome and which is the function applied to
it. For example, given a sub-measurement G = {G,} € PolySub(m,q,d), we will often consider
evaluating its outputs at a point u € Fi*. This entails looking at the sub-measurement

{Glytw=altacE,» Where Gppy—q= . Gy
g:9(u)=a
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Here, g is the measurement outcome of GG, and the function being applied maps it to its evaluation
on the point u, i.e. g(u). In general, it should always be clear from context what the measurement
outcome and the function being applied to it are.

Notation 4.14 (Measurements indexed by questions). We will frequently encounter sets of sub-
measurements A* = {A?} indexed by elements x from a set of “questions” X. We will write
A = {AZ} for this set. We will typically refer to this set A as a sub-measurement, and we will refer
to it as a measurement if each A* is a measurement. In addition, we will refer to it as projective if
each A" is projective.

Notation 4.15 (Complete part of sub-measurement). Given a sub-measurement A = {A,}, we
will write A = >~ A,. Similarly, given a sub-measurement A = {A?}, we will write A* =" A”
and A = E_ A*.

The complete part of a sub-measurement contrasts with its incomplete part, which is the matrix
I — A*. We will sometimes view A as a measurement by throwing in its incomplete part as an
additional POVM element. This is formalized in the following definition.

Definition 4.16 (Completing a sub-measurement). Let A = {A*},c4 be a sub-measurement. We
define the completion of A, denoted completion(A), to be the measurement A= {AI} with outcome
set A = AU {L} such that for each a € A,

AL =

a

AT ifa€ A,
I1— A" ifa=1.
4.4 Comparing measurements

An central problem in this paper is recognizing when two measurements are close to each other. We
will survey two methods of doing so, using the consistency and the state dependent distance. This
section largely mirrors Sections 4.4 and 4.5 of [NW19], which prove numerous properties of these
two distances. However, we are unable to cite their results directly because they are mostly stated
and proven only for measurements, whereas we will need to apply them to sub-measurements as
well.

4.4.1 Consistency between measurements

The most basic notion of similarity between two measurements is given by their consistency.

Definition 4.17 (Consistency). Let [¢)) be a state in Ha ® Hp. Let A = {AZ} be a sub-
measurement acting on Ha and B = {B¥} be a sub-measurement acting on Hp. Finally, let
D be a distribution on the question set X'. Then we say that

Ay @1 =5 I ® By

on state [¢) and distribution D if

B D (wlAT @ B v) <6 (2)
a#b

This is simply the probability that the provers receive different outcomes when they measure
with A and B, assuming the sub-measurements do return an outcome.
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Notation 4.18 (Simplifying notation). Because the state |¢)) and distribution D are typically clear
from context, we will often write “A? @I ~s I® BX” as shorthand for “A*® I ~5 I® B¥ on state |¢)
and distribution D”. In the case when D is not clear by context, we might specify it implicitly in
terms of a random variable & distributed according to D. For example, suppose the distribution D
is supposed to be uniform on the question set F,. Then we might say “on average over & ~ F,,

AT @1 ~5 I ® B”
as shorthand for “A? ® I ~5 I ® B¥ on distribution D”.

We note that there are two differences between the definition of consistency in Definition 4.17
and the original definition of consistency given in [NW19, Definition 4.11]. The first of these is that
the [NW19] definition allows the right-hand side of Equation (2) to be O(¢) rather than strictly 4.
The benefit of this is that they do not need to keep track of constant prefactors in their proofs;
we have elected to use this more concrete definition to make our proofs more easily verifiable, at
the expense of tracking these constant prefactors. The second difference is that is that they define
their consistency as the quantity

1-E) (4| A7 ® BY V).

As we show below in Proposition 4.19, this agrees with Definition 4.17 when A and B are both
measurements. However, these two definitions disagree when A and B are sub-measurements, which
is a case we will frequently encounter throughout this paper.

Proposition 4.19 (Consistency for measurements). Let A = {A?} and B = {BZX} be two mea-
surements. Then
Ag el ~5 I ® B
if and only if
EY (¢l A7 ® Bf [¢) >1-3.

a

Proof. We compute

E) (v A7 @ B [v)

a#b
= EY (| (Y A7) @ B v)
b a#b
= E)Z (Y| (I —A}) @ By 1) (because A is a measurement)
b

= EY WI®By[¥)-E) (V| A} ® B |v)
b

b
=1-E Z (Y| Ay @ By ) . (because B is a measurement)
€
b

Hence, the first expression is at most § if and only if the last one is as well, and we are done. [
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4.4.2 The state-dependent distance

Suppose we have three measurements {A?}, {BZ¥}, and {CZ}, and we know that

Ar @1 ~ I ®CY.
What property of A and B allows us to conclude that

B~ I®C? (3)
The answer is provided by the state-dependent distance.

Definition 4.20 (The state-dependent distance). Let |¢)) be a state in H. Let A = {A?} and
B = {BZ¥} be sets of matrices acting on H. Finally, let D be a distribution on the question set X.
Then we say that

Ag s Bg
on state [¢)) and distribution D if

B, DIz - B o) IP <

We note one odd feature of Definition 4.20 in comparison to the consistency, which is that |¢)
is not assumed to have a bipartition Ha ® Hp in which A and B are applied on opposite sides. We
will address this in Section 4.4.3 below. Before doing so, we will answer our question above, even
in the case when C' is allowed to be a sub-measurement.

Proposition 4.21 (Transfering “~" using “x”). Let {A?} and {BZX} be measurements, and let
{C*} be a sub-measurement. Suppose that A2 @ I ~5 I @ C¥ and AZ @ I ~. B* @ I. Then
By @I ~5, c1®C7.

Proof. First, we can rewrite the consistency between A and C' as

0>E) (AT@CT W) =EY (W] AT @ (C°—CP)|¥)
ab a

=E) (@A7@C?[9)-E) (v A7 @ CT[Y)
=E@[I0C%[)) ~E) (V]AF @ CF v)

(because A is a measurement)

=@HIeCk)-E) (¥|A7®CF ).
€T
a
Likewise, we can rewrite the inconsistency between B and C' as

EY WIBf@Cy)=@IeC)~EY (| BFoCf|v).
a#b a

We want to show that the inconsistency between B and C is close to the inconsistency between A
and B. In particular, we claim that

EY (WA @ CPly) = EY (4| BY 0 CF |v).
a#b a#b
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To show this, we bound the magnitude of the difference using Cauchy-Schwarz.

-~ B Ce )|
< \/ Zw —BE2 T |y) - \/ S Wl (022 |y)
< Ve (because C' is a sub-measurement,)
This completes the proof. ]

Next, we show that in the case of measurements, the state-dependent distance is a weakening
of the consistency.

Proposition 4.22 (“~” implies “~” for measurements). Let A = {A%} and B = {BZ¥} be two
measurements such that
Ag @l ~5 I ® B,

Then
AL @ 1 95 I @ By

This is an “if and only if” if A and B are both projective measurements.

Proof. Our goal is to bound
EY |(AT©I-IoB7)[W) |
_ §Z<¢|(A§®I—I®Bf)2lw>
_ EZ (] (A2 @ T [) +EZ Y| T ® (B2 |y >—2§Z<w\A2®B$I¢>
< EZ | AZ @ T|0) +EZ | I ® BE |¢) —2EZ Y| A7 ® BF [¢)

=2-2 EZ (Y| AT @ B [v) (because A and B are measurements)
xT
a
< 2-2-(1-9) (by Proposition 4.19 and the fact that A and B are measurements)
= 20.

This completes the proof. When A and B are projective, “if and only if” follows from the first
inequality becoming an equality. O

Remark 4.23. We note that Proposition 4.22 certainly does not hold for sub-measurements. For
example, if A7 =0 for all a, then A? ® I ~¢ I ® BZ, but

EZII (A7 @1 -1®B7) W)= EZ:III®B“c ) ) 117,

which is nonzero unless (I ® BY) [¢) = 0 for all z and a.
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4.4.3 Deriving consistency relations from the state-dependent distance

Proposition 4.21 shows the purpose of the state-dependent distance, which is to derive new con-
sistency relations from old ones. In addition, its proof uses a strategy which will recur frequently
throughout this paper. In this strategy, we would like to demonstrate a sequence of expressions in
which each expression is close to the previous one:

EZ (] (A0)%(Bo)? |¥) ~e, EZ (] (A1)Z(B1)T [¥) ~e, -~~&EZ (W] (A)Z(B)Z |v) .

By the triangle inequality, we can therefore conclude that the 0-th expression is close to the ¢-th
expression. To show that the i-th quantity is close to the (i 4+ 1)-st, we will typically arrange for
A; = A1, and we will swap out B; for B;;; using an approximation relation such as (B;)* ~
(Bit1)E, with the help of the Cauchy-Schwarz inequality (or the same might occur with the roles
of A and B reversed). Even if Ay and By can be written as local measurements applied to either
side of a bipartition, e.g. (A9)f = A* ® [ and (By)¥ = I ® BZ, and likewise for A; and By, the
intermediate steps may feature matrices which do not decompose nicely across a bipartition. This
is why Definition 4.20 is phrased so broadly, with no mention of a bipartition.

In general, the A;’s and B;’s encountered in this sequence of steps may be quite unstructured:
for example, not sub-measurements, and possibly not even Hermitian. Thus, we are interested in
determining which conditions to place on these measurements are sufficient to carry out this proof

strategy. The following proposition gives a broad condition under which this can be accomplished.

Proposition 4.24. Let {A””} {B:}, and {C7,} be matrices. Suppose that Ay ~, By and that for
all z, 32,32, Cap) (D2 CF )T < 1I. Then

T AT —~ T DT
]E Zb: <1/)| Ca7bAa W)) ~V ]3 zb: <71Z)| Ca,bBa |11Z)> : (4)
Similarly, suppose that (A2)T ~., (BZ)" and that for all z, Y, (>, C* ) (35 Cap) < 1. Then
EZ; (W ATCE, ) > 5 Ezbj W BECT, W) - (5)

Proof. We begin by showing Equation (4).
(W] C2y(AZ — B W) |

—\EZ w(Z %) - (4% = BE) |4}

<(BX W (Z%)(Z%)Ww)w- (B wl (a2 - Boytaz - B2y )
a b b a
<V

The third line uses Cauchy-Schwarz, and the fourth line uses the assumption 3_ (3, C%,)(>2, C%,)T <
I to bound the first factor by 1 and the assumption Aj ~, B7 to bound the second factor by /7.
As for Equation (5), we want to bound

\EZ (Wl (A7 - BDOZ, 1) | = \EZ (Wl ( A2 — (B2 |9) |-

It then follows from Equation (4) that this is at most /7. O
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Proposition 4.24 is broad enough to capture almost all of our applications of the state-dependent
distance. Unfortunately, defining the C7, matrices and showing that they satisfy the inequality

a0 Cap) (D2 C’gf’b)T < I can be somewhat cumbersome. As a result, we will usually carry
out these Cauchy-Schwarz calculations by hand. However, we will occasionally use the following
proposition which simplifies Proposition 4.24.

Proposition 4.25. Let A = {A*}, B = {B*}, and C = {CZ} be sub-measurements such that
~s BY. Then

EY (U[ATCT ) ~ ;5 EY (¢ BECT |¥).
Proof. To show this, we bound the magnitude of the difference.

[ES (wl (A2 - BD) - (€)|v)|

< \/gz (1 (45 ~ B2 ) - \/gz w(C5)? )
< V5 V1.

This completes the proof. ]

A proposition similar to Proposition 4.24, but for “~”, holds as well. This is [NW19, Fact 4.20].

Proposition 4.26. Let {A7}, {B7}, and {C7,} be matrices. Suppose that A7 ~s By and that for
all x and a, Zb(Cff’b) (Cap) < 1. Then

CapAa =5 CopBy
Proof. The error we wish to bound is

EY (Wl (A7 - B (CE)TCEL(AT — BY) [v) <EY (vl (A7 — B)'(AF — BY) [v)
a,b

a

4.4.4 Miscellaneous distance properties
We now state a few miscellaneous properties of our two distances.

Proposition 4.27 (Triangle inequality for vectors squared). Let [¢1),...,|Yx) be vectors. Then

aon) + - 4 Jaoi) 12 < k- (o) 1P - I Toe) %)
Proof. First, if x1,...,x € R, then

k k .%'2 +$2 k k
1
ij=1 =1 ij=1 i=1

Next, by the triangle inequality

1) + -+ o) 117 = (I fen) + - =+ Je) 1)
< (o) I+ -+ [Hw) 1)
< k(o) 1P+ + ) 11P).

where the last step uses Equation (6) applied to the case of z; = || [1;) || O
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Proposition 4.28 (Triangle inequality for “~s”). Suppose Ay = {(A1)E}, ..., Apr1 = {(Aks1)%}
s a set of matrices such that
(Ai)a ~s, (Ait1)a
for all i € [k]. Then
(A1)a Rke(614-+0r) (Akt1)a-

Proof. We want to bound
E> I((ADF — (Arr)d) [9) 117
= B> II((ADF — (A2)D) + -+ -+ (ADF — (Arr)D)) [0) |2

E> k- (1((A1)F — (A2)) ) 12+ -+ 1(ARF — (Are)F) [9) %)

<k-(61+-+0k),

IN

where the inequality uses Proposition 4.27 applied to the vectors ((A;)F—(A;+1)%) |¢) fori € [k]. O

We note that Proposition 4.28 contrasts with the triangle inequality for “xs” when applied to
numbers, i.e. Equation (1), for which no multiplicative factor of k appears in the error.

The following is Fact 4.29 from [NW19]; however, they incorrectly claimed a final bound of
Af @1 ~cy50 I ® D;. We give a new proof of this statement, albeit with a slightly weaker
quantitative bound.

Proposition 4.29 (Triangle inequality for “~"). Suppose that A, B, C, and D are measurements
such that
Al@I~1®B;, C;ol~10B), Ciol~I1®Dj.

Then
Az@IZGJFZ\/mI@Dg.

Proof. Because B, C, and D are measurements, Proposition 4.22 implies that
Cy®I =y I®B,, Ci®l~eyI®D;.
The triangle inequality, Proposition 4.28, then implies that
I ® B} ~4544y I ® Dy,
Finally, Proposition 4.21 implies that

Ag @1 =y yi5ray 1 © Dy
This completes the proof. O

Proposition 4.30 (Data processing for “~"). Let A = {AZ} and B = {BZ} be two measurements
such that
Ag @l ~5 I® By,

Then for any function f,
(=t @ T =5 1@ Bfj(a)—
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Proof. We want to bound

B3 (0] A%y © Bl [0} =B Y S W AT BE )
b£b b£V a:f(a)=ba’:f(a’)=b'
<BY (] A7 © B3 |v)
a#a’
<d
This completes the proof. O

The following fact is useful for translating between statements about consistency and closeness
between sub-measurements.

Proposition 4.31. Let {AZ} be a sub-measurement and let {BX} be a measurement such that on
average over x,

AP @1~ I® B .
Then the following hold
AT @1 ~, A, ® B =, A" ® By, (7)
where A =% A?. As a result, by Proposition /.28,
A7 @I ~yy A ® BS

Proof. We establish the first approximation in Equation (7):
2
x _ npx
B3l (420 (- BD) )
< x _ X
< g%jwma ® (I = BY) )

. T T

—g§;<¢1Aa®Bb [
bta

<.

The first inequality folows from the fact that A? ® (I — BZ) has operator norm at most 1, and the
third line follows from the fact that {B}'} is a complete measurement, and the last line follows from
the assumption of consistency between the A and B (sub-)measurements.

To establish the second approximation in Equation (7), we compute the difference:

BY (4" - A7) 0 57) )
<EY (] (47 - A7) © B )
=E ) (|7 @ B [¥)

a,a’:

a#a’
<7.

The second line follows from the fact that (A% — A7) ® BY has operator norm at most 1, and the
last inequality follows from the consistency between the A and B (sub-)measurements. O
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Proposition 4.32. Suppose {AZ} is a projective sub-measurement satisfying
AT @I ~5 I ® A, (8)
Then for any 0 < B < I, the following holds:
x x ~ x ~ T
]a%)za: <'¢’ AaBAa QI |¢> ~o6 ]Eza: W\ B® Aa ’¢> ~Ve ]Eza: W\ BAa QI W) (9)
Proof. We will show the first approximation in Equation (9) in two steps. First, we show that
ggwmama CEN g;wmaB@Aa ). (10)

To do so, we bound the magnitude of the difference.

BY (|(ATBoI)- (AT 01~ A7) ),
< (BXwiapazery) (B wl4re 104 )
< V0. (because B < I and (8))

Next, we show that
(1) =EY (WATB@AT[Y) = 5B (V| B® AT [Y).

To do so, we bound the magnitude of the difference.

EJZ (W(AZ T -1 ® AY) - (B® AY) [Y) ‘ (because A is projective)
1/2 1/2
< (B @wlzer—1042? )" - (BY (@B o AT |v) )
< V6. (because B < I and (8))

Thus, the first approximation in Equation (9) follows. To show the second approximation, we
bound the magnitude of the difference.

‘EZ(@DI(B@I)-(A$®I—I®Aam)|¢>’

— ‘Ew\(B@I)-Z(A§®1—1®A§)I¢>‘

< (BB i) (B wlrer-1e45) (fel-10an W)
a,b

)

The first term in the product is at most 1 because B < I. We bound the expression inside the
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second square root as follows.

EY @W(AFoI-10A7) (A o110 A7)0

= E) (W[(AFA} © 1 +1® ATAT — A7 © A} — A @ A7) [v)
a,b
= EY (W(AD*@ 1) +EY (WIo (A7) [0) —2-E) (¢ AT © A |v)
a a a,b
(because A is projective)

< EY (WAD*@I0)+EY (WIe (A7) [0) —2-E) (4| A7 © AT |v)

= EY (W(AF el A7) |v)

IA

9,
where the last step uses Equation (8). O

Proposition 4.33. Let A = {AL} be a sub-measurement and let P be a projective sub-measurement
such that AL @ I =~ PY @ 1. Then

(YA TY) > (Y| PRI) —2V/e

Proof. We calculate:

Y|P =EZ (¥ PY @ Iy)

=E Z (Y| (PE)? @ I [3) (because P is projective)
N ]5:4 Z (Y| (AT - PT)R I |) (by Proposition 4.25)
NG ]33) Z (W] (A2 @ I [3) (by Proposition 4.25)

<EZ Y| AT @ I |¢))
= (¢ !A®I!¢>-

This completes the proof. O

4.4.5 Strong self-consistency

An important property of a sub-measurement A = {A?} is that if both provers measure using A,
then they receive the same outcome. It seems natural to study this using self-consistency of A, i.e.
the number § such that

Ay @1 ~5 1 ® A7

However, when A is a sub-measurement, being d-self consistent only implies the following weaker
condition: if both provers measure using A and one of them receives a, then the other will most
likely either receive a or not receive any outcome whatsoever. This motivates defining the following
stronger notion of self-consistency.
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Definition 4.34 (Strong self consistency). Let |¢)) be a permutation-invariant state in H ® H and
let A ={A*} be a sub-measurement acting on H. Then A is §-strongly self consistent if

ED (¢l A7 ® A7 |v) 2 (Y| AR |¢) 4.
xT
a
We now relate strong self-consistency to our two notions of similarity. First, we show that strong

self-consistency is indeed a stronger condition than A?®1I ~s I® A?, at least for sub-measurements.

Proposition 4.35. Let |¢) be a permutation-invariant state, and let A = { AL} be a sub-measurement.
If
EY (WAT@ATI9) > (W A®Iy) —6
€T
a
then AY @ I ~5 I ® AZ. This is an “if and only if” if A is a measurement.

Proof. For a sub-measurement A,

EY (VA7 ® A7 [v)
a#b

= EY_ (¥ AT @ (4" — A7) |¢)

< gzajwm:@(I—A:’mw

= gfjwmmnw—ngwz‘@AW
= <w|i4®f|w>—gz<w\;:®flm>-

This is at most § if A is d-strongly self-consistent. On the other hand, if A is a measurement,
then the inequality becomes an equality. Hence, if AT ® I ~5 I ® A¥, then A is d-strongly self-
consistent. O

Next, we show that strong self-consistency is also a stronger condition than A? ® I ~o5 I @ AZ,
at least for non-projective measurements.

Proposition 4.36. Let 1) be a permutation-invariant state, and let A = {AX} be a sub-measurement.
If
EY (WAT@ AT |9) > (WA I|y) —6

then A7 ® I mos I @ AZ. This is an “if and only if” if A is projective.

Proof. For general (i.e. not necessarily projective) A
EY (A7 o1 —-1® A7) )|
= E) (AT -1 A7) )

=2 (B (45 eI|v) - BY. (4] AT A7) )

IN

2 (EY_ (wlAz o I9)-EY (v AT @ AT ) ). (11)
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This is at most 2 - ¢ if

EY (AT @ AT W) 2EY (W AT @ I|y) - 6.

a

If A is projective, then Equation (11) becomes an equality, and so AL ® I ~95 I ® A¥ implies that

EY (WAT®Iy) E}: Y| A7 @ A7 |¢) = (EEZHAm®I I®Aﬂwaﬁ‘<5 O

Hence, we may also refer to the condition A? ® I ~y5 I ® A? as “strong self-consistency” if A
is projective.

For the remainder of the section, we will prove various properties of strongly self-consistent
sub-measurements.

Proposition 4.37. Let 1)) be a permutation-invariant state, and let A = { A%} be a sub-measurement
such that

EZ (Y| AT @ AT [) > (WA T |¢) —

Then for any function f, A f(a) 0 ® Iros I ® A[ T a)=t]-

Proof. Our goal is to bound

B3 Ay © 1 =1 © Ay 1)
=EZW E oy @1 — 1@ AT ) [0)
- (EZ¢| B )’ @ T — B (0] AF )y © ATy [0))
b

2-(15? ¢|A[f(a):b]®f|w>—1;g (0] ATy © ATy [9) )

IN

=2 (WA - By b]®Af<a 1) ). (12)
The second term in Equation (12) can be bounded by

EY Wl Afy—y © Affay—y 1¥) = Y @AY AL |v)
b aa’:f(a)=f(a')

ngWf@Azrw

> WA ) —

Hence,
(12) <2 (WlAST|Y) ~ (WA b)) =25
This concludes the proof. -

Proposition 4.38. Let 1) be a permutation-invariant state, and let A = { AL} be a sub-measurement
such that

EY (WAT @ ATIY) > (WA |¢) — 0.
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In addition, let B be a sub-measurement such that AT ® I ~. B¥ @ I. Then

(W BRI|) > (| AT ) — 0 —2v/e.

Proof. We calculate:
(Wl B&I|¢) —g;wwg@w
>E) (4| B ® BY |[v)
>E Za: (Y| AZ @ BZ |¢) — Ve (by Proposition 4.25)
>E za: (Y| AZ @ AT |¢p) — 2+/e (by Proposition 4.25)

> (AR I[Y) -6 - 2/e.
This completes the proof. O

Proposition 4.39. Let 1)) be a permutation-invariant state, and let A = {A*} be a sub-measurement
such that

EZ (Y] AT @ AT ) > (Wl AT |¢) —

In addition, let P be a projective sub-measurement such that PT @ I ~ AY @ I. Then for any
function f,

Plia)=n) @ I =8548, Afpia)=n) @ I
Proof. We will begin by showing that

To do so, our goal is to bound

EZH =t @ T =T A% ) [0) |
= 1;32 (W] (Pt ® T = 1@ Afy0y))” [¥)
= EZ W (B o)) © 1 +10 (Afy(a) ) = 2+ Bijtayy © Afjayy) 1)
< EZ ¢|( Hay=t) @ L+ 1@ Ay =2+ F §<a>:bJ®A@<a):b}) %)

= <w|P®Irw> WIRAp) —2- EZ (W] P )=t @ Afr(ay=p) [¥) - (14)

By Proposition 4.33, the first term in Equation (14) is at most

(Y|P IN) < (WA |) + 2V
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As for the third term in Equation (14), we can bound it by
EY (W] Piay © Afya—y 1) = > (WIPF e AT |Y)
b a,a’:f(a)=f(a’)
> gz<w|Pf®A: )

> E Z (] A @ AZ |9) — /e (by Proposition 4.25)

> (W[ART) -6 — Ve
Putting everything together,

(14) < (WIART[Y) +2ve) + (W ART[Y) — 2 (Y| ART[Y) — 0 — V) = 20 + 4V/e.
This proves Equation (13).
Proposition 4.37 implies that
A= © T ~25 T © Afy(a)=p)-
Hence, by Equation (13),

Pli(ay=t) ® I ~as1aye T © Afp(a)=y) 25 Aff(a)=y) @ 1-
Thus, by Proposition 4.28,
Plr=t) © 1 Rssysye Alpay=t) @ 1-
This concludes the proof. ]

Proposition 4.40. Let |¢) be a permutation-invariant state, and let A = {A,} be a measurement
such that

EY (¥l Ac® Aa|9) > (W] A T [y) —

Suppose B = {B,} is a sub-measurement such that A, @ I ~5 B, @ I. Let C = {Cy} be a
measurement in which there is an a* such that Cqx = Bgx + (I — B) and C, = B, for all a # a*.
Then Aa®1%25+4\/3+2< Co® 1.

Before proving this, we need the following proposition.

Proposition 4.41. Let |¢) be a permutation-invariant state, and let A = {A,} be a sub-measurement
such that

EY (40 ® Adld) > (] A T]y) -

Then
ST Wl (AT > (Wl Ag @ I |v) —

a a

Proof. Applying Cauchy-Schwarz, we have

Z<w\Aa®Aa\w>:Z<wr( ® 1) (I ® Aqg) 1)

\/Zw\ 2@ Iy)- \/Zw|f® )2 [4)
—Z (W (Aa)* @ T |9). (15)
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As a result,

ST @A @) >3 (1] Aa ® Aq 1) (by Equation (15))
> Z (WA, @I |Y) —C. (by self-consistency of A)
This completes the proof. ]

Now we prove Proposition 4.40.

Proof of Proposition 4.40. By Proposition 4.27 (the triangle inequality for vectors squared),

ZHA —Ca) @I |Y) |

= ;H @) TP+ [(Aar = (I = B+ Bas)) @I [9) |

< ; 1(Aa = Ba) @ T 1) |I> +2- [|(Aar — Bar) @ I |9) [P +2- |(I = B) @ I|9) ||?
§2; 1(Aa = Ba) @ I[$) > + 2 [[(Aas = Bax) @ T [9) [P +2- (I = By @ I [3) |
—2ZII Bo)@I)|?+2-|(I-B)@ )|

§26+2-||(I—B)®I|1/1) 2. (because A, @ I ~5 B, ® I)

The second term we can bound as follows.

I(I =By @ I¥)|I* = (¥ (I - B)* ® I [¢))
<(Y|(I —B)I|) (because B is a sub-measurement)

=1- (Y| BRIy
=1-) (¥|B.®I[¢)

a

<1=> WIBIRIY). (16)

a

Now, by Proposition 4.25 and the fact that A, ® I ~5 B, ® 1,

> WIBZ@Iy) mer(Aa-Bamﬂw

a

~. /5 Z (| A2 @I |9)
> (1] A ® Iy — (by Proposition 4.41)
=1-¢(. (because A is a measurement)

Hence, by Equation (16),

IT=B)y@ T[> <1-Y (@B TI[) <2V6+(.

a

This concludes the proof. O
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5 Making measurements projective

A recurring theme in MIP* research is that projective measurements are significantly easier to
manipulate than general POVM measurements. As just one example among many, when A = {A?}
and B = {BZY} are projective measurements, the “~;s” and “~;” distances are equivalent. In other
words:

A @1 ~51® B, = AT @I =95 I ® B:.

This is Fact 4.13 from [NW19]. On the other hand when A and B are not projective, one can find
examples of measurements where A? ® I ~5 I ® BY for § — 0 but one can show A7 ® I ~. I ® B}
only for € — 1; this is Remark 4.15 from [NW19]. As a result, it is important to be able to convert
POVM measurements to projective measurements whenever possible.

In this section, we will survey two tools for doing so. The first of these is the textbook Naimark
dilation theorem. In our setting, it states the following.

Theorem 5.1 (Naimark dilation). Let |¢) be a state in Hpy @ Hp. Let A = {AZ} be a sub-
measurement acting on Ha and B = {B}} be a sub-measurement acting on Hp. Then there exists

1. Hilbert spaces Ha,, and Hs,,,,
2. a state |aux) € Ha,, @ Hp,,.,

3. and two measurements A = {Eg} and B = {Eé’} acting on Ha ® Ha,, and H @ Hg,,,,
respectively,

such that the following is true. If we write |@Z> = |¢) ® |aux), then for all x,y,a,b,
(v] 47 @ BY |) = (4] A7 ® By |4).
In addition, |aux) is a product state, meaning that we can write it as
|aux) = [auxa) @ [auxg)
for |auxa) in Ha,,, and |auxp) in Hp,,, -

The second of these is the “orthogonalization lemma” from [KV11]. In the setting of symmetric
strategies, it states the following.

Theorem 5.2 (Orthogonalization lemma). Let |¢b) be a permutation-invariant state, and let A =
{A.} be a sub-measurement with strong self-consistency

ST W Aa® Aal) > > (W] Ag @ T [9h) — ¢

a

Then there exists a projective sub-measurement P = {P,} such that
Aa ® I %100<1/4 Pa ® I.

These two results serve largely the same purpose, and for our applications it will typically suffice
to use either one. That said, there are tradeoffs when choosing to use one or the other. Naimark
dilation is convenient because it can be applied to any family of sub-measurements and it preserves
measurement outcome probabilities exactly. On the other hand, it requires swapping out the state
|) and measurements A and B for |¢) and A and E, respectively, which can be notationally
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cumbersome. Most works opt to skip adding the hats, and instead say something to the effect of
“using Naimark, we can assume that A and B are projective.” However, there is subtlety in doing
so, which is that Naimark dilation does not necessarily preserve “~s” statements; in other words,
A? ®1 ~s5 I ® BY does not necessarily imply Ax QI ~51 ®Bx (As an example, Example 5.4 below
provides a case in which A? ® I ~¢ I ® BY, but A"” @I~ I® Bm only holds for ¢ > 1.) This can
lead to trouble if the same notation is used for A, B and A B as “~gs” statements derived before
applying Naimark might not necessarily hold after applying Naimark. (That said, as pointed out
at the end of Section 4.4 of [NW19], “~s” statements are often derived as a consequence of “~~”
statements. And as Naimark preserves “_5” statements, one could use them to simply rederlve
any “~5” statements post-Naimark.)

The downsides of using the orthogonalization lemma are that it can only be applied to measure-
ments which are strongly self-consistent and it introduces additional error. As we will see below,
its proof is significantly more complicated than Naimark dilation. On the plus side, it has none of
the notational baggage that Naimark brings, and so it is more concrete to use. In addition, it can
lead to stronger results, as it does not require introducing an auxiliary state |aux).

In this work, we will opt to use the orthogonalization lemma rather than Naimark dilation.
However, we will include proofs of both for completeness. We will prove Theorem 5.1 in Section 5.1
and then Theorem 5.2 in Section 5.2.

5.1 Naimark dilation

To prove Theorem 5.1, we will first need the following lemma.

Lemma 5.3. Let A = {A,} be a sub-measurement with k distinct outcomes a € A, and let
laux) € C**1 be any state. Then there exists a projective sub-measurement A = {A,} such that for
each outcome a,

(I ® (aux|) - Ag - (I ® |aux)) = A,.

Proof. We will consider an orthonormal basis for C¥+1 consisting of a vector |a) for each a € A
and the vector | L). Let U be any unitary such that for each vector |)) € C%,

U-(J9) @ aux) = > ((4a) 2 [)) ® [a) + (1 = )12 [¢)) © | L)

acA

= (Y@l + -4 1) ) - ).

acA

This implies that
U-(I®aux) = > (Aa)? @ a) + (1 - A e |1).
acA

Hence, for any a € A,

(& al)- U+ (I@aux) = (T2 al) - ( D (A2 @ Ja) + (1= A2 @[1) ) = (44)*
acA

Then the desired projective sub-measurement is

A, =UT- (I®|a)(a])-U.
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This is because
(I ® (aux]|) - A, - (I® |aux)) = (I ® (aux|) - (UT- (I ®|a) (a]) - U) - (I @ |aux))
=T ®(aux|)-UT-(I®|a)- (I®(a]) U- (I |aux))
_ (Aa)1/2 . (Aa)1/2 _ Aa-
This completes the proof. ]
Now we prove Theorem 5.1.

Proof of Theorem 5.1. For each z, let k be the number of outcomes in A*, and let |auxa ;) be a
state of dimensionality k + 1. Let A" be the sub-measurement guaranteed by Lemma 5.3. Define
lauxp ;) and B* similarly. We define

WJ\) = W}) & (®x |auxA,ﬂc>) & (®x |aUXB,m>)
and

Ag = Avg & ( Rzota IauxA,z)

By = B ® (@sy Lauxs..).
Then for all z,y, z, b,

(V| AZ @ BY [) = (4] ® (auxa | © (auxpy| - AT @ BY - [9)) © |auxa ;) @ |auxp,,)
= (Y| A @ BY [¥) .

This completes the proof. ]

Example 5.4 (Naimark does not preserve “xs”). We now carry out a simple example in which
Naimark preserves “~;” statements without preserving “~s” statements. Let |¢)) be an arbitrary
state in Ha ® Hp, where Ha = Hp = C?%. In addition, let A = {Ay, A1} and B = {By, B,} be the
two-outcome measurements in which Ag = A1 = By = B1 = % - Iyxq- Then

> (| Ag @ By ) = (1] Ao @ By [¢) + (1] Ay @ Bo |4)
a#b

Wi+ wlTe Ty =3,

=

and so A, ® [ ~y/5 I ® A,. In addition,

Ylitet-res)lP =Y (5 1e1-5 1) <o

a

and so A, ® I ~g I ® B,.

Now we carry out the steps of Naimark dilation. Because A and B are two-outcome, we will set
Ha,,, = Hp,, = C?, spanned by the basis vectors |0) and |1). (Lemma 5.3 actually asks that the
auxiliary space have dimension 2+ 1 = 3, where the third dimension is spanned by the basis vector
| L). However, this is unnecessary for this example because A and B are measurements rather than
sub-measurements.) We will choose our two local auxiliary states to be

) +

1 1
=510+ 1)

lauxa) = Jauxg) = |+)
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We first construct A by following the proof of Lemma 5.3. To begin, it asks for U to be a unitary
such that for any |¢) in Ha,

U-(l¢) ®lauxa)) = U - (|¢) @ |[+))
= ((A0)"?|¢)) ® [0) + ((A1)'/* |¢)) @ |1)

(0" >)®|o>+((1-1)”2r¢>)®|1>

1
ﬁl >®|0>+7|¢>®I1>
=[P @[+).

As a result, we can simply take U to be the identity matrix. Thus,
A, =Ut - (I®la)(a])-U=T®|a)(al.

By a similar argument, we can take B, =I®|a) (a] for a € {0,1} as well.

Now we set |9) = |1h) @ |auxa) ®|auxg). By Theorem 5.1, we already know that A, @1 ~q I® B,
on state ]qﬁ) because this holds for the un-hatted state and measurements. On the other hand, we
will now show that A R ~s I® B only for 4 > 1, in contrast to the un-hatted case where it
holds for § = 0. To see this, we calculate as follows.

Z H o ®Ip ,auxgp IA,auXA ® Ea) |"Z> ”2

= Z 1((Za ® |a) {al) @ IBauxs — Taauxa @ (I8 @ |a) (a])) [¥) @ [+) @ |+) ||

a

- ZH(l|¢>®\a>®|+>—\}§|¢>®|+>®|a>)\)2

Z @ 19)- (ol @ (+] = (+[ @ (a]) - (lo) @ |[+) = [+) @ |a}). (17)

For each a, we have that

({a] ® (+] = (+[ @ (a]) - (|a) @ [+) = [+) @]a))
=2—{a|+)-(+]a)=(+]a)-{a|+)

Plugging this into Equation (17), we arrive at our bound.

5.2 Orthogonalization lemma

To show Theorem 5.2, we first show it for the case when A is a measurement, rather than a sub-
measurement. Our proof of this case will even work in the more general setting when the strategy
is not assumed to be symmetric, meaning that |¢)) is not necessarily permutation-invariant and
Player B’s measurement B may not be equal to Player A’s measurement. This is the content of
the following lemma, whose proof we defer till later.
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Lemma 5.5 (Orthogonalization lemma for measurements). Let |¢)) be a state (which is not neces-
sarily permutation-invariant), and let A = {A,} and B = {B,} be measurements such that

Ae @I~ I® B,
on state |v). Then there exists a projective sub-measurement P = {P,} such that
Aa ®[ %8441/4 Pa ®I

(Note that when [¢) is permutation-invariant and B = A, the condition A, ® I ~¢ I ® B,
is equivalent to A, being (-strongly self-consistent, by Proposition 4.35. This is because A is a
measurement. )

We now prove Theorem 5.2 by reducing the general (sub-measurement) case to the case when A
is a measurement.

Proof of Theorem 5.2 assuming Lemma 5.5. Let A = {A,} be a sub-measurement with outcomes
a € A whose strong self-consistency is

ST Aa® Aa ) =D (W] Ag @ T [9h) — ¢

a

Note that
(Y A® AlY) =§;<¢1Aa®Ab\w> > (@l Aa® Ag|v) > (W] AR T[) - .
Rearranging,
WA I - A) W) = WA ) — (Y| A® Al))
< (WlA®AR) +¢) — WlA® Alp) = (.
As a result,

W -A)o I -A) ) =T -A) T

(W[ (I - A)® Alyp)
> Wl —A)@Id) —C.

—¢
Let A be the POVM measurement with outcomes in A = AU {L} defined as

~ Ag if a € A,
| (I—-4) ifa= L.

Then the strong self-consistency of Ais

S WA @ Aq ) = (] Aa ® A |¥) + (W] AL ® AL [¢)

acA aeA
> (X @l Aa@ 1) = ¢) + | (I = A) @ (I - A) )
acA
> (wlaelv)~¢) + (Wl (-l )
=1-2C.
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Because A is a measurement, Proposition 4.35 states that this is equivalent to
Aa QI ~ o¢ I® A

As a result, Lemma 5.5 implies the existence of a projective sub-measurement P= {P } 7 such
that R
Aa ® I ~84(24-)1/4 Pa ® I.

If we define the projective sub-measurement P = {P,}4ea by P, = 13@ for all a € A, then

ST(Aa—P) @ TI) 2 <D (A — Po) @ T ||* < 84+ (20) %,

acA aeA

Thus, A, @ I Rsa.(2cy1/4 o @ 1. We conclude the proof by noting that 84 - (2¢0)'/* < 100 - ¢V/*
because 84 - (2)1/* ~ 99.89 < 100. O

Now we prove Lemma 5.5.

Proof of Lemma 5.5. We note that the lemma as stated is trivial when ¢ > 1/4. As a result, we

will assume that
¢<1/4. (18)

Let A= {A,} and B = {B,} be POVM measurements such that
A1 ¢ I®B,.
By Proposition 4.19, this implies that

S (W Aa @ By ) > 1.

a

Applying Cauchy-Schwarz, we have

Z<w|Aa®Baw>=Z<w|( ®1)-(I® By) |¥)
\/Z (W (A2 @ T [¢) - \/Z (|1 ® (Ba)? ¥
\/Z Wl (A2 @ T[) 1

Taking the square of both sides,

S @l eI > (Y Wl 4@ Bale)) > (1 (P2 1-2 = >l Ane o) - 26

a a
(because A is a measurement)

Rearranging,
ST (W] (Aa = (A)?) @ T W) < 2. (19)
a
This is all we need the B measurement for; henceforth, we will derive consequences of Equation (19).
In our next lemma, we convert each A, to a projective matrix R, by rounding each of A,’s
large eigenvalues to 1 and small eigenvalues to 0.
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Lemma 5.6 (Rounding to projectors). There exists a set of projective matrices { Ry} such that
A @I =y r Ro® 1.
and
R:=> R,<(1+2()-1I
a
Proof. For each a, we write the eigendecomposition of A, as follows:
Aa = Z )\a,i : |ua,i> <Ua,i’ .
i
Let

0<5<1/2 (20)

be a number to be decided later. Let truncs : [0,1] — {0, 1} be the truncation function defined as

1 ifx>1-4,
0 otherwise.

truncs(x) = {
Then for each a we define the matrix R,

Ry = truncs(Aa) = > truncs(Aai) - [ta,i) (thal -

(2

To analyze this, we will require the following technical lemma.

Lemma 5.7. For any x € [0,1],

(z — truncs(z))? < = - (x — 2°).

7| =

Proof. This is proved by case analysis. First, suppose that x > 1 —4¢. This implies that truncs(z) =
1. In addition, because § < 1/2 by Equation (20), x > 1—4§ > 1/2 > 6. Thus,

(z — truncs(z))? = (1 — z)?
<(1-=)
<(1-—2x)- % (because x > )
1
=5 (x —2?)

Next, suppose that 2z < 1 — 4. This implies that truncs(z) = 0. Thus,

(z — truncs(x))? = 2°

(because z < 1 — )

This concludes the proof. ]
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As a result, for each a, Lemma 5.7 implies that
1
(Ag — Ry)? = (A, — truncs(Ag))? < 5 (Aq — (A0)?).
Thus,

Z [(Aa — Ra) @ I |9) HQ = Z (] (Aq — Ra)2 ®Iy) <

a

DY W (Aa = (A)?) @ T [)

a

Sl = 9| =

IN

- 2¢. (by Equation (19))

This implies that A, ® I ~y¢/s Ra ® 1.
Next, for each x € [0, 1], it follows from the definition of truncs that

t (z) < 1
runcs(x) < 135 T

Thus, for each a

1
Ra = trUnC(S(Aa) S <1_5> . Aa.

Summing over all a,

g () Ean () o ()

because A is a measurement. We note that

11 1420 1426
1—6 1—6 1425 146—252

<1+26,

because
1+6-22=1+6-(1-20)>1

when 0 < 1/2, which we assumed in Equation (20). Hence,
R<(1+26)-1.

The lemma now follows by setting 6 = /(. Note that we required that § be at most 1/2, which
follows from our assumption that ¢ < 1/4 from Equation (18). O

Write d for the dimension of the A matrices. If the {R,} matrices from Lemma 5.6 formed a
projective sub-measurement, then their total rank would be at most d. Even if this is not true, the
next lemma shows that we can still post-process them to reduce their total rank to at most d.

Lemma 5.8 (Rank reduction). There ezists a set of projection matrices {Qq} such that
Aa®1512\/€“ Qa@l-
and
Q= Qu<(1+2V0) 1.
a

Furthermore, Q) has bounded total rank:

Z rank(Q,) < d.

a
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Proof. Let {R,} be the set of projective matrices given by Lemma 5.6. For each a, let r, be the
rank of R,. Let 7 =" 74. If r < d, then the lemma is trivially satisfied by taking @ to be R and
applying Lemma 5.6. Henceforth, we will assume that r > d. We want to reduce r so that it is at
most d. Fortunately, it is already not too much larger than d:

r=> o= tr(Ry) =tr(R) < (1+2/0)-tr(I) = (1+2/() - d. (21)

Let |vg1) .-, [Var,) be an orthonormal basis for the range of R,, so that

Ta

Ra = Z |Ua,i> <va,i| .

i=1

To reduce r, we will throw out those |v,;)’s whose overlap with |¢) is small. For each a and
1 <i < rg,, we denote the overlap of |v, ;) and |¢) by

0ai = (Y| - (|Va) (Vail ® 1) - [) .
The total overlap is given by

S5 oms = S (- (i) (sl 1) - 1)

a =1 a =1

=Y (| Ra @ I|¢))

= (| R I|Y)
<(1+2V0) - @ IT )
=1+2V/C. (22)

Now we define Large to be the set of large overlaps:
Large = {(a,1%) | 04, is among the d largest of the oy ;’s},

where we break ties arbitrarily, and we define Small to be the set containing the remaining (a,7)’s.
We note that Large is well-defined and has size d because r > d. Hence, Equation (21) implies that

ISmall| = r — |Large| = r —d < (14+2/C) -d—d=2/C-d < 2\/C - (23)

Thus, the small (a,i)’s have small total overlap:

Small
Z Oayi < [Small Zoa,i <2\/¢- Zoa,z' (by Equation (23))
a,i a,i

r
(a,i)eSmall

< 20/C- (14 2/ (by Equation (22))
<4V, (24)

where the final step uses the assumption that ¢ < 1/4 from Equation (18).
For each a we let Large, to be set of i’s such that (a,) is contained in Large, and we define
Small, similarly. We define the matrix

Qo= Z |Ua,i> <Ua,z'| .

i€large,
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Then clearly
Zrank(@a) = Z |Large,| = |Large| < d.

a a

We can compute the difference

Z |Ua,7l> <'Ua,i| = Z |'Ua,i> <Ua,i| .

i€large, i€Smallg

R, — Qa = Za |Ua,i> <Ua,1l -
i=1

This is a projective Hermitian matrix, which implies that Q, < R,. As a result,
Q=Y Qu<) Ri=R<(1+2()-I
In addition,
Z H(Ra - Qa) QI |¢> H2 = Z <1M (Ra - Qa)2 QI W}>
= Z (Y] (Ra — Qa) @1 |9) (because R, — @, is a projector)

=33 @l (vag) (vail @ 1) - 1)

a ¢€Small,

=2 D ou

a ¢€Small,
< 4./C. (by Equation (24))

This means that
Ra®]’%4\/ZQa®I

Since we know that A, ® I R Ba ® I by Lemma 5.6, Proposition 4.28 implies that
Aa®1z12\/€“ Qa®1.
This completes the proof. O

Henceforth, we let Q@ = {Q,} be the set of projective matrices given by Lemma 5.8. We now
derive a few properties of @) that follow as a consequence of Lemma 5.8. To begin, we show that Q
is almost as complete as A.

Lemma 5.9 (Completeness of Q).

WQ®Ip)>1—11¢Y%

Proof. To begin, we claim that

W) =Y (b Qu@Iy)
= Z (W] (Qa)* @ I |9) (because the @,’s are projective)

Rscrs D (01 (Qa- Aa) @ T [¥) (25)

a
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To show this, we bound the magnitude of the difference.

> W@ D) (Qu—A) @D W]

\/Z W (QuP® T 1) \/Z O] (Qo— A2 & T [9)

\/1 +2/C- \/12\@ (by Lemma 5.8)
V20/12V/¢,

where the last line uses the assumption that ¢ < 1/4 from Equation (18). Next, we claim that

IN

IN

IN

(25) =D (¥ (Qu-Aa) @ T [) myerra Y (W] (Aa)* @ T19). (26)

a a

To show this, we bound the magnitude of the difference.

S 0l(@ - a)e - (e D)
< \/Z (0(Qu— AP @ T[) - \/Z Wl (A2 ® T |9)
< 12\/6- 1. (by Lemma 5.8)
In conclusion,
(W Q& IY) > Z (W] (A)? @ I ) — 9¢H/4 (by Equations (25) and (26))
> Z (1h| Ag @ I [0) — 2¢ — 9¢H/* (by Equation (19))
>yl A@ I y) —11¢
=1-11¢4
This completes the proof. ]

We will also need the following bound on the completeness of the square root of (). Note that
such a bound follows trivially from Lemma 5.9 when Q is a sub-measurement because v/Q > Q
when @ < 1.

Lemma 5.10 (Completeness of 1/Q).

WVQ&I ) >1—12¢"%

Proof. Let Q = 3, v; |u;) (u;| be the eigendecomposition of Q. Then because @ < (14 2/C) - I
each eigenvalue v; is at most 1 + 21/C. Thus,

VQ = Z@!mﬂm\ >

1+2

ZV, lu;) (ui| = Q.
i

1+2\/Z
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We note that

1 1 _1_1.1_\/521_\/3_
\/1+2\/ZZ\/1+2\/Z+C_1+\/§_1+\/Z (1—\/3) >1 \fg

Hence, /Q > (1 —/C) - Q. As a result, Lemma 5.9 implies that

@WIVQIY) > (1—/C)- (W Q&I |p) > (1—+/C)- <1—11<1/4> >1— /¢ —11¢Y4,

This concludes the proof. ]

Finally, we show the following lemma, which quantifies a sense in which @ is “almost projective”.

Lemma 5.11 (Q is almost projective).

S(Qu-Q - Qa—Qu) <4VC 1.

a

Proof. Lemma 5.8 implies that Q < (14 2v/C) - I. As a result,
d Qi Q Q- Qa
< (1420 > QuT-Qu—> Qa
= (1+2V/0)- i: Qa— Y Qa a (because the Q,’s are projectors)

= 1+2/0-Q-Q
2V/C-Q
< 2V/C-(1+2V/¢)- 1

< 2V/C-2-1. (by Equation (18))

This completes the proof. ]

We now arrive at the most important definition in this proof, which is a natural matrix decom-
position for the ), matrices.

Definition 5.12 (Matrix decomposition of Q). For each a, let m, be the rank of Q.. Let

|Va,1) - - |Va,m.) be an orthonormal basis for the range of Qq, so that
Ma
Qa = Z ’va,i> <Ua,i .
i=1

Let m = ), mq, and consider an orthonormal basis of C™ consisting of vectors |a,i) for each a
and 1 <17 < m,. For each a, define the matrix

Lz
Xo=>_la,i) (vaul.
=1

In addition, define the matrix

X=X =30 Jani) (vl (27)

a =1
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Finally, we let T'= {T,} be the projective measurement on C" defined as

Mq

T, = _lai){a,il.
=1

The next pair of lemmas will prove some basic properties of the X, matrices.

Lemma 5.13. For each a, X, =1, - X.

Proof. This is a simple calculation:

Ta.X:(imz az\) (ZZW vm|) Z|a,i>(va7i|:Xa.

7 a =1

Lemma 5.14 (Q, restated). For each a,
Q=X X,=X"T, X=X!.X.

Proof. The first equality follows from

Ma Ma T
XX, = (Z [vs) (@] ) - (Z [vag) {a. 41 )
:Z‘Uaz GZ‘ |aj va,]|_z‘vaz Uaz‘—Qa

1,j=1

The remaining equalities follow from Lemma 5.13 and the fact that T" is a projective measurement.

X Xy=(X"T) (T, - X)=X".T, X =X!. X.

Now we introduce our main tool for studying X, which is via its singular value decomposition.

Definition 5.15 (SVD of X). Let X = U - ¥,,xq - VT be the singular value decomposition (SVD)
of X. Because X is an m X d matrix, the definition of the SVD states that U is an m X m unitary
matrix, V is a d X d unitary matrix, and 3,,xq is an m x d diagonal matrix with nonnegative real

numbers on its diagonal.

Notation 5.16. For positive integers h and w, we will write Ij ., for the h X w matrix with 1’s

on its diagonal and 0’s everywhere else.

For integers h,w > m, we also write X «,, for the h X w diagonal matrix whose diagonal agrees
with X,,xq4’s; namely, (Xnxw)ii = (Zmxa)is for all 1 <i <m and (Xpxw)i; = 0 for all i > m. We

note that because ,,x4 is a real-valued diagonal matrix, (Xpxw)f = Suxh.
With this definition, we can give a helpful expression for the square of X.

Lemma 5.17 (X squared).

X -X'=U- (Snxm)? U, and XT-X =Q=V"(Saxa)? - V.
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Proof. First,

X-X'=(U-Zpxa- V) - (U Zpxa- VI
=U-Spxag- V-V Syem - U

=U - Soxd - Laxd - Saxm - U (because V' is a d x d unitary)
=U - (Zmxm)?- Ut (because m < d)
Second,

Xt . x = Z xt.r,x (because T is a measurement)

a
= Z Q. (by Lemma 5.14)

a

p— Q.

In addition, we can rewrite XT- X as
XT-X:(U-med-VT)T-(U-med-VT)
=V Saxm U U -Zpsa- V1
=V Zaxm  Iscm - Smxa - V1 (because U is an m x m unitary)
=V (Saxa)® - V1.
This completes the proof. O

The following lemma relates an expression in the X,’s with an expression in the Q),’s that
appeared previously in Lemma 5.11.

Lemma 5.18. For each a,
X5 (XX = Lm)? X = Qa- Q- Qo — Qu.
Proof. Using Lemma 5.17 and Lemma 5.14,
X (XXt X X"). X, =X . X Q- X" X,=0Qu-Q Q.
Similarly, because @), is projective,
X[ (X X1 Xo = (X]X) - (X7 Xa) = Qa - Qo = Q.

Finally,
xt

a

+(Imxm) - Xa = XI - Xa = Q.
Putting these together,
X (XX = L) X
= X (X XT X - XT—2. X X"+ Lxm) - Xa
= Qu-Q Qa—2 Qat+Qa
= Qo Q- Qa— Qa.

This completes the proof. O
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Now we are ready to state the projective sub-measurement P which should approximate A.
Before doing so, we give some intuition for the construction.

Remark 5.19. Suppose that the Q,’s actually formed a projective measurement. This would imply
that the vectors |v,), over all @ and 1 < i < m, form an orthonormal set. Then the SVD would
actually have already been provided in Equation (27); for each a and 1 < ¢ < my, the corresponding
singular value would be 1 and the corresponding left- and right-singular vectors would be |a, i) and
|va,i), respectively. In particular, we would have ¥ = I, g and X = U - I x4 - V.

In reality, we don’t know that ¥ = I,,,x4. However, we will construct P = {F,} as if it were.
This motivates the following definition.

Definition 5.20 (Definition of P). Define the matrix
X =U-Ipxa- V.
In addition, for each a, define the matrices
Xo=T, X, P,=X| X,
We now give analogues of Lemmas 5.14 and 5.17 for the P matrices.
Lemma 5.21 (P, restated). For each a,
p—%i.T, X=X %
Proof. This follows from the definition of X! and the fact that T is a projective measurement:
Po=X X=Xt 1) (T, X)=X'T, X =X! . X. O

Lemma 5.22 (X squared). R
X X" =Ly

Proof. First,

X XM= (U Lnxa- V1) - (U Lnya - VHT
= U Iywg V-V Iy - UT

=U I Lixd Lisxm - UT (because V' is a d x d unitary)
= U Ly - UT (because m < d)
= Imxms

where the last step uses the fact that U is an m x m unitary. O

Finally, we show two lemmas on quantities involving both X and X.

Lemma 5.23 (X times X).

X -Xt=U-Spum- U, and xt-X=/Q.
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Proof. First,

X-)A(T:(U-med-VT)'(U-Imxd-VT)T
=U - Spxa- VIV Tgxm - U

=U  Spxa Laxa - Laxm - UT (because V' is a d x d unitary)
=U-Ymsm U (because m < d)
Second,
XX = (U Zoxa VO (U Lpsca - V)
=V S - U U Lpea - V7
=V Zaxm  Imxm - Imxa - V1 (because U is an m x m unitary)
=V Sixd- v
= \/V' (Baxa)? - VT
=./Q. (by Lemma 5.17)
This completes the proof. ]

Lemma 5.24 (Squared difference).
(X = X)- (X = X) < (X XT = Lysew)?.
Proof. By Lemmas 5.17, 5.22 and 5.23,
X-X)x-X)f=x-xt-x.Xt-X . xt+x.x*

—U.2 U —2.U -Ssm - U+ Lusm

mxm
=U- (Egnxm_z‘zmxm‘f’Ime) ‘UT
=U- (Eme - Ime)2 : UT

Because Y, xm and I, ., are commuting,

(mem - Imxm)2 S (mem + Imxm)2 . (mem - Imxm)2 = (Z%Mm - Imxm)2‘

As a result,
U+ S — Insxm)® - UT U - (32 = Tnm)” - U
=(U-52,,, U - Imxm)Q
= (X - X" = Lnxm)?. (by Lemma 5.17)
This completes the proof. O

The first property we need of P is that it is a projective sub-measurement. This is shown in
the following lemma.

Lemma 5.25 (Projectivity of P). P = {P,} forms a projective sub-measurement.

48



Proof. Let a,b be (possibly distinct) outcomes. Then

P,-P=(X X)-(XT-1,- X) (by Lemma 5.21)

(X o s - Tp - X) (by Lemma 5.22)

= (X" T,-X)-1[a =] (because T is a projective measurement)

=P, -1la=1]. (by Lemma 5.21)

This completes the proof. ]

The second property we need of P is that it is close to A. We will first show that it is close
to Q.
Lemma 5.26 (P is close to Q).
Qa®lzgocl/4 Pa®.[.

Proof. Our goal is to upper-bound the quantity

ST W(Qa— Pa)? @ I]W)

a

= D W(Qu)*®IY) +Z (W (Pa)? @I [¢) — Z<w|QaPa®I|w>—Z<¢|PaQa®I|¢>

a a

= @Q®IY)+ (¥ |P®I|¢>—Z<¢|Qapa®f|w>—Z<w|PaQa®I|w>, (28)

a a

where the last step uses the projectivity of @ and P. We bound the four terms in Equation (28)
separately. First, by Lemma 5.8,

W QAT < (1+2/C) W ITDT|) <1+42/C.

Second, because P is a sub-measurement,

W PeIlp) <1

The third term and fourth terms are significantly more complicated to bound. As they are
complex conjugates of each other, we can write their sum as

> W QP T+ W PQu@ T = 2-R( Y QP @ I[Y) ). (29)

a

We now focus on the expression on the right-hand side of Equation (29). To begin, we use
Lemma 5.14 to rewrite it as

> W QaPa®@I|Y) =Y (W (X] X)-Po) @Tp).

a a

The main step will be to show that we can exchange the second X for an X , i.e.

S WX X P) @ T) mgern D (W[ (X)X - Po) @I [)). (30)

a a
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To show this, we bound the magnitude of the difference.

S @l (X =)@ (P D)

< \/Z W (X1 (X - ) (X - R) - X))@ T])- \/Z (Wl (P2 @ T14).

The expression inside the first square root is

S (X (X -X) (X=X Xo) @I |y)

a

< Z W[ (X] (X XT = Lyem)? - Xa) @ T [) (by Lemma 5.24)
= Z W (Qa- Q- Qa— Qo) ®I[1) (by Lemma 5.18)
< 4V/C-WITRTY) (by Lemma 5.11)
= 4./¢C.

The expression inside the second square root is at most 1 because P is a sub-measurement. Next,
we claim that the Equation (30) is in fact a real-valued expression. To see this,

(30) = (W(X]-X-P)®I|¥)
= Z W (x"- T, - X-xt.T,- )?) ® I |¢) (by Lemmas 5.13 and 5.21)
= Z W[ (X Ty Iy~ T - X)® I lp) (by Lemma 5.22)

=Y @(XT T, X) @I ]y)
= (| (XT- )?) ® I ) (because T' is a measurement)

= (WVQ®I), (by Lemma 5.23)

which is real-valued because @ is positive semidefinite. As a result, we have

R W QuPa@ 1)) = R(D (Wl (XS X-P)oIlw)) —2¢Y*  (by Equation (30))

a

= WIVR®eIy) -2/
> (1 —12¢14) —2¢/4, (by Lemma 5.10)

In total, Equation (29) shows that

STWQuPa® I) + > (W] PaQa @ T |1h) > 2+ (1 — 14¢"%).

a

Putting everything together, we conclude that
(28) < (142/C) +1—2- (1 —14¢*) = 2,/C + 28¢H* < 30¢/4.

This completes the proof. O
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Finally, we have that

A @I =97 Qa®1 (by Lemma 5.8)
Rgocr/a Pa ® 1. (by Lemma 5.26)

Hence, Proposition 4.28 implies that
A(I ®] %8441/4 Pa ®I.

This completes the proof. ]

6 The main induction step

We will now carry out the main inductive argument. The inductive hypothesis is stated as follows.

Theorem 6.1 (Main induction). Let (1, A, B, L) be an (¢,d,v)-good symmetric strategy for the
(m,q,d) low indwidual degree test. Let k > md be an integer. Then there exists a measurement
G € PolyMeas(m, q,d) such that on average over u ~ I,

Az ®1 =6 I @ Glg(u)=a),

where o — m2 - (1/ + efk/(SOOOOmQ)) and v = 1000k2m2 - (61/1024 4 §1/1024 4 1/1024 (d/q)1/1024).

Comparing with our main theorem, Theorem 3.10, Theorem 6.1 produces a measurement which
is consistent with A, but it is not projective or self-consistent. In addition, the strategy is assumed
to be symmetric. We correct these deficiencies in the following proof.

Proof of Theorem 3.10 assuming Theorem 6.1. Suppose (¢, AN, BA, LA, AB, BB, LB) is a (not nec-
essarily symmetric) strategy which passes the (m, ¢, d)-low individual degree test with probability
(1 — €). Throughout this proof we will refer to this as the original strategy. Then because each
of the three subtests occurs with probability 1/3, (v, A%, BA, LA, AB. BB, LB) is a (3¢, 3¢, 3¢)-good
strategy. We now would like to apply Theorem 6.1, but it only applies to strategies which are
symmetric. So we will apply a standard construction to “symmetrize” our strategy, apply The-
orem 6.1, and then “unsymmetrize” the resulting {G4} measurement to obtain {GgA} and {G5}
measurements.

For simplicity, we will assume that Player A and B’s Hilbert spaces H and Hp are both C¢, for
some d. (This argument can be extended to the case of different dimensions in a straightforward
manner.) We will introduce two additional registers, Har = Hp: = C?, referred to as the role
registers. Then the symmetrized state is given by

|¢Sym> = ’0>A’ ’1>B/ W}>A,B + ‘1>A’ ‘O>B/ ‘¢Swap>A7B S ((CZA/ (= CdA) & (Czl ® (CdB)7

where [tswap) denotes |1)) with its two registers swapped. Note that the resulting state |¢sym) is
symmetric under the exchange of its two registers. Next, we define the symmetrized measurement
Agym = {(Asym)o } as follows

(Asym)g = [0) (0] ® A3+ + |1) (1] © AZ,

and we define By, and Lgyy, similarly. The strategy (tsym, Asym, Bsym, Lsym) is symmetric; we
refer to it as the symmetrized strategy. It has the following interpretation: the two players measure
their respective role registers in the standard basis; the one that receives a “0” will act as Player A
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in the original strategy, and the one that receives a “1” will act as Player B in the original strategy.
As a result, the symmetrized strategy is also a (3¢, 3¢, 3¢)-good strategy.
Now we apply Theorem 6.1 to the symmetrized strategy. To do so, set

1000k2m2 - <(36)1/1024 i (36)1/1024 4 (36)1/1024 4 (d/q)1/1024>
< 10000k2m?2 - (61/1024 + (d/q)1/1024) =,
and set o = m? - (1/ + e/ (80000’“2)). Then Theorem 6.1 produces a measurement G = {G,4} €
PolyMeas(m, ¢, d) such that
(Asym)g RI~ I ® G[g(u):a}, and G[g(u):a] RXI~ I ® (Asym)g. (31)

Now we unsymmetrize the symmetrized strategy to derive measurements {Gy'} for w € {A, B}.
Letting I; denote the d x d identity operator, define the operators

Gy = (0| ® 1) - Gy - (|0) ® L)
Gy = (1@ 12) - Gy - (1) @ L),

where |0) and |1) act on the C? part of G4. Thus, G?, GgB are positive operators acting on C%, and
furthermore they form POVMs:

S G =Y (01 © 1) - Gy (10) @ ) = (0] © 1) - (ZG) (10) @ o) = 1.

The same derivation holds for GS.

Next we verify that the {G5} measurements are consistent with the {A5"} measurements:

E > (@AM oG

“ gatg(u)
=E ) (@AM e(1®l) Gy (1) ® 1) |¥)
“ gatg(u)
= E Y (0. ® (Wlap) - (Asm)i © G- (10, 1)y © [¥) o)
g.a7#g(u)

Z wsym ’ sym)g b2y Gg W}sym>
Ja#g(

< 20. (by Equation (31))

The first inequality follows from the fact that the cross-terms (0| (Asym)q |1) and (1] (Asym)s |0)
vanish by construction of Agyy,. Combined with a similar derivation for the GgA and ABY operators,
we deduce

G[g(u):a] ® I oo I ® AE),’LL (32)

In addition, because the original strategy is (3e, 3¢, 3¢)-good,

AMU @ T g T AR
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Hence, Proposition 4.29 implies that

A
G[ (u)=a] QI =~ —20+2v3e+20 I® G[g( )=al*
This implies that

2a+2\/36+202]532(¢|6‘@( o ® Gl ¥

a#b
=E) 1[y (w)] - (Y| Gy @ G}, [v)
g#h
=E) (|GG ~EY 1[y (w)] - (| Gy @ G} |¥)
g#h “ g#h
d
> }E Z (] G? ® GBS [¢) — Z me. (Y] G? ® G2 |[¢) (by Schwartz-Zippel)
g#h g#h 1
md
>EY (|Gy @GR w) - —.
g#h
Rearranging, we get
Ghrol~y I®GYE. (34)

where (1 = 20 + 2v/3€ + 20 + md/q.

We have now derived everything we wanted, except that G is not necessarily projective. To
remedy this, we apply the orthogonalization lemma for measurements (Lemma 5.5) to Equa-
tion (34). It implies the existence of two projective sub-measurements P* = {PA} PB = {PB} ¢
PolySub(m, ¢, d) such that

GA®IN10041/4 Prel,

I®G 100C1/4 I®PB

Hence, Proposition 4.40 implies that we can complete P* and PP to projective measurements
QA = {Q"},QP = {QP} € PolyMeas(m, q, d) such that
A A
Gholrg QYal, (35)
I®G]; Ry I®QgB.

1/4 1/8

where (2 = 200¢;" " + 40¢; Now, Equation (34) and Proposition 4.22 imply that
A
Gg ®I%2C1 I®G9B
By the triangle inequality (Proposition 4.28),
Qy®Ime I®QY,

where (3 = 6(; + 6{3. Because both of these measurements are projective, Proposition 4.22 then
implies that

Qﬁ QI e I ® QgB, (36)
By the data processing inequality (Proposition 4.30),
A - B
Qfgw=a] @ L ~¢a/2 I ® Qpguy=a)s (37)

53



Next, Proposition 4.21, applied to Equation (34) and Equation (35) implies that
Q) &I~ I®GY.
By data processing (Proposition 4.30),
A - B
Qlg(uy=a] © T =01 1@ Glg(uy=q) (38)

Now we apply the triangle inequality (Proposition 4.29) to Equations (33), (37) and (38), which
implies that

Au ~ B
Aa b2y I —Ca I & Q[g(u):a]7 (39)
where (4 = 20 4+ 24/(1 + (3/2. A similar argument shows that
Bu A

Now we calculate the error. First,
oc=m2. (10000k2m2- (61/1024 + (d/q)1/1024) i e—k/(80000m2))

< 10000k2m* - (61/1024 1 (d/q)1/1024 i efk/(SOOOOmQ))_

Next, using 10000'/2 = 100,
(1 =204 2V3e+ 20 +md/q
<2. (10000k2m4- (61/1024 4 (d/q)1/1024 i e—k/(80000m2)))
1/2
2+ (3¢ + 10000k%m* - (/1024 4 (d/q) /102 4 =/ (0000} ) g
<2. (10000k2m4 ) (61/1024 i (d/q)1/1024 i efk/(80000m2)))
1o, (261/2 4 100km?2 - (61/2048 4 (d/q)1/2048 + 6—k/(160000m2))) +md/q
< 20204k%m* - <€1/2048 i (d/q)1/2048 i e—k/(lGOOOOmQ))_
Next, using the fact that 202041/% < 12 and 20204'/8 < 4,
Co = 20067* + 40¢}/8
< 200 (20204k52m4- (61/2048 i (d/q)1/2048 i e—k/(160000m2)))
140 (20204k2m4- (61/2048 4 (d/q)1/2048 n e—k/(160000m2)))
< 200(12km- (61/8192 i (d/q)1/8192 n efk/(640000m2)>>
440 <4km~ (61/16384 n (d/q)1/16384 i e—k/(1280000m2)>>

< 2560km - (61/16384 i (d/q)1/16384 i e—k/(1280000m2)>'

1/4

1/8

Next, using 6 - 20204 + 6 - 2560 < 150000,

3 = 6C1 + 6Co < 150000k2m? - (61/16384 i (d/q)1/16384 i e—k/(1280000m2)>.
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Next, using /20204 < 143, +/150000 < 388, and 2 - (10000 + 143 + 388) < 40000,

G =20+ 2y/(1+(3/2

<2. (10000k2m4- (61/1024 i (d/q)1/1024 i e—k/(80000m2)))

19, (20204k2m4 _ (61/2048 I (d/q)1/2048 i e—k/(160000m2)>

+ 150000k2m* - (61/16384 +(d)q)t/18%84 4 efk/(1280000m2)>>1/2

<9. (10000k2m4- (61/1024 +(d)q)/102% 4 e—k/(80000m2)>>
2 (143km? - (/109 1 (d/q)!/10% . ¢/ (200007 )
+ 388km? - (61/32768 +(d/q)/32768 e—k/(2560000m2)>>
< 40000k2m™ - (61/32768 + (d/q)1/32768 + 6—k/(2560000m2))).
Both this and (3/2 are less than
100000k2m? - (61/40000 + (d/q)"/40000 +6—k/(2560000m2)))'

Hence, Equations (36), (39) and (40) provide the three bounds we want. This concludes the
proof. O

The remainder of this section is organized as follows: first, in Section 6.1, we define the two
main steps in the proof of Theorem 6.1 known as self-improvement and pasting. Following that,
we prove Theorem 6.1 in Section 6.2.

6.1 Self-improvement and pasting

There are two main steps in the proof of Theorem 6.1. The first is self-improvement, which is
stated as follows.

Theorem 6.2 (Self-improvement). Let (¢, A, B, L) be an (¢, d,v)-good symmetric strategy for the
(m,q,d) low individual degree test. Let G € PolySub(m,q,d) be a sub-measurement with the fol-
lowing properties:

1. (Consistency with A):  On average over u ~ F?,
Ag @I~ I® G[g(u):a].

Let
¢ = 3000m - (/52 4 6% 4 (d/q)V/*2).

Then there exists a projective sub-measurement H € PolySub(m, q,d) with the following properties:

1. (Completeness): If H =", Hy, then
(WHI[Y) > (1-v)-C(
2. (Consistency with A): On average over u ~ Fy,

AZ Q1 ¢ I® H[h(u):a]'
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3. (Strong self-consistency):
H,®I ¢ I ® Hy,.

4. (Boundedness): There exists a positive-semidefinite matriz Z such that
Wl ZzeI-H)[v) <
and for each h € P(m,q,d),
2> (BAg,).

We note that by Proposition 4.36 the condition in Item 3 is equivalent to H’s strong self-
consistency because H is projective. Self-improvement states that we can take a measurement G
whose consistency error with A is v and produce another measurement H which has negligible
consistency error with A and incompleteness v. Hence, we have “moved” G’s consistency error
onto H'’s incompleteness.

The second main step is pasting, which is stated as follows.

Theorem 6.3 (Pasting). Let (v, A, B,L) be an (e€,9,7)-good symmetric strateqy for the (m +
1,q,d) low individual degree test. Let {G"},cr, denote a set of projective sub-measurements in
PolySub(m, q,d) with the following properties:

1. (Completeness): If G =Eg ), G7, then
(W GRI) 21—k
2. (Consistency with A):  On average over (u,x) ~ Fyt1,
AT @I = I ® Gy ()—a)-
3. (Strong self-consistency): On average over x ~ Fy,
Gyl = I2Gy.
4. (Boundedness): There ezists a positive-semidefinite matriz Z* for each x € Fy such that
E (] (I - %)@ 2°|¢) < ¢

and for each x € Fy and g € P(m,q,d),

Zw2<§A;3>.

Let k > 400md be an integer. Let
v = 100k*m - (61/32 461732 ¢ 71/32 + C1/32 + (d/q)1/32> :

1 2
1 ) k/(80000m*) )
7 & < 100m> g c

Then there exists a “pasted” measurement H € PolyMeas(m + 1, q,d) which satisfies the following
property.
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1. (Consistency with A): On average over w ~ FZH'I,

Ay @1~ I® H[h(u):a]'

Intuitively, o should be thought of as being roughly %, plus a small amount of error which does
not depend on k. Hence, pasting states that we can take a family of sub-measurements {G*} with
incompleteness k and produce a pasted measurement H whose consistency error with A is roughly &,
plus a small amount of new error. Thus, the overall inductive step looks as follows: given a family
of measurements with some inconsistency error, we “move” the error into the incompleteness using
self-improvement, and then we paste the measurements together to form a single measurement
whose error is roughly the same as the original error.

We note that the main error term v depends only on the “small” parameters €, ¢, ¢, v, and d/q
and not on the “large” parameter k.

6.2 Proof of Theorem 6.1

Definition 6.4. Let 2 € F,. For each line ¢ € F}, we define append,(¢) to be the line in F}**
containing every point (u,z) such that u € ¢. In addition, for each function f : ¢ — [F,, we define
append,, (f) : append, (¢) — IF, such that for each (u,z) € append, (¢), append,, (f)(u,z) = f(u).

Definition 6.5 (z-restricted low-degree strategy). Let (i, A, B, L) be a symmetric strategy the
(m+1, q,d)-low individual degree test. Given x € F,, we define the x-restricted strategy (v, A*, B*, L*)
for the (m, g, d)-low individual degree test as follows.

1. For each u € F', (A%)4 = Ag”".

2. For each axis parallel line ¢ € F*, (B” )§ = B:g;’sggz((fc)).

. d, (¢
3. For each line £ € Fye, (L*)} = L2PPonrt).

Lemma 6.6. Let (10, A, B, L) be an (€,9,7)-good symmetric strategy for the (m + 1,d, q)-low indi-
vidual degree test. For each x € Fy, let (¢, A*, B*, L*) be the corresponding x-restricted strategy.
In addition, write €, for the probability that it fails the axis-parallel lines test, 6, for the probability
it fails the self-consistency test, and 7y, for the probability it fails the diagonal lines test. Then

1 1
Ee, < <m+> e, E6, <6 Erp< <m+) .
@x m @x xr m

Proof. We begin with the self-consistency test. Here, both provers are given a uniformly random
point (u,x), they measure using A** = (A%)%, and they succeed if their outcomes are the same.
This is equivalent to performing the self-consistency test on the x-restricted strategy, averaged over
x, and so Ey 0, < 6. (It is a “<” rather than an “=” because ¢ is just an upper-bound on the
failure probability.)

Next, we consider the axis-parallel lines test. Suppose the provers are sent the line £ and the
point (u, x) € £. With probability #ﬂ, £ is parallel to the (m+1)-st direction. When it is not, then
£ = append,(€'), where £ is an axis-parallel line in Fy". In this case, the points prover measures
with the measurement A“* = (A®)" and receives an outcome a, the lines prover measures with
the measurement B¢ = (Bm)e/ and receives an outcome f = append,(f’), and they succeed if
f(u,z) = a, or, equivalently, if f'(u) = a. Hence, the probability that they succeed is equal to
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the probability that the ax-restricted strategy passes the (m, g, d)-low individual degree test, which
is €. As a result,

e > Pr [A and B succeed given £, (u, )]

Lu,x

> <m> - Pr [A and B succeed given £, (u,x) | £ is not parallel to direction m + 1]
m+1 Lau,x

m

Finally, the analysis of the diagonal lines test follows the same proof as the axis-parallel lines
test, and we omit it here. ]

Proof of Theorem 6.1. We note that the bound we are proving is trivial when at least one of €, 4,
v, or d/qis > 1, as v is at least 1 in that case. Hence, we may assume that €,d,v,d/q < 1. This
will aid us when carrying out the error calculations, as it allows us to bound terms like (d/q)'/? by
terms like (d/q)'/*.

The proof is by induction on m. The base case is when m = 1. In this case, there is only
one axis-parallel line £ in F;", and so B! € PolyMeas(m, q,d). Because this strategy fails the
axis-parallel line test with probability at most ¢,

u ~ l
Aa @ I = 1S Biyy=a):

on average over u ~ [F,. We note that this bound holds independent of the value of k. This is even
better than the theorem demands, and so the theorem is proved.

Now we perform the induction step. Assuming that Theorem 6.1 holds for m > 1, we will show
that it holds for m + 1 as well. Let (¢, A, B, L) be an (e, d,v)-good symmetric strategy for the
(m +1,q,d) low individual degree test. Let k > (m + 1)d be an integer.

For each z € Fy, let (¢, A, B®, L") be the corresponding z-restricted strategy. In addition,
write €, for the probability that it fails the axis-parallel lines test, . for the probability it fails the
self-consistency test, and ~, for the probability it fails the diagonal lines test.

For each x € [y, we apply the inductive hypothesis to the z-restricted strategy with the same
integer k. This is possible because k > (m + 1)d > md. Let

vy = 1000k2m? - <6916/1024 i 5916/1024 +’y;/1024 i (d/q)l/1024),

and
oy =m?- (Vx + 6—k/(80000m2))

Then the inductive hypothesis states that there exists a measurement G* € PolyMeas(m, ¢, d) such
that
(A%)a @1 =6, T ® G (y—q)-

Next, we apply self-improvement to each G*. Let
Gz = 3000m - <ei/32 + 0132 4 (d/q)1/32>_

Then Theorem 6.2 produces a projective sub-measurement G* € PolySub(m, q,d) such that for
each z € F,, the following statements hold.
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1. (Completeness): If G* = 24 éj, then
(WG @ T) = (1-02) = G
2. (Consistency with A®): On average over u ~ F",

COFETE ETeA

u)=al"

3. (Strong self-consistency): R R
G§®I%<I I®Gggﬁ.

4. (Boundedness): There exists a positive-semidefinite matrix Z* such that
(W 2" ® (I -G |[$) < G
and for each g € P(m,q,d),

2° 2 (B

Having produced the G® ’s, we would like to paste them together. To do so, we need bounds
for the above four properties which are stated on average over & ~ I, rather than for each x € F,
individually. This involves computing “averaged” versions of our error parameters v,, o, and (.
In these derivations, we will crucially use the fact that a — a¢ is concave when ¢ < 1, and hence
E(a) < (Ea)“.

Ev,=E (1000k2m2 . (ei/l(m + 5;;/1024 7913/1024 4 (d/q)1/1024>>
S 1000k2m2 . ((E Gm)1/1024 + (E 6m)1/1024 + (E,Ym)l/1024 + (d/q)1/1024> (by COI’IC&Vity)
T x T

2 o (((mA1) N2 0y ((mA1)  \1/1024 1/1024
< 1000k%m (( e) tg1/1024 ( 7) +(d/q) )
(by Lemma 6.6)

S 1000k2(m+ 1)2 . (61/1024 + 51/1024 +71/1024 + (d/q)1/1024)-
We call this value v. Next, if we define
oc=m2. (V i 6—k/(80000m2))’

then
o >m?- (El/zc 4 efk/(SOOOOmQ)) —Eo,.
xr xr

Finally,
E G, =B (3000m - (e + 02/ + (d/0)/) )

< 3000m - ((Eem)1/32 +(E6,)Y% 4 (d/q)1/32) (by concavity)
€T €T

1/32
< 3000m - (((m;— b e) +61/32 4 (d/q)l/32> (by Lemma 6.6)

< 3000(m +1) - <61/32 Loglse (d/q)l/‘g,g).
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We call this value (. We note for later that

¢ =3000(m + 1) - (61/32 VeI (d/q)l/gg)

< 1000k2(m 4 1) - (61/32 +61/32 4 (d/q)1/32> (because m > 2)
< 1000k2(m+ 1)2 ) (61/1024 4 §1/1024 +71/1024 + (d/q)1/1024)
= . (41)

Having defined these, the following statements hold.
1. (Completeness): IfG=E, pO GCC then

WIGRTI|g)>(1-0)-C
2. (Consistency with A): On average over (u,x) ~ Fyt1,
3. (Strong self-consistency): On average over x ~ I,
ag ® 1 %C I® @Z
4. (Boundedness): There exists a positive-semidefinite matrix Z* for each x € Fy such that
E (¢ 2° @ (I - G¥) ) < ¢
and for each =z € F, and g € P(m, ¢, d),
7% > (EAW )
w 9w
We are now ready to apply Theorem 6.3. To do so, we note that because (3000)1/32 < 2 and
3232 = 1024,
1/32
¢1%2 = (3000(m + 1) - (/%2 + 61/ 4 (d/q) /) )
<2(m+1)- (1/1024 51/1024+(d/q)1/1024).
Hence,
100k2m, - (61/32 45132 +71/32 el (d/q)1/32)
100k2m, - (61/32 4o5L/32 —|—’yl/32 ro(m+1)- (61/1024 4 ogL/t024 4 (d/q)1/1024) T (d/q)1/32)
200k2m(m + 1) - (61/1024 §aL/1024 (11024 | (171024 4 51/1024 (d/q)1/1024 n (d/q)1/1024)

1000k2(m + 1)2 - (61/1024 4 gl/1024 +,Yl/1024 i (d/q)1/1024>

V.

IN A

IN
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Then Theorem 6.3 implies the existence of a pasted measurement H € PolySub(m + 1, ¢, d) which
satisfies the following property. On average over u ~ IE‘Z”‘“,

Ag ® I =6+ I ® Hip(u)=a),
where

1 2
* = (1 9 —k/(80000m?)
o =(c+() < +100m>+ v+te

The consistency with A is as guaranteed in the theorem statement. Hence, we need only verify
that the completeness bound implies the one in the theorem statement as well.

— (o’ + C) . (1 + > + o+ e—k/(80000m2)

100m
1
<(oc+v)- (1 + 100) + 2u 4 K/ (80000m2) (by Equation (41))
m
_ <1 i 10(1)m) ) (mz_ (V+ efk/(80000m2)> i 1/) 19y 1 ¢~ H/(80000m?)
1
< (1 n mOm) (2 +3) - (i e/ S0000m)). (42)
Now, because m > 2,
Hence,

1 1
(1 + 100m) (m*+3) = m2+3+m-(m2+3) <m?4+34+2(m—1)=m?>+2m+1=(m+1)>
As a result,

(42) < (m + 1)2 - <V+ efk/(80000m2)) <(m+1)?2. (V I efk/(SOOOO(m+1)2)>'

This is the bound guaranteed by the theorem and so it completes the proof. O

7 Expansion in the hypercube graph

Definition 7.1 (Hypercube graph). The hypercube graph C = (V, E) is the graph with vertex set
V = F7" and an edge between u,v € V whenever u and v disagree in at most one coordinate (so
that every vertex is connected to itself). A random edge in C, denoted (u, v) ~ C, is distributed as
follows: draw u ~ F", 4 ~ {1,...,m}, and  ~ F,, all uniformly at random, and set v =u+x-e;.

We will use M to denote the number of vertices in C, i.e. M = ¢".

7.1 Eigenvalues of the hypercube graph

Definition 7.2 (Adjacency matrix). The normalized adjacency matriz of C' is the matrix K defined

as
K= E :
Wl e ) (v]
The Laplacian of C' is the matrix
1
L=—-1-K.
M
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The following proposition gives another convenient way of writing the Laplacian of C.

1
Proposition 7.3. L=—-- E (Ju) —|v)) - ((u| — (v]).
2 (u,w)~C

Proof. 1If we draw (u,v) ~ C, then both u and v are distributed as uniformly random elements
of Fy'. As a result,

1 1
ST Bl = g B Gl o) (.
In addition, (u,v) is distributed identically to (v, u). As a result,
1
K= E |Juyw=<z- E |u)(v|l+|v)(ul.
LB Gl =5 B )l o)
Combining these two,
D=5 B ()l o) (o] = ) ol = fo) (wl = 5+ B ()~ [o))- ((ul — (o)), O

The most important properties of the adjacency matrix are its eigenvalues and eigenvectors.
These are provided in the next proposition, which is standard in the literature.

Proposition 7.4. For each a € F{*, define the vector
1 .
|Pa) == UE Z wrtrel )
u€ely
Then the following two statements are true.

1. The |pa)’s form an orthonormal basis of CV.

2. For each o € F', |pa) is an eigenvector for K with eigenvalue L %M, where |a| is the
number of nonzero coordinates in «.
Proof. First, we prove ltem 1. Given «, 8 € F",
1 ifa=7, -
(0o | ©8) M Z { 0 otherwise. (by Proposition 4.3)

u€ly

As a result, the |, ) vectors form an orthonormal basis of CV.
Next, we prove Item 2. Given o € F",

g = Y tleal ) ) = b trfo-al
Kfea) = (B 0l) - (37 > ) =3 B @)
uclq

By definition of a random edge, we can replace v with u + « - e;, where 7 is a uniformly random
index in {1,...,m} and @ is a uniformly random element of F,. As a result,

(43) 1 E w tr[(utx-e;) o |u> _ (E wtr[(wei)u})

1
rlu-af - trie-a;] | .
M1/2 wir i Ew" [u) M (EW > [©a) -

M1/2 u 1,

Hence, |p,) is an eigenvector of K with eigenvalue

1 1 1 —
i }13 []ﬂiﬁ]wtr[m'ai]} = }13 [1[a; =0]] = v mmm. (by Proposition 4.2)
This concludes the proof. O
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We will use the following corollary of Proposition 7.4.

Corollary 7.5. Let \; < Ao < -+ < App be the eigenvalues of L. Then A\ =0 and Ao = ﬁ

Proof. Let puy > po > --- > upr be the eigenvalues of K. Then p; = ﬁ — A;. Thus, it suffices to

show that pu; = ﬁ and o = ﬁ . mT_l By Proposition 7.4, |¢,) has eigenvalue ﬁ when |a] =0

and eigenvalue ﬁ M=l when la| = 1. O
m

7.2 Local and global variance

In this section, [¢) will denote a vector (not necessarily normalized) in Hy ® Hp, and for each
u € FZ”, 0 < A" < [ will be a matrix acting on H4.

Definition 7.6. The local variance of A on |1)) is defined as

[t

Variyea (4, ¥) == E (| (A* — A @1 |¢).

5 ' (u,v)~C
The global variance of A on |1) is defined as

Vargoa(A,9) = - E_ (4] (A% — A2 o 1Y),

2 u,o~F

The global variance differs from the local variance because w,v are chosen independently
from Fg* rather than from the edges of C. A standard fact from spectral graph theory allows
us to use the expansion of C' to relate these two quantities.

Lemma 7.7. Vargopa(A4,v) < m - Vare (A, ).

Before proving Lemma 7.7, we will give nice expressions for the local and global variances. To
begin, we show how to rewrite the local variance in terms of the Laplacian of C.

Lemma 7.8. Define the matrix

Acombine - Z ‘U) ® A ® I

u€ly

Then
Tr(Aiombine : (L & ’¢> <¢D : Acombine) = Varlocal(Aa w)

Proof. For any u,v € Fi,

((Cul = (o) © (¥1) - Acombine = (({ul = (W) ® (W) - Y [w)@ A @I

weFm
— (] - (A" — A") & I). (44)
As a result,
Al bine L ® [9) (¥] - Acombine
=5 B Alopine (1) = [0)) - (] = (0]) @ V) (¥1) - Acombine. (b Proposition 7.3)
=5 WE (A AN @ 1)) (] (A%~ AV @ 1) (by (44))
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Thus, if we take the trace,

(Y| (A" — A*)? @ T - [¢p) = Varioea (4, ¥).

N |

Tr(Aiombine ’ (L ® ‘¢> <¢D : Acombine) = (u 11)5))"’0

This completes the proof. ]
Next, we give a simple expression for the global variance.

Lemma 7.9. Ezpand Acombine 0S

Acombine = |¢0) ® Ao+ [p1) ® AL,
where | ) is orthogonal to |pg). (Here we are writing |¢o) for the vector |¢q) from Proposition 7./

in the case of a = (0,...,0).) Then

% Tr((pu| @ AL - (T @ |9) (D)) - lpr) @ AL) = Vargoba (4, 9).

Proof. We begin by computing Ag:
1 1
uelFy u€Ry uckm
Then

800>®A0:(Mll/2- > |u>>®<Mll/2~ ZA“@I):;/[ S e S Aver

uEFfI" uEF{I” ueng1 UGIFQ1

=) |u) @Ay ®I,

IS

where we have written Aayy = E A%. As a result,

|<PL> ®A = Acombine - |SDO> ® Ay = Z |U> ® (Au - Aan) QI

u€lF?

Thus,

(prl@AL-(Tep) () ler)® AL
= > (ulv)@ (A" = Auvg) @ ) - [9) (W] - (A" = Auvg) ® 1)

u,ve]Fg"

= 3 (A" ~ Aug) @ T) - [8) (0] - (A" — Aug) @ I).

u€ly

As a result, if we take the trace,

(el e AL (o) W) e @A) = B (WA~ Awg@I1).  (45)
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We can rewrite the squared expression as

E (A"~ Awg)’ = B ((A")° + (Aavg)® — A" - Aayg — Aayg - AY)

UNIFZ” UNFZI”

= B ((A")? = (Aug)?)
_1_ E ((Au)2+(Av)2—Au~Av—Av-Au)

2 u,o~FP

1
=-- E_ (A"- A"

2 u,o~FP

Thus,
1 u v
(15) =5 E_ (W(A" = A")* @ I'|y) = Vargom(4, ).
) q

This completes the proof. ]

Now we prove Lemma 7.7.

Proof of Lemma 7.7. We begin by computing

Al e L@ ) (] - Acombine = ((po] ® Ao + (1| @ AL) - L@ [) (] - (Jpo) ® Ao+ 1) ® A1)
=(p1|®@AL- L) (Y| |pL) ® AL
= (pL|LlpL)-AL) (Y| AL, (46)

where the second step follows from the fact that |¢g) is a 0-eigenvector for L. Note that because
|p1) is orthogonal to |po),

1
L > .
(oLl Llpr) 2 —r (ol el)
by Corollary 7.5. As a result,

Varipcal (4, 9) = Tr(Aiombme - L ® ) (¥] + Acombine) (by Lemma 7.8)
= (o1l Llpr) Tr(AL-|¢) (] AL) (by Equation (46))
1
Z (oo [ @) Tr(AL-[) (Y] AL)
1
=3 Tr({pr| @ AL - (T @) (P]) - [p1) @ AL)
= 1, Vargiobhai (4, 1). (by Lemma 7.9)
m
This concludes the proof. ]

8 Global variance of the points measurements

Throughout this section, (¢, A, B, L) will denote a fixed (e, d,y)-good symmetric strategy for the
(m, q,d)-low individual degree test.

Lemma 8.1. Let G € PolySub(m,q,d). Then
£ 1/2 ) 1/9
Bl (=g ® (Go)'? ®mayq By, @ (Gy)"/

on the axis-parallel lines test distribution.
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Proof. We want to bound the quantity
E Y IBfuw=gw) — Bi) © (G2 19) |

7 geP(m.d.g)
2
-E > W( > 1[f(U)=g(U)]-Bfi> ® Gy )
" geP(m,d,q) Fif#qle
<E ) <¢!< > 1[f<u>=g<u>]-3§)®cg|¢>
" geP(m,d,q) Fif#gle

-5 > ¥ <w\sz®Ggw>-(glmu):g(u)})

gEP(m,d,q) f:f#gle

< E Z Z zMBf®G \w> (by Schwartz-Zippel)
gGP(m d,q) f:f#9le
< mid Ol
q
Lemma 8.2. Let G € PolySub(m,q,d). Then
Al @ (Gg)'/? Nod-(ctrd+md) Ay ® (Gy)'? (47)

on the distribution (u,v) ~ C.

Proof. Let u and £ be distributed as in the axis-parallel lines test, and sample v ~ £. Then v and
£ are also distributed as in the axis-parallel lines test. As a result,

Agy ® (Gg)1/2 ~Rgs I ® (Gg)l/ZAZ(u) (by Proposition 4.22)
Noe B[éf(u):g(u)] ® (Gg)'/? (by Proposition 4.22)
Rma Bglz ® (G,)Y? (by Lemma 8.1)
R ma Bff(v)_ ()] ® (Gy)? (by Lemma 8.1)
~oe I ® (G g)I/QA” (by Proposition 4.22)
Rias Al @ (Gg)'/2. (by Proposition 4.22)

Steps 1, 2, 5, and 6 are also using Remark 3.7 and Proposition 4.26. The lemma now follows from
Proposition 4.28. O

We note that Equation (47) is equivalent to the statement that

> ( <¢\( ) — Alu))’ © Gy |¢><24<e+5+md> (48)

geP(mad) ™) q

This can be viewed as a form of local variance for the points measurements. We now derive the
corresponding expression for the global variance of the points measurements.

Lemma 8.3. Let G € PolySub(m, q,d). Then
Al ® (Gy)'? Nt (e+a+md) Agv) © (Gy)'/? (49)

on the distribution u,v ~ Fg".
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Proof. We want to bound

E Y (A~ Ave) © (G ) [IP= By (@] (A — Ay’ © Gy ).

u,o~FP u,o~Fp
gEP(m,q,d) geP(m,q,d)
(50)
For each g € P(m,q,d), define
VueFy', A(g)" = Aty and  [ihy) =T ®(Gy)? |v).
Then
GO)= >, E_ (4l (Al9)" — A9)")* @I [uy)
geP(mqd) ¢
= D 2-Vargo(A(9) vy)
gEP(m,q,d)
< Z 2m - Varigca (A(9), ¥g) (by Lemma 7.7)
gEP(m,q,d)
=m- Y E (1] (A(9)* — A(9)")? @ I [1hy)
(u,v)~C
geP(m,q,d)
— u v 2
=m:- Z (u ENC <¢| (Ag(u) - g(v)) ® GQ W}>
gGP(m,q,d) '
<m-24 <6 +0+ md) . (by Equation (48))
q
This concludes the proof. ]

9 Self-improvement

Throughout this section, (¢, A, B, L) will denote a fixed (e, d,7y)-good symmetric strategy for the
(m,q,d) low individual degree test. The majority of this section will be devoted to proving
Lemma 9.1 below, which is a slightly weaker form of Theorem 6.2. The key difference is that
the measurement H it outputs is allowed to be non-projective, rather than the projective measure-
ment given by Theorem 6.2. Having proven this, we can apply Theorem 5.2 to produce a projective
measurement; this is done in Section 9.3 below, completing the proof of Theorem 6.2.

We now highlight other differences between Lemma 9.1 and Theorem 6.2. Since H is non-
projective, we have stated its strong self-consistency in Item 3 in terms of Definition 4.34; see
Proposition 4.36 for a proof that these conditions are equivalent for projective sub-measurements.
The other key difference is that the boundedness condition is modified slightly in Item 4. Finally,
the error ( is substantially smaller.

Lemma 9.1 (Self-improvement with non-projective output). Let G € PolyMeas(m, q,d) be a mea-
surement with the following property:

1. (Consistency with A):  On average over u ~ F,

AZ &1 ~, I® G[g(u):a]'

Let
¢ =100m - (61/2 + 642 4 (d/q)1/2).

Then there exists H € PolySub(m, q,d) with the following properties:
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1. (Completeness): If H =Y, Hy, then
WH@I[p) = (1-v)-C
2. (Consistency with A): On average over u ~ F",
Ay @1 =¢ I ® Hpy)=q)-
3. (Strong self-consistency):

> " (| Hy @ Hy ) > (| H® I) —C.

h

4. (Boundedness): There exists a positive-semidefinite matriz Z such that

WIZ& W) ~EY (Y] AL @ Hpy=a) [¥) < ¢

and for each h € P(m,q,d),
2> (BAg,).

9.1 A semidefinite program

A key element in the proof of Lemma 9.1 will be a pair of primal and dual semidefinite programs.
To define them, it will be convenient to introduce the notational shorthand

A,= E_ A"

uNFg” g(u)
Then the primal is
sup Z tr(Ty - Ag) (51)
g

st. Ty >0 Vg € P(m,q,d) ,

Y Ty <1,
9

and the dual is

inf tr(2) (52)
st. 7> A, (53)

We will prove that these two program are indeed dual to each other in Lemma 9.2 below.

Lemma 9.2. The semidefinite programs (51) and (52) are dual to each other. Moreover there is
an optimal pair of solutions {Ty} to (51) and Z to (52) such that 3, Ty =1 and

TyZ = T4A,, Vg € P(m,q,d). (54)
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Proof. To show that (51) and (52) are dual to each other, we begin by rewriting the primal (51) in
canonical form. Let r be the dimension of the space on which A acts. Let M = |P(m,q,d)| be the
number of polynomials with individual degree d. We will assume some ordering of these polyno-
mials g1,...,9ym € P(m,q,d) which is allowed to be arbitrary. Consider the following semidefinite
program:

sup  tr(CTX) (55)
st. tr(DLX)=by  Vije{l,....r}
X >0,

where the variables C, D;;, and b;; are defined as follows:

M
C =) i) (il ® A,
i=1

Ml 1 ifi=j
viell o= X mmenul.  w={ gy Bk
k=1

We claim that (55) is equivalent to (51). To see this, let

M+1

X =) i) (jl © Xy
ij=1

be a feasible solution to (55). Then because X > 0, X;; > 0 for each i € [M + 1]. In addition

(D, X) = SN (k) (k] @ i) (ial) - (151) (ol © X5jo))

k  jij2

= (o] Xk [in)
k

1 ifiy =i,

_{ 0 otherwise.

This is equivalent to the statement ZM 1 X, = I, which implies that Zf\il X;; < 1. Finally, the
objective value (55) is

M M+1
tr(CTX) = Z > tr((li) il @ AL - (1) (k[ @ X;8))

i=1 j,k=1
M

= (4], - X;,)
i=1
M

= Z r(Ag, - Xii). (because A is Hermitian)

As a result, setting T,, = Xj; for each i € [M] gives a feasible solution to the original semidefinite
program (51) with a matching objective value. A similar transformation allows us to convert
solutions of (51) to (55).
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The dual of (55) is
s.t. Z ZijDij > C. (57)
Y]

We claim that (56) is equivalent to (52). To see this, we first calculate

r r M+1 M+1 r
> ziDig =Yz > kY kl@i) (] = > k) (Kl | > 2 i) (]
i,j=1 i,j=1 k=1 k=1 1,j=1
M+1

=) |k (ke Z
k=1

Then the constraint (57) states that
M+1

M
Doz >0 =il ® Ay,
i=1 i=1

which is equivalent to the statement that Z > A, for all i € [M] and Z > 0. In other words, Z is
a feasible solution to the original dual SDP (52), with value

T T T
tI‘(Z) = ZZ” = Z bijZij = Z bijzi]’,
i=1 ij=1 ij=1
the same value as in (56). Hence, the two dual programs are the same as well, which implies that
(51) and (52) form a primal/dual pair.

To show that a primal/dual pair satisfies strong duality, i.e. that their optimum values are the
same, we use Slater’s condition [BV04, Section 5.2.3] and show that they satisfy strict feasibility,
which means both have a feasible solution which is positive definite that satisfies all constraints
with a strict inequality. It can be checked that the following two solutions to (51) and (52) satisfy

this property:
1
Vg € P(m,q,d), Ty=—"-1, Z =2I.
g € P(m,q,d) i
Because they satisfy strong duality, their optimal solutions satisfy the complementary slackness
condition (see [AHO97]). If X and (z;;) are an optimal pair of solutions to (55) and (56) respectively,

this implies that

X(Z 2Dy~ C) = 0. (58)

Clearly for any optimal pair (X, z;;) we can assume without loss of generality that X is block-
diagonal. Then if we translate (58) back to the variables {T,} and Z, we get

M1 M+1 M
0= X (3 2Dy~ C) = 3 1i) (il X ( S alez-3 | ®Agi)
i, i=1 i=1 =1

M
=D 1i) (il ® (Xii - (Z = Ag))) + M + 1) (M + 1| ® (Xar1,m41 - Z).
i=1

This implies that Xj; - (Z — Ag,) = 0 for ¢ € [M] and Xps41,m41 = 0. Translating back to the
variables {7y} and Z, this gives Ty(Z — Ag) = 0 for all g € P(m, ¢,d) and > T, = I. O
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9.2 Proof of Lemma 9.1

We let T'= {T,} and Z be the optimal solutions to the SDPs (51) and (52) respectively given by
Lemma 9.2. Then T is a measurement, and

Ty 2 =T, (EAY,). (60)
For each u € F{", define H" = {H;f}hep(m,q,d) as
Hy = Ay - Tho- Ay
Let u € Fg". Then

Y. Hi= Y Ay Tu Ay

heP(m,q,d) heP(m,q,d)
-y ar( X m)ea
a€ly h:h(u)=a
< Z (A%)? (because T' is a measurement)
a€ly
- Z Al (A is projective)
a€ly
=1.
Hence, H" is a sub-measurement, and therefore H* € PolySub(m,q,d). Next, define H =
{Hn}hep(m.q.d) as

H,:= E H;
u~Fy
Then
Z H;, = EFm Z Hp <I (H" is a sub-measurement)
heP(m,q,d) “ta heP(m,q,d)

Hence, H is a sub-measurement, and therefore H € PolySub(m, q, d).
Set J

m

Cvariance = 24m - <€ +0+ 7)

to be the error in Equation (47). Prior to showing that H satisfies Items 1 to 4, we will prove the

following technical lemma.

Lemma 9.3. Suppose M = {M}} is a sub-measurement with outcomes in some set O. For each
u € F?, let Sy, be a subset of O @ P(m,q,d). Then

u,\:JEI)Fm Z <w| Mu ® Hh |¢> ~4+/Cvariance Z <¢| ( h(u M;L ' A;LL('U,)) ® Th ‘w> .
(0,h)ESu ' (0,h)ESw

Proof. We begin by expanding

E Y WIMPeH W =E Y (6MoH]
q (OJl)ESu ]’L)Esu
E Y (M@ (A Tu- ARy [¥) - (61)
(0,h) €Sy
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We claim that
(61) ~yzs B Y (WA - M) @ (T~ Ay [8) (62)
(0,h)ESw

To show this, we bound the magnitude of the difference.

E Y (04 81— 10 Afy) - (MY @ (Th - Afy) V) |

u,v

(0,h)ESw

< |E Y WAy @I —T@ A ) - (MERTy)- (A, @1 — 1@ AP ) [v)
" (0,h)€ESu

S WIMEe (AT, Ty AV V). (63)
u'v h(v) (v)
(0,h)ESw

The term inside the first square root is

EY wier-ro) (¥ M) (Urel-1o4a)l

" a€el, (0,h)ESw,h(v)=a
< E Z (Y| (A2 @ T —T® AY)? |3), (because M™ and T}, are sub-measurements)
w,v
ackF,

which is at most 20 by Proposition 4.22 and because A is §-self-consistent. The term inside the
second square root is

E > (WIMFoH W,

u,v

(0,h)ESw

which is at most 1 because M and H"Y are sub-measurements. Next, we claim that

(62) =55 B D (Wl (AR ) - M- Ap ) @ Ti [¥) - (64)
(0,h)ESw

To show this, we bound the magnitude of the difference.

E Y @A MY ©Th) - (Al © 1 18 Al )

' (0,h)ESw
< > (wlAy, AP ) O T [Y)
u'U
(0,h)ESw
E Y WAy, ol —1047,) (MEOT)- (A3, @ I- 10 A7, ) [¥).  (65)
(0,h)ESw

The term inside the first square root is

UEUZ (Wl (A, ( > M“) ) ® T l¥)

0:(0,h)ESy
v .
< u]?)v Z (] (Ah(v)) ® Th |9) (because M is a sub-measurement)
h
< ’UZ (W1 @ Ty ) (because Ay, <1T)
h
= 1L (because T is a measurement)
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As for the term inside the second square root, it is equal to the term inside the first square root in
Equation (63), which we showed was at most 24.
Having moved both A’s to the left-hand side, we want to show that

(04) = rmimee B D (W (AR - M- A ) @ Th |0) - (66)
" (0,h)ESu
To show this, we bound the magnitude of the difference.

E Y (Al — Alwy) - M- ARy @ T |0) |

" (0,h)ESuy

B, 2 U = ) M (A = Afy) 9T )
o €Sy

w S WAL ME- AT ) Ty [6). (67)

(0,h)ESw
The term inside the first square root is
E;Z (WU (AR ) — b)) - < Z MS‘) (AR w) = b)) © T [¥)
o 0:(0,h)ESy
< E Z (] (A}Z(v) — A}L‘(u))Q ® Ty ). (because M™ is a sub-measurement,)
u,v

But T € PolySub(m, ¢, d), and so by Lemma 8.3 this expression is at most (yariance. As for the term
inside the second square root, it is equal to the term inside the first square root in Equation (65),
which we showed was at most 1. Finally, we want to show that

(66) =/ iamee L, D (W (AR - My - Afy) @ Th[9) - (68)
(0,h)ESw
To show this, we bound the magnitude of the difference.

B YT (Al M- (AR — Af) © T [9)
(0,h)ESw

< uEv Z <7/1| (A;:(u) : Mg‘ : A#(u)) ® Th |¢>

" (0,h)ESu

E D (1A — Aw) - M3t (A7) — A3)) © T [9).
(0,h)ESw

The term inside the first square root is

ﬁ;z (0] (A} < > Mu) - Apw) @ Th |9)

0:(0,h)ESy
u .
< J?v Z (| (Ah(u)) ® Ty, [1) (because M is a sub-measurement)
< E > W@ T, |v) (because A, < 1)
h
= 1. (because T is a measurement)
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As for the term inside the second square root, it is equal to the term inside the first square root in
Equation (67), which we showed was at most (yariance- This concludes the proof with an error of
2v/20 + 2v/Cyariance- The lemma now follows by observing that 20 < Cyariance- O

We now show that H satisfies Items 1 to 4.

Proof of Item 1 (Completeness). The completeness of H is

D WIH @I =EY (WH 1)
h h
=EY (W] (Al - Th- Al ©11¥)
h
= EZ (W] (AZ -~ Tih(uw)=a) - A5) @ L |9) . (69)

We claim that
a5 B (0] (Thwy=a 45) 9 42 10 (70)

To show this, we bound the magnitude of the difference

B (A1~ 18 AD) - (Thw=a - AL S 1) [0) |

\/EZ (W (Ar @I — T ® A%)2 |¢) - \/EZ (W] (A% - T3 gy AB) @ T [).

The expression inside the first square root is at most 20 < 40 by Proposition 4.22 and the self-
consistency of A, and the expression inside the second square root is at most 1 because Tjj,(y)—a) < I
Next, we claim that

(70) 25 ED (0] (Thuy=a) - A8) @ L [¥) - (71)

To show this, we bound the magnitude of the difference.

[ES ] (Tiny—a) - 4%) @ (T = A2) 1) |
s\/ngr(T[h(u_a] 2ol \/ S Wl (AR @ (1 - A ).

The expression inside the first square root is at most 1 because T is a sub-measurement. By the
projectivity of A, the expression inside the second square root is equal to

EZ (Wl (A3)® (I - AR [9) =E) (U] AL @ A} lv),
ab
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which is at most 0 by the self-consistency of A. We can rewrite Equation (71) as
EZ (| (T, - A;f(u)) ® I )
h

= > (@W[(Th- E Ajwy) @ T[)

h

= Z (| (T - Z) @ I |9) (by Equation (60))
h

= W ZIY). (because T' is a measurement)

We pause and record what we have shown so far:

ST W H, @) > | Z® ) —3V. (72)

h

At this point, we can lower-bound

(W ZIy) > Z W Z @ Ggl) (because G is a sub-measurement)
9

> D (W (BAY,) ®Gylv) (by Equation (59))
9

= E) (] AY ® Gly(u)=q [¥)
> 1-v. (by Item 1 and Proposition 4.19)
Thus, the completeness is at least 1 — v — 3v/8. The proof follows from noting that 3v/§ < ¢.

Proof of Item 2 (Consistency with A). The inconsistency of H with A is

D WA @ Hpwy—y W)= E > (6| AY @ Hyly). (73)

E
unty a#b % a,h:h(u)#a

We now apply Lemma 9.3 to the right-hand side of Equation (73). To do so, we set O = Fy",
M = A, and S, = {(a,h) : h(u) # a}. Then Lemma 9.3 implies that

(73) R4y ariance B D WA - AL Al @ Th [¥),
7 a,h:h(u)#a

which is equal to 0 because A is projective. This implies that

ul%m Z <¢| AZ‘ ® H[h(u):b] |1/}> < 44/ Guariance- (74)
9 a#b

The proof follows from noting that

q
<20m - (61/2 + 612 4 (d/q)1/2>

<.

4/ Cvariance = 4 \/24m : (e +6+ mfd)
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Proof of Item 3 (Strong self-consistency). We begin by recording the following facts which follow
from the definition of H}' and the projectivity of A:

Hy = Ay - Th - Apwy = Angwy - Hi - Ay (75)
Ajwy - Hpr - Agy = Hpy - Ay = (Agy - T - Apgy) - H(u) = b/ (w)]. (76)
The strong self-consistency of H is
Y. (WHy@Hylv)= E 3 (G[Hy @ Hyly). (77)
heP(m,q,d) 1 heP(m,q,d)

We now apply Lemma 9.3 to the right-hand side of Equation (77). To do so, we set
O ="P(m,q,d), M = H, and S, = {(h,h) : h € P(m,q,d)}.

Then Lemma 9.3 implies that

(1)) Raemimee LB, D W1y HY - A @ Ta [0). (78)
7 heP(m,q,d)

Having placed two A’s on the left-hand side, we want to show that

(78) o rm—yme E o (WA Hi - Aby) @ Tul¥) - (79)

u~[Fm™
! @ ph'eP(myq,d)

We note that (79) is at least as big as (78). Thus, we want to upper-bound
(79) = (78) = B3 (0] (Al - Hit - Al) & Ty [0)

= B > (@A - T - Ay) © T [9) - Lh(u) = K (w)], (80)
T h#tN

where the second equality is by Equation (76). To do this, we first show that

(80) = e E E Y (W (A7) T - Afy) ® Tn [9) - 1h(w) = 1 (w))]. (81)
hh!
To show this, we bound the magnitude of the difference.

L D WAy = Ay - T - At © T [) - 1[h(w) = 1 (w)]

" hER!

)

hth!

\/E Z 1/}’ Au )) Th’ ! (A#(u) - AZ(U))) @ Th W)

B ST WA T A ) @ T [9) - () = H(w)]. (82)

)

hh!

The term inside the first square root is

B, X (A~ 4 0 (S T) Uy - ) BTl
’ h'#h
< E Z (W] (AR — Z(v)>2 ® Th |vY), (because T is a sub-measurement)
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But T € P(m,q,d), and so by Lemma 8.3 this expression is at most Cyariance- The term inside the
second square root is equal to

E Y (Y[ Hi © Ty [v) - 1h(u) = B (),

)

heh!

which is at most 1 because T and H" are sub-measurements. Next, we show that

(B1) % ianee & ; (W] (Apiw) - T - Afy) © T [) - 1[a(w) = I (w)). (83)
hth!
To show this, we bound the magnitude of the difference.

E > (U (AR - T - (Aflw) — Alwy)) © T [) - 1[A(w) = I (u))

)

h£h/

\/3;3 S WALy - Thr - AZ ) © Th ) - L{A(u) = h(w)

hh!

E Z <¢| ((A#(u) - AZ(,,)) : Th’ : (A;f(u) - AZ(U))) ® Th W}>

u,v

heh!

The term inside the first square root is at most

E D (W1 (Af ) - T - Ap i) @ Ti [¥0) = vz (W] (A ( > Th/> )@Th[y)  (84)
hh! v Zh
< E Z (] (Az(v))Q ® Ty, |) (T is a sub-measurement,)
)

h
< EUZ (Y] I @ Th ) (because AZ(v) <)

oh
<1, (85)

where the last step again uses the fact that T is a sub-measurement. As for the term inside the
second square root, it is equal to the term inside the first square root in Equation (82), which we
showed was at most (yariance- Finally, Equation (83) is equal to

E Y (0] (A3 T - Afy) © T [0) - BL[(u) = 1 (w)

h£h!
md .
< E Z (W (AR () Th - AR() @ T [¥0) - — (by Schwartz-Zippel)
h;éh/ q
md .
< —. (by Equation (85))

q
By Equation (76), Equation (79) is equal to

E Y WIHY Ay @ Thlv) - (86)

u~Fm™

T h,h'€P(m,q,d)

Now, we show that

CORN el 2} Yo @IHE AR @ Thl) . (87)
" bW EP(m,q,d)
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To show this, we bound the magnitude of the difference.

’Pv Z (| (Hpr - (Ahw) = Ahw))) @ Th [¢)

)

h,h/€P(m,q,d)
< JE > (@HEeT W
" h,h €P(m,q,d)
E Y (WA — AR Hit - (A, — A7) © Thl).
" bW EP(myq,d)

The expression inside the first square root is at most 1 because T' and H" are sub-measurements.
The term inside the second square root is

UEQ,Z w‘ h(u - h(v <2Hh/> . A’U(v)>) ®Th |17Z}>

< Ev Z (U] (AR — Az(v)) ® Ty, [P) . (because H" is a sub-measurement)

But T € PolySub(m, ¢, d), and so by Lemma 8.3 this expression is at most Cyariance- Next, we show
that

BN~y B Y WIHE® (T Ay [0). (88)

" bW EP(myq,d)

To show this, we bound the magnitude of the difference.

B WlHEeT) (A o T Te A%, ) |

" bW EP(myg,d)
_ Z zp](ZHh,@@ 3 Th) (s el —10A2) )|
h:h(v)=a
< |EY ¢|<ZH,® > Th) - B Wl(Ar el -1 AD)?[y).
uvaeF h:h(v)=a u’vaewq

The expression inside the first square root is at most 1 because T' and H" are sub-measurements,
and the expression inside the second square root is at most 20 by Proposition 4.22 and the self-
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consistency of A. Now, Equation (88) is equal to

EY (W Hj @ (Th-EAp ) [)

h,h’
= E Z Y| HY @ (Ty - Z) |) (by Equation (60))
hyh!
= E Z (Y| Hp @ Z |¢) (because T' is a measurement)
u
> E Z (V| Hy @ B AR ) ) (by Equation (59))
h/

= B D (WIH© A W)
b h/
= {?ZW!H[h(v)za] ® Ag [¥)

= E Z (Y Hip(v)y=a) @ I [¢¥0) — EZ (V] Hip(v)=a) @ Ap 19) (because A is a measurement)

aFb
2 ],5) Z <'¢’ H[h(v):a] Q1 ‘Qb) - 4\/ Cvariance (by Equation (74))
= Z <¢’ Hy®1 W}> — 44/ (variance-
h

In total, we have shown that

Z <'¢‘ Hh @ Hh W)) > Z <'¢’ Hh @I |¢> - 7\/ Cvariance r -——4 Cvariance-
h

heP(m,q,d)

Because

11\/®+\/ﬁ+”;—11\/24m-<e+5+>+\ﬁ+m

< 55m - (61/2 o2y (d/q)l/Q) + 2V +m- (d/q)"/?
< 5Tm- <€1/2 sl (d/q)1/2>
<,

this concludes the proof of Item 3.
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Proof of Item 4 (Boundedness). The boundedness of H is

WIZ& W) —EY (WAL @ Hp=a) [¥)

WIZ@ 1) —EY (W] Afly) © Hy lv)
h

= @WZeIlW)-EY @WI@Hy$)+E Y ($[AY© Hy|v)
u u
h a,h:h(u)#a
(because A is a measurement)

< @WlZzelly)— ]EBZ (| T ® Hy ) + 4/ Coariance (by Equation (74))
h
< 3\/3 +4 V Cvariance- (by Equa,tion (72))

We can bound the error by

3¢3+4¢m:3¢3+4\/24m. <e+(5—|—n2d>

< 3V +20m - (61/2 + 642 4 (d/q)1/2>
<23m - (61/2 + 612 4 (d/q)1/2>
<.

This completes the proof. O

9.3 Self-improving to a projective measurement

We now prove the full self-improvement theorem, i.e. Theorem 6.2. To do so, we will apply the
orthonormalization lemma Theorem 5.2 to the output of Lemma 9.1 and argue that it maintains
the four properties of H.

Theorem 9.4 (Self-improvement; Theorem 6.2 restated). Let G € PolyMeas(m, q,d) be a mea-
surement with the following properties:

1. (Consistency with A):  On average over u ~ F?,

AZ ® 1 ~, I® G[g(u):a]-

Let
¢ = 3000m - (/92 4+ 6/ 4 (d ) /7).

Then there exists a projective sub-measurement H € PolySub(m, q,d) with the following properties:

1. (Completeness): If H =", Hy, then
WHIY)>(1-v)-C(
2. (Consistency with A): On average over u ~ Fy?,

AZ &1 ¢ I® H[h(u):a]'
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3. (Strong self-consistency):
H,®I ¢ I ® Hy,.

4. (Boundedness): There exists a positive-semidefinite matriz Z such that

WlZe I -H)ly) <

and for each h € P(m,q,d),
2> (BAg,).

Proof. We note that the bound we are proving is trivial when at least one of ¢, §, or d/q is > 1. In
this case, ¢ > 3000. Hence, we may assume that v,(,d/q < 1. This will aid us when carrying out
the error calculations near the end of the proof, as it allows us to bound terms like €'/2 by terms
like €!/4.

To begin, apply Lemma 9.1 to G. Let He PolySub(m, g, d) be the sub-measurement it outputs
and let Z be the error

¢ = 100m - <61/2 + 612 4 (d/q)1/2>.
By Item 3 of Lemma 9.1,
S "W Hy @ Hy|p) > (| H I |p) - C.
h

Thus, Theorem 5.2 implies the existence of a projective sub-measurement H € PolySub(m, ¢, d)
such that

Hy®I~- H,®I, (89)

Cortho

where R
Cortho = 10021/4 .

In addition, Proposition 4.39 implies that

Hipuy=a) @ I

Cdataprocess

Hip(uy=a) ® I, (90)

where
Cdataprocess = 8< +38 (ortho-

Now we prove the four properties of this theorem. We will show that each quantity is bounded
by some error, and then at the end of this proof we will show that all four errors are bounded by (.

1. (Completeness): Proposition 4.38 implies that

W H@Ip) > | H W) — ¢ — 24/ Cortho

>(1—-v)— 25— 2 Zortho- (by Item 1 of Lemma 9.1)

2. (Consistency with A): Proposition 4.21 applied to Item 2 of Lemma 9.1 implies that

Au ® I ~ — I ® H .
¢ Cty/Caataprocess [h(u)=a]
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3. (Strong self-consistency): Proposition 4.36 implies that

f'\Ih@I%QEI@ﬁh.

Thus, R R
Hh ® I %Zortho Hh ® I %26 I ® Hh %Zortho I ® Hh
Hence, by Proposition 4.28,
Hh ® I %6Z+620rtho I ® Hh
4. (Boundedness): The boundedness of H is
WlZe (I —H)Y)
= WIZell) =) (WlZe Hlv)
h
< (W ZI |y — Z (| EAh(u ® Hy, [1) (by Item 4 of Lemma 9.1)
h
= W|Z& 1) ~E) (V]| Ay ® Halv)
h
= W Z&IW) ~E) (AL ® Hyuy=a V) - (91)

By Proposition 4.25,

EZ (¥| A% © Hipuy=a) [) NﬁEZ (] A% @ Hipyguy=a) V) -

dataprocess U

Hence,

(91) < <w| Z®1 W EZ 1/}‘ Au ® H[h )=a] |¢> + \V Cdataprocess
<(+ 1/Zdatapmcess, (by Item 4 of Lemma 9.1)

This shows the four properties hold with errors

2C +2 Corthm C + \/ Cdataproces& 6C + 6Corth07 and C + \/ Cdataproces&

respectively. We now show that these four are bounded by (. First, using the fact that 10014 < 4,
we note that

Covino = 100CY/4 = 100(100m- (61/2 L2y (d/q)l/2>)l/ !
< 400m - (61/8 + o8 4 (d/q)1/8>.
Hence,
6 + 6Cortho < 6(100m : (61/2 Y2y (d/q)1/2)) + 6(400m . (61/8 o8 4 (d/q)l/s))
< 600m - (61/8 4ol8 (d/q)1/8> + 2400m - (el/g yols g (d/q)l/S)

= 3000m - <el/8 + 618 4 (d/q)1/8>,
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which is less than ¢. In addition, using the fact that v/400 = 20, we also note that
Zdataprocess = 82 +38 Zortho
< 8<100m : (61/2 + 612 4 (d/q)! )) \/400m - (61/8 458 (d/q)1/8>
< 800m - (61/16 + 818 4 (d/q) 1/16) 4+ 160m - (61/16 45116 (d/q)1/16)
— 960m, - (61/16 4o§L/16 + (d/q) 1/16)

which is clearly less than (. Thus, 2E+ 2 amho < Edatapmccss < (. Finally, using /960 < 31,

4V Gt < 100 (/2 + 62 + (d/0)"/2) + \/960m (416 4 51716 1 (dfq)1/19)
< 100m - <61/32 I VE- (d/q)1/32> 4 31m.- <€1/32 Ly (d/q)1/32>
= 131m - <el/32 4 61/32 4 (d/q)l/32>7

which is also less than . This completes the proof. ]

10 Commutativity of the points measurements

Theorem 10.1. Let (1, A, B, L) be an (¢, d,v)-good symmetric strategy for the (m,q,d) low indi-
vidual degree test. On average over independent and uniformly random w,v ~ F,

(Aq - Ap) @ I =30y (A - Ag) @ 1.

Proof. The strategy passes the diagonal lines test with probability 1 — «. Therefore, it passes the
m-restricted diagonal lines test with probability 1 — - m. This means that

u ~ l
Ag @I =ym 1@ Lif()=a);

on average over a uniformly random u ~ F;" and a uniformly random line £ in Fy" containing u.
By Proposition 4.22, this implies that

A @ T Ry T @ Ly (92)

u)=al*

Let w and v be independent and uniformly random points in F¢*. Let £ be a uniformly random
line in Fg* containing both points. (If w and v are distinct, then £ is just the unique line that passes
through both of them. Otherwise, 4 = v, and £ is a uniformly random line passing through w.)
Then the marginal distribution on w and £ is as in Equation (92), as is the marginal distribution
on v and £. As a result,

(Ay - A)) @1 =oym Ay ® L[f( )=b) (by Equation (92))

~2m 1 © (L{p()=t) - Llpr(u)=a)) (by Equation (92))

=I® (Lff’(u):a} : L[f(v):b]) (because L is projective)

~o.ym Ay @ Lff’(u):a} (by Equation (92))

Roym (Ay - Ag) ® 1. (by Equation (92))

The theorem now follows from Proposition 4.28. O
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11 Commutativity

Let (u,x) and (v,y) be sampled independently and uniformly at random from IFZIH. In Sec-
tion 11.1, we will show that the G measurements approximately commute “after evaluation”;

€T . y . 4 . .
namely, that G[g(u):a} commutes with G[g(v):b]' Then, in Section 11.2, we will use this to show

that G7 approximately commutes with G%. This is necessary if we wish to “paste” together sev-
eral G* measurements at different points x € F, to produce a single global measurement H €
PolySub(m + 1, ¢,d), as we do in Section 12 below.

11.1 Commutativity of G after evaluation

Lemma 11.1 (Commutativity of G after evaluation). Let (v, A, B, L) be an (e, d,v)-good symmetric
strategy for the (m+1,q,d) low individual degree test. Let {G*} € PolySub(m,q,d) be a collection
of projective sub-measurements indexed by x € F, with the following properties:

1. (Consistency with A):  On average over (u,x) ~ FJ' 1,
AT T = I ® Gly()—q)-
2. (Strong self-consistency): On average over & ~ Fy,
Gy @I~ 1®Gy.
3. (Boundedness): There exists a positive-semidefinite matriz Z* for each x € Fy such that
B (4](I - G%) ® 2° ) <
and for each v € Fy and g € P(m,q,d),

7 > (13 A’;(’z)) .

Let
v=48m - (/% + ¢1/?).

Then on average over independent and uniformly random (u,x), (v,y) ~ ]Fg”“,

Glowy=al Glhw=t) © T = Gl)= Glowy=a) ® 1-

. . . . u,T
Proof. For notational convenience we use the abbreviation Gy = G}

[ (u)=q) for all (u,z) € Ftt,
We expand the square:

WD WHGETGYY = GPUGEm)T (GRTGY = GYYGRT) @ Ty
a,b
= LE D WHGHYGET - GGy - (GETGYY - GRUGET) @ 1Y)
a,b
=2 B S (WIGUeETGY o Ilh) - W GLmGRYGET G @ I ), (93)
a,b

where the last step uses the projectivity of G.
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We will show that the second term of Equation (93) is close to the first term. To begin, we note
that for each (u,z) € Fj'+t,

G" =) GE = Gl = G- (94)

As a result, Item 1 and Proposition 4.31 imply that

Gy' @I mye G @A™
=G"® AY”, (95)

where the second step is by Equation (94). We can therefore approximate the second term of
Equation (93) as

U, VY U T VY
uvgy;wma GPYGE=CEY @ 1Y)
a

u7v7w7y

mve B ST (| GERGIIGETGY @ AT |y). (96)
a,b

using Proposition 4.24 and Equation (95). Next, we claim that

(96) ~z E ) (W|GETGPYGET @ AYY ) . (97)
a,b

u,v7:1:7y

This is proved in Claim 11.2 below. Continuing, we have

() vz B D (I GEmGIYGT @ AV AL |u)

a,b

~ u,x YU,Y x u,r AV,Y
”ax/muﬁw,yz;w'(;a GPYG™ @ AP APY ) . (98)

The first approximation again uses Proposition 4.24 and Equation (95). The second approximation
follows from Proposition 4.24 and Theorem 10.1. Next, we claim that

(98) % s T B, D (VIGETGYY @ ATTAYY [45). (99)
a,b

This is proved in Claim 11.3 below. We now apply Equation (95) twice with the help of Proposi-
tion 4.24.

u’,l)?w?y

(99)= E Z (| GwGZL"“’G})”y ® A;"zAg’y [4) (because G is projective)
a,b

ot B, 2 (I GEm LGy @ 47 )
a,b

= E Z (Y| GE*GyY @ A)Y ) (because G is projective)
u7v7w7y a b
= E Z (V| GE*GYGY @ ALY |[¥) (because G is projective)
u7v7$7y a b
ot B D WIGHT GG s 1), (100)
a,b
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Now, Item 2 and the fact that G is projective allows us to apply Proposition 4.36, which states
that G is (/2-strongly self-consistent. Hence, Proposition 4.37 says that we can “post-process” its
measurement outcomes:

Glg(uy=a) @1 =¢ 1 @ Gly)=q)-

In other words, using our abbreviation,
Go* @1~ I®Gy". (101)
Applying Equation (101) twice with the help of Proposition 4.24, we conclude that

(100) ~ GGG @ Gy [y)

VGGG @ T1y)

~
~

\/Z U,Pw,y Zb: <
a,

\/Z uﬂPwﬁy Zb: <
a,

Hence we have shown that the second term of Equation (93) is close to the first term.
Putting everything together, this shows that Equation (93) is bounded by

2+ (2VC+ VC+2V/C+6v/30m+ 1) + VC+6v/30m+ 1) +2V/C + 20T+ VE+ V0

= 24 (v/y(m+1) + /)
< 24Vm+1- (7 ++9<)
< 48m- (V7 + /<),

and this completes the proof of the lemma, modulo the proofs of Claim 11.2 and Claim 11.3. We
now prove these claims.

Claim 11.2.
LB S W CETGGEEY e AT )
a,b
VB, 2 W GGG @ ALY ).
a,b
Proof. Recall that G, = G%’g(v):b} = 2 gg(v)=b GYy. For all y € F, and g € P(m,q,d), define the
matrix

RY=E E GY*GYIGY™.
97T ww a “ga
a
Then because G is a sub-measurement,

S RE=EBY G () crr< BY i<l
p ,T - ; u,r -

As a result, RY is a sub-measurement in PolySub(m, g, d).
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Our goal is to bound the magnitude of

£ 2 WIGET GG~ 6N 2 AT )
u,v,T,Y
=B Z > (GGG (I - GY) @ AP
u,v,T,Y
a,b g:g(v)=b

— B Y wlGEeayah( - Gy o ALY )

¥)

=E> (IR - G¥) @ AR |4).
g
We can now bound the magnitude as follows.

ES wl(VRier) (JRIT-ceay) |

|(102)] =

(102)

\/ Wi e ) \/ D I - IR -G 0 432 )

The term inside the first square root is at most 1 because RY is a sub-measurement. The term

inside the second square root is

E > (l( - GMRII - G) 0 A 1)
g

— %Zg:wy(I—Gy)Rg(I—Gy) (EA”QZ)) )

IN

]EZ (W[ (I—-GY)RY(I - GY) @ ZY )

IN

E(y] (I~ G¥)® 2V 1)
< ¢
This concludes the proof.

Claim 11.3.

u,x YUY u,r AV,Y
WE D WIGETGIYGT @ AT AT )

~ 9 v’y 9 U’y
R AT we Y WIGHTGYY © AL ATV [Y).
a,b

Proof. Our goal is to bound the magnitude of

B 2 4 GE=GL U = 67) @ A= AL )

u,v,x,y

~6 ~(m+1) quw,yZ (V| Gy vay(I G*)® Av’yA”w ) .
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(by Item 3)

(by Item 3)

O]

(103)



where the second line follows from Proposition 4.24 and Theorem 10.1. We now proceed nearly
identically to Claim 11.2.

103) = E GGV (I - G*) @ AV AR®
(103)= B > > (vl ( ) ® APV AL W)

ab g:g(u)=a
= B S (@W|GIGIY(I - GT) @ APYALT ). (104)
u,v,2,y )
g,

Then we can bound the magnitude as follows.

1(104)| ’uﬁyz wl(\Jozeap?) - (\Joscyviu - ey e ass ) )|

< Z (¥|Gg © ATV [y) -

uv:cy

DW= G2)GYGRGY (I - G=) @ Ay [v).

u,v,e,y

The term inside the first square root is at most 1 because G and A are sub-measurements. The
term inside the second square root is

E Z (| (I = G*)GYYaEayY (I - GF) @ Ay |0)

u,v,x,y

g(u)

_ _ Y AT VYT T w,x
_ vv];;’y; (W] (I — G*)GPYGEGPY(I G)@(uA )|¢>

IN

E Z (| (I = G*)GYGTG) Y (T — G®) @ Z7 [1)) (by Item 3)

v,x,Y

< VB YW -GMGY - G7) @ 27 )
T

< WII-G*) 0 Z%[y)
U7z7y
< ¢ (by Item 3)
This concludes the proof. O
Having proved Claim 11.2 and Claim 11.3, we conclude the proof of Lemma 11.1. O

11.2 Commutativity of GG

Theorem 11.4 (Commutativity of G). Let (v, A, B, L) be an (€, 9,v)-good symmetric strategy for
the (m,q,d) low individual degree test. Let {G®}.cr, denote a set of projective sub-measurements
in PolySub(m, q, d) with the following properties:

1. (Consistency with A): On average over (u,x) ~ FZ"“H,

2. (Strong self-consistency): On average over x ~ Fy,

G§®I%§I®G§.
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3. (Boundedness): There exists a positive-semidefinite matriz Z* for each x € F, such that
B (6] (I - G%) @ 2% [4) < ¢
and for each x € Fy and g € P(m,q,d),

7 > (13 A’;(’z)) .

Let
v =30m- (Y44 ¢Vt (dfg) ).

Then on average over independent and uniformly random (u,x), (v,y) ~ IFZ”H,
GgGZ QI =, GZ;’LG‘; ® 1

Proof. We note that the bound we are proving is trivial when at least one of ~, ¢, or d/q is > 1.
In this case, v > 30. On the other hand,

E> lGiGhe1-GiGs o Dly) |
) g7h

_ mEyZ (GZGY @ I) |¢) + (-G¥GE R I) [v) ||
vl

< BY 2 (H(G;ﬂcg 2 1)) |* + |(GYGE & 1) [v) H?) (by Proposition 4.27)
K g,h

= E Z 4-(GEGY R I) ) || (by symmetry of the terms)
T,y p 3

= 4B Y WIGIGI6 o DY)
9y
< 4, (because G is a sub-measurement)

which is therefore less than v. Hence, we may assume that ~,(,d/q < 1. This will aid us when
carrying out the error calculations near the end of the proof, as it allows us to bound terms like
¢'/2 by terms like ¢1/4.
Our goal is to bound
T Y _ Yoozt Y Y
gyzl; W] (GEGY — GYGE) - (GEGY — GYGE) T )
g7

= E > WIGIGT - GIGY) - (GgGY - GYGg) @ T |4)

g,h
= 2. Pyz W GEGUGE T [9) — 2 - mEyZ W GEGYGEGY @ I |1h) . (105)
' g,h ’ g,h

We will show that both terms in Equation (105) are close to (¢| G ® G |¢), where we recall that
G = E; G”. With the errors we derive, this will imply Theorem 11.4.
For the first term in Equation (105), we have

ED WIGIGIGT @ Ih) =) (4] (GF - G-G7) @1 [)
’ g,h g
oyt ED (WG @Y 1Y)
g
= (WG CY),
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where the approximation is by Proposition 4.32 and Item 2.
For the second term in Equation (105), we begin with the following lemma.

Lemma 11.5. Let P = {P,} be a sub-measurement and Q = {Qp} be a projective sub-measurement.

Define Cop=Qp Pa Qp- Then 37,(35, Cap) (32 Can) = 34(30 Cap) (32, Cap)' < I

Proof. The first equality follows from the fact that Cg is Hermitian. As for the second equality,

Z (Z Cal’) (Z Ca,b>T = Z Z Cap Cap (Cqp is Hermitian)
a b b a b

=@ P @) Qv P Q)

a b
= Z Z Qv Po- Qv Po-Qp (because @ is projective)
a b
< ZZQ&; ~Po - Qb (because Qp < I)
o
because P and @) are sub-measurements. O
First, we show that
E Z (W GGRGEGH @ TU) ~ ] E Z (V| GYGEGY © GZ |) (106)

gh

This follows from Proposition 4.24 where we let “A7” and “Bg” in the Proposition be G7 @ I and
I @ Gy, respectively, and let “C(f , denote GmeGy The closeness between “A?” and “BZ” follows

from Item 2, and the normalization condition on “C”” ? follows from the projectivity of the {Gj}
measurements and Lemma 11.5. Next, we show that

(106) = EZ w\GyGwa@@Gﬂwwm B Z (Y| GY G (=) Gh © G ey [90) - (107)
g,h

To do so, we first compute the difference as

D (w)] - (V| GRGFGE @ G W) - (108)
’ygsﬁg’h

This is nonnegative and real, so it suffices to upper bound it, which we do as follows.

(108) = B Y (WIGHGEGY © Gy |¢) - E1[g(u) = ¢/ (u)]

97&9’ h
d
< E Z (V| GyG”Gy Gy [¥) - am (by Schwartz-Zippel)
Y gt h ¢
dm .
< — (because G is a sub-measurement)
q
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Next, we show that

(107) = E ,yz (Y| GY 1 Glo(u)= a]GZ}i ® Gl (u)=a) 1) (Equation (107) rewriten)
a,h

uE}yZ (1 Gy G Glgw=aCr @ 1 1¥)

%

Q

Ve B D W G—a GhG=a © GE 1¥) (109)
a,h

These two approximations are derived as follows.

1. In the first approximation we used Proposition 4.24 where we let “AZ” and “B2” in the Propo-
sition be G[ (w)=a] ® lTand I ® G[ (u)=a]’ respectively, and let “Cx ” denote GY G[ ()= a]Gy
The closeness between “A%X” and “B.” follows from Item 2, and the normalization condition
on “C7,” follows from the projectivity of the {G} } measurements and Lemma 11.5

2. In the second approximation we used Proposition 4.24 where we let “A7” and “BY” in the
Proposition be G} @ I and I ® Gj, respectively, and let “C"’“" ” denote G[g( )= ]G ch( )=a]"
The closeness between “A?” and “BZ” follows from Item 2, and the normalization condition

on “Cy " follows from the projectivity of the {G[g(u } measurements and Lemma 11.5

Analogously to the derivation of Equation (107), we now show that

z y y ati S
(109) = u}a‘;yz (W G w)=a) G Gly(uy=a) ® Gl [¥) (Equation (109) restated)

X dm ’vEm,yZ ¢’ G[g(u G]G[h('v) ]G[zg(u):a} ® Gﬁl(v):b] |’¢> . (110)

q u
To do so, we first compute the difference as

Y Y
uv]%c’y %é:h/ )]+ ] Glguy=a) Gh Glg(uy=a) ® G [1) - (111)

This is nonnegative and real, so it suffices to upper bound it, which we do as follows.

(1) = E 3" (Wl Chuy-qCYChu— © GY 1¥) - E1l(v) = 1/ (v)

a,h#W
dm .
< B, 2 WIGHw—u GGl ® Gh 1¥) - =~ (by Schwartz-Zippel)
a,htR
d
< iy (because G is a sub-measurement)
q

Now, we set
Vevaluation = 48m - ('71/2 + CI/Q)
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to be the approximation error from Lemma 11.1. We conclude by showing that

(110) = B Z (1 Gy =a] i) =) O uy=a) @ Gy [¥) (Bquation (110) restated)
N ot o B, yZ (W1 Gw)=a Glow=a Clhwr= © Clawy=y ¥
= winy Zb: (1 Gy Gyt © Clhwr= 1)
LB Z (W1 Gour=a) @ Glao)=Clhwr= 1)

= JE ZMG[g(u —a) ® Glh(w)=p) 1)

u,v,2,Y

=<¢|G®G|¢>-

The third and fifth lines follow from the projectivity of the G measurements. The two approxima-
tions are derived as follows.

1. In the first approximation we used Proposition 4.24 where we let “A?” and “BX” in the
xTr

Proposition be Gf’g(u):a]G%h(v):b] ® I and G[ h(v)= b]G[g( )=a] ® I, respectively, and let “Cg,
denote ch( )= }®G[ h(v)=b]" The closeness between “A%Y” and “BY” follows from Lemma 11.1,
and the normalization condition on “C7,” follows from it being a sub-measurement.

2. In the second approximation we used Proposition 4.24 where we let “A%” and “BZ” in the
Y Y Y : “Yr o» x
Proposition be G[h(v):b] ® 1T and I ® G[h(v):b}’ respectively, and let Ca,b denote G[g(u):a] ®
G?[Jh( V=t The closeness between “A%” and “B.” follows from Item 2, and the normalization
condition on “C’” ” follows from it being a sub-measurement.

This shows that the second term in Equation (105) is approximately (| G ® G |¢), as desired. In
total, we have incurred an error of

2-(2ﬂ+f<+cT+ﬂ+ﬂ+cT+¢m+\/Z>

— 12¢"/2 4 2m - (d/q) +2- \/48m - (312 4 (112)
122+ 2m - (dfg) + 14m - (444 14)

IN

A

< 1264+ 2m- (dfq) !+ 14m - (414 + 1)

< 30m - (71/4 +¢ (d/Q)1/4) :

This concludes the proof of Theorem 11.4. O

12 Pasting

Theorem 12.1 (Pasting). Let (¢, A, B, L) be an (€,0,7)-good symmetric strategy for the (m +
1,q,d) low individual degree test. Let {G®}.cr, denote a set of projective sub-measurements in
PolySub(m, q,d) with the following properties:
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1. (Completeness): If G =Eg ). G7, then

WlGallp) 21—k,

2. (Consistency with A):  On average over (u,x) ~ Fytt,

AZ,,:B & I :C I (= G[mg(u)

=a]*
3. (Strong self-consistency): On average over x ~ Fy,
Gyl =~ I2Gy.
4. (Boundedness): There exists a positive-semidefinite matriz Z* for each x € Fy such that
E (4] (I - G%) @ 2% o) < ¢
and for each x € Fy and g € P(m,q,d),

Z% > (]5) A;‘(’z)) )

Let k > 400md be an integer. Let
v — 100k2m - (61/32 45l +,Yl/32 I C1/32 4 (d/q)l/32> 7

_ 1 —k/(80000m?2)
0=k (1+100m>+2v+e .

Then there exists a “pasted” measurement H € PolyMeas(m + 1, q,d) which satisfies the following
property.

1. (Consistency with A): On average over u ~ FZLH,

A}; QRI~ I ® H[h(u):a]'

We note that the bound we are proving is trivial when at least one of €, 6, v, ¢, or d/q is > 1,
as v is at least 1 in that case. Hence, we may assume that €, d,v,(,d/q < 1. This will aid us when
carrying out the error calculations, as it allows us to bound terms like ¢*/2 by terms like ¢1/4.

It will be convenient to state certain consistency relations that follow easily from the hypotheses
of the theorem. In this section, we will only use the axis-parallel lines test in the (m+1)-st direction,
i.e. in the case when the line is of the form ¢ = {(u, z) | # € F,}. Such a line is specified by a point
u € FJ'. As a result, we can use the shorthand introduced in Notation 3.8, where instead of writing
ch for such a line, we write B}‘. We will also make use of the other shorthand from Notation 3.8
in which for a function f : £ — F,, we will sometimes write f(x) instead of f(u,z).

We know that (¢, A, B, L) passes the axis-parallel lines test with probability 1 — ¢, and so it
passes this test with probability 1—(m+1)-e conditioned on the random direction ¢ € {1,...,m+1}
from the test being equal to m + 1. This means the following: if (u,x) ~ IF;”H is drawn uniformly
at random and € = {(u,y) | y € F,} is the line through it in the (m + 1)-st direction, then

U,x ~ Y . ”
A" @I =(ni1)e I @ Blypy=q) = L @ Bf(z)=a)-
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Hence, Proposition 4.22 and the fact that (m + 1) < 2m imply that
A;L,{E ® I %47716 I ® B[I‘Lf(a:):a]

Next, from the assumption that the given strategy is (e, d,y)-good, Proposition 4.22 implies
that
1@ 4D g AL © T ame 18 By

As a result, Proposition 4.28 implies that
Proposition 4.21 applied to Item 2 and Equation (112) implies
x ~ U
lo(w=a] ® 1 =1 T ® Blyg)—q); (113)

where

v1 = (+ V8me + 46. (114)
Finally, Theorem 11.4 implies that
Gng ® I %Vcommute GZG;E & ‘[7 (115)
where

Veommute = 30m - (71/4 + <1/4 + (d/Q)1/4> .

12.1 From measurements to sub-measurements

Rather than designing the pasted measurement guaranteed by Theorem 12.1, it is convenient to
first design a pasted sub-measurement, and then convert it to a measurement. The next lemma
shows the bounds we achieve for this sub-measurement.

Lemma 12.2. There ezists a “pasted” sub-measurement H € PolySub(m + 1, q,d) which satisfies
the following properties.

1. (Consistency with A): On average over uw ~ IF;"H,

AZ &1 ~, I®H[h(u) al-

2. (Completeness): If H =", Hp, then

1 —k/(80000m?2)
H ® l > — . - — — .

Proof of Theorem 12.1 assuming Lemma 12.2. Let H be the sub-measurement in PolySub(m +
1,q,d) guaranteed by Lemma 12.2. Let h* be an arbitrary polynomial in P(m + 1, q,d). We define
the measurement Hyeas € PolyMeas(m + 1, ¢, d) as follows.

(Hmeas)h = { Hy, otherwise.
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This is clearly a measurement, as the sum of its POVM elements is H + (I — H) = H. In addition,

EZ w\A“ meaS)[h (u)=b] W)

a#b

= EZ Z (Y| AG ® (Hmeas)n [¥)

a  h:h(u)a
=E) Y @AYeH»+E Y (WATe - H)W)

a  h:h(u)#a a:h*(u)#a
<E)Y > (WAt H ) +EWI®I-H)[W)

a  h:h(u)#a
< (v)+ ( (1 + 10;) +v+ ek/(80000m2)> (by Items 1 and 2)
=o0.

Thus, A @ ~, I ® (Hmeas)[h(u):a}. This completes the proof. O

We will now spend the rest of this section proving Lemma 12.2, i.e. designing the pasted sub-
measurement H.

12.2 The pasted sub-measurement

Definition 12.3. For k > 1, we let Distincty be the set of tuples (x1,...,zx) € IF’; such that z; # x;
for all i # j. We write (x1,...,xy) ~ Distincty, for a uniformly random element of this set.

In manipulations involving our pasted measurement, it will often be useful to switch the expec-
tation over Distinct;, with an expectation over uniformly random k-tuples of elements of F,. The
following proposition bounds the distance between these two distributions.

Proposition 12.4. Let * = (x1,...,xE) ~ JF’; be sampled uniformly at random and let y =
(Yq,--.,yy) ~ Distincty. Then
k2
drv(z,y) < —
q
Proof. For any z = (z1,...,2x) € IF’qc,
[ 1
Prjz = 2] = —,
qk
o if z € Distincty,
otherwise.
Because ﬁ > q% Prjz = z] > Prly = 2] if and only if z ¢ Distinct. Hence,
k!

dry(z,y) = gré%x{Pr[cc € S]—Prly € S|}

= Pr[x € Distinct;] — Pr[y € Distinct;] = Pr[z € Distincty].
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We can upper-bound this probability as follows.

Pr[x € Distincty| = Pr[3i: x; € {x1,...,2;—1}]

k i1\ k(k—1)
S;Pr[azie{ml,...,wi_l}]§Z< . >— 5

1=2

This concludes the proof. ]

To begin, we will describe our construction of the global pasted measurement. In fact, we
will consider two separate constructions of the global pasted measurement. The first is given in
Section 12.2.1 below. It is the more natural of the two, but unfortunately we do not know how
to prove that it works correctly. This motivates our second construction, given in Section 12.2.2
below, which is designed to circumvent the problems in the first construction.

12.2.1 The first construction

The first construction of H = {H}} is conceptually simple: we perform the G sub-measurement
d + 1 times to produce d + 1 polynomials gi,...,94+1 € P(m,q,d). We then perform polyno-
mial interpolation to produce a single global polynomial h € P(m + 1,¢,d). In more detail, this
construction involves three steps.

1. (Pasting): Let z1,...,2441 € Fy. We will define an initial “sandwiched” measurement as
follows:

7T Td+l _ @1 | X2 . Td+l | @2 | T
Hglwngdﬂ _G91 ng G9d+1 ng Ggl'

H?*b-»%d+1 hag a natural interpretation as the sub-measurement in which one performs the

sub-measurements G*', G*2, ..., G%4+1 one after another and outputs their results.
2. (Interpolation) Next, let (x1,...,2441) € Distinctgy;. We define the interpolated measure-
ment

T1yTd+1 _ 3T Td+1
H, = Hh|x1,...,h|md+1'
This performs the H®1-%a1 measurement and outputs the h which is consistent with the
outcomes g1, ..., gq+1 if one exists. (We note that this is not necessarily a sub-measurement
if (z1,...,244+1) ¢ Distinctgy;. This is because there may exist h # h' for which hl,, = ()|,
forall 1 <i<d+1.)

3. (Averaging): Finally, we randomize over the choice of (z1,...,2411). In other words, we
define
Hh — E H}?lr“)“’d«kl‘

(:tl,...7wd+1)~Distinctd+1

To show that this construction works, we need to show two things: (i) that Hj has good
agreement with A, and (ii) that H’s completeness is close to G’s. Showing (i) is simple and follows
from the approximate commutativity of G* and GY established in Theorem 11.4. What we do not
know how to do is to show (ii), at least for general d. In fact, at first glance it even looks like it
should be false! To see why, we note that it is possible to show that the completeness of H can be
approximated as

W H @Iy~ (|G Iy,
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because H is performing the G measurement d + 1 times. We would therefore like to show that
WG @ I|y) ~ (WG ly). (116)
But if (| G® I|yp) =1 — K, a “naive analysis” would lead to the conclusion that
WG @Iy ~1—(d+1) -k, (117)

which would be too great of a loss in completeness for our proof strategy to work.

However, we can show Equation (116) is actually correct and therefore this “naive analysis” is
incorrect, at least in the case of constant d. To see how this is possible, note that Equation (117)
is in fact correct when all of G’s eigenvalues are equal to 1 — r, in which case G9! = (1 — k)¢ - G.
So we would like to show that, on the contrary, the fact that G’s incompleteness is equal to 1 — k
is because a “(1 — k) fraction” of its eigenvalues are equal to 1, and the remaining “x fraction” of
its eigenvalues are equal to 0. In this case, G = G, and so Equation (116) holds.

We now sketch the argument that shows this holds, at least for constant d. To do this, it is
first possible to show that

W GHERT|Y) ~a (|G @ T|p), (118)

where A = poly(m) - poly(e, d,7,(,d/q) is small. Intuitively, this is because after performing
(d + 1) G measurements, the outcome of another G measurement is essentially determined due to
interpolation. (The proof is of this fact is slightly subtle and involves the Z-boundedness condition.)

From here, it is possible to derive Equation (116) as follows. Write the eigendecomposition G =
> Ai|vi) (vi] of G. This defines a probability distribution p over eigenvectors, where eigenvector ¢
occurs with probability p(7) = (¥| (|vi) (v;| ® I) |¢). In this language, for any power k we can write

WG @ Iy) = w(ZA% (wl ) @ ) ZA’“ (i) = E M.

i
Thus, Equation (118) is equivalent to the statement that

A> @G RI|p) — (Y| G R |ih) = “[Ad“] E N = ENT (- (119)

(2" 1,~’u

By Equation (116), our goal is to bound

WG Iy - @G o Ily) = BN - B R = E Rl =)

To do so, we will use the following lemma.

Lemma 12.5. For any real number 0 < XA <1,

1/(d+1)
AQ—X@g%(V“u—AD .

Proof. The lemma is trivial for A = 1, and so we will assume that A # 1. We note that

\d
)\d+1(1 . )\d)d—i-l < )\d+1(1 o Ad) — Ad+1(1 _ )\) X (11 );\)
:)\d+1(1_)\)‘(1+)\+...+)\d_1) Sd-)\d+1(1—)\).

The lemma now follows by taking the (d 4 1)-st root of both sides and noting that dV/(d+1) < 2 for
all integers d > 1. OJ
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Then Lemma 12.5 implies that

1/(+1)
E - x)] <20 B [(AdHa-a) ]
(¥ (2
1/(d+1)
<2 ( E [XZH(I — )\'1,)]) (because a — a/(+1) is concave)
e
< 2. AV, (by Equation (119))

Thus, we have established the bound
(WG @ T) = (]| G @ Tly) <2 AV =2 (poly(m) - poly(e,d,7,¢, d/q)/**".

For constant d, this bound is suitable for our proof, as the right-hand side is still a polynomial in
the relevant parameters. However, when d is larger, for this bound to be meaningful, we need e,
d, etc. to be exponentially small in d, which is a more stringent condition than we generally allow
(unless, again, d is a constant). That said, we believe this large error may be an artifact of the
proof strategy rather than something intrinsic to the construction. We leave this to future work.

12.2.2 The second construction

The second construction of H = {Hp} is designed to circumvent the problem of the first con-
struction, which is that its completeness was difficult to analyze. Instead, we will design a pasted
measurement in which the “naive analysis” actually gets us the bound we want, which is that H’s
completeness is close to G’s completeness. Before describing the construction, we need the following
definitions.

Definition 12.6 (G’s incomplete part). For each z € Fy, we write G* = Zg Gy and G| =1 —-G*
for the “complete” and “incomplete” parts of G*, respectively.

It will be convenient to sometimes regard G* as a complete measurement by throwing in the
additional measurement outcome “1”. To distinguish this from G* as a sub-measurement, we will
use the notation “G*”. In other words, we let G= {@g } be the projective measurement defined as

ég { Gy if g € P(m,q,d),

TG oifg= 1.
This measurement has outcomes ranging over the set P (m, q,d) := P(m,q,d) U {L}.

Definition 12.7 (Types). A type 7 is an element of {0,1}* for some integer k. We write |7| =
T1 + -+ - + 73, for the Hamming weight of 7. We will also associate 7 with the set {i | 7, = 1} and
write ¢ € 7 if 7, = 1.

Suppose we perform the G measurement k times in succession, generating the random outcomes
91,--.,95. Let us write 7 € {0,1}* for the “type” of these outcomes, where

o= 1 ifgiep(ma%d)a

Assuming the g;’s are not inconsistent, then we can interpolate them to produce a global polyno-
mial h whenever |7| > d+1. Hence, we would like to understand the probability that |7| > d+1 and
ensure that it is as large as possible. The probability that the measurement G returns a polynomial
g € P(m,q,d) is equal to the completeness of GG, which is 1 — k. This tells us that the probability
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that 71 = 1 is 1 — k. We might naively expect that the same holds for the other 7;’s as well.
We might also naively expect that the 7;’s are independent. These two assumptions should not
be expected to hold in general, as they ignore correlations between the measurements and the fact
that each measurement perturbs the state |¢)) for subsequent measurements to use. However, if we
make these assumptions, then we at least have a simple toy model for the measurement outcomes:
7T ~ Binomial(k, 1 — k).

In this toy model, we expect |7| ~ k- (1 — k) on average. This was the problem with the “naive
analysis” from the first construction: if & = d + 1 and & is reasonably large (say, on the order of
1/d), then we don’t expect || to be > d + 1 with high probability, and so we can’t interpolate to
produce a global polynomial. This suggests an alternative strategy: simply choose k large enough
so that k- (1 — k) > d+ 1. In fact, as we are aiming for H to have completeness close to 1 — k, we
should choose k so large that || > d + 1 with probability roughly 1 — k. This is easily done with
a Chernoff bound, which is responsible for the exponential error term in Item 2 of Lemma 12.2.
On the other hand, if we set k foo large, then we increase the risk that our k£ outcomes g1, ..., gk
are inconsistent with each other, which is an additional source of error. This is responsible for the
tradeoff between “large” and “small” k discussed in Section 6.1 above.

Although, this “naive analysis” only holds in this toy model, it still motivates our second
construction of H, which we state below. We will show that the naive analysis, in which we treat 7
as a binomial random variable and bound || using a Chernoff bound, can actually be made formal.

Definition 12.8 (The pasted measurement). Let £ > d + 1 be an integer.

1. (Pasting): Let z1,...,2x € F,. We will define an initial “sandwiched” measurement as
follows: R R R R R R

Hgl gl = Goy - Gy - Gyl Gy - Gy

2. (Interpolation): Next, let (21, ..., ) € Distinct,. For any string w € {0,1}* and polynomial
h € P(m + 1,q,d), we define h,, to be the tuple (g1,...,g9x) € PT(m,q,d)* where g; = L if

w; = 0 and g; = h|,, otherwise. We define the interpolated measurement

H:ch...,xk _ Z ﬁxl,...,zk
h hw :

w:w|>d+1
3. (Averaging): Finally, we randomize over the choice of (z1,...,x). In other words, we define
Hy, = E HE1

(@1,...,2 )~Distincty,

To analyze the second construction, we first need to show that the G measurement satisfies
some basic properties, like commutation with itself. These are shown in Section 12.3, where they
follow from the fact that similar properties hold for G. Using this, we prove that H is consistent
with B in Section 12.4, which we use to prove that H is consistent with A in Section 12.5. Finally,
we analyze the completeness of H in Section 12.6.

12.3 Strong self-consistency and commutation of G

In this section, we show that G is strongly self-consistent and commutes with itself. As we already
know this holds for the sub-measurement G, our task essentially reduces to showing that these
properties also hold for G’s incomplete part, i.e. G|. As it is more convenient to work with
G = I — GG rather than G, we will first show that these properties hold for G; the fact that they
also hold for G will then follow as an immediate corollary.
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12.3.1 Strong self-consistency of G

Lemma 12.9 (Strong self-consistency of G’s complete part).
G"®I~:1®G".

Proof. Because G is a projective measurement, Proposition 4.36 implies that the strong self-
consistency of G from Item 3 is equivalent to

BY (]G3 @G [0) > BY (UG @ Ih) — 2 ¢ (120)
g

g

Our goal is to bound

E|(G®0-10G6) )|
= 2-E@[G"@I|))-2-E@[G" @G |y)

= 2-EY (4lGrelly)-2-EY UGy o Gf )
g1 g:h
<2.E) (WGIeIl)-2-E) (4G G v).
g 9
But this is at most ¢ by Equation (120). O

Corollary 12.10 (Strong self-consistency of G’s incomplete part).
T@I~I®GY.
Proof. For any =,
TRI-I®GI =I1-G)I-1Ie(I-G")=IG"-G"® 1.

Thus,
E(GI @l -1aGT) )P =E|(eG"-G"a1)v) |7

which is at most ¢ by Lemma 12.9. O

12.3.2 Commutativity of G|

Lemma 12.11 (Commutativity with Gy implies commutativity with G®). Let M = {M7} be a
projective sub-measurement with outcomes in some set O. Suppose that

M@ ~, I® M, (121)

and
GgMg ® I =~ ijG; ® 1 (122)

over independent and uniformly random x,y ~ F,. Then

G"MY ® T g /o ymrayg MIGT ® 1.
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Proof. The error we wish to bound is
EY I(G*MY — MYGT) @ 1[4) |
= E> WIMYG*ME@I)+ E > (0| G*(MY)’G" 1 |y)
z,y > ,y 5
— EY (W|G"MIGTMY @I |Y)— E > (| MYG"MIGT I |¢). (123)
,y 5 .,y P
We will show that all four terms in Equation (123) are close to (| G®M |¢), where M = E, >~ MY.

For the first term in Equation (123), we have

E > (| MY(G")PMYRI[p) = E Y (V| MYG*MY @1 1)) (because G is projective)
m?y o m7y o
=E MYGMY @I
B2 WIMIGM & T1y)

~am B (WG @ MY |v)
(by Proposition 4.32 and Equation (121))
= WG M|yp).

Similarly, for the second term in Equation (123), we have
E Z (Y| G=(MY)*G* @ I|Y) = E Z (Y| GEMYG® @ I|y) (because M is projective)
,y 5 ,y 5
_E(4|GTMG® 9 T|y)
Nt ]gic) (Y| M @ G* |¢p)  (by Proposition 4.32 and Lemma 12.9)
= WIMeGp).

For the third term in Equation (123), we begin by claiming that
B2 WIGTMIGEMY @ T10) EyEgj (W GTMIGTMY @ I )
= mEyZ (Y| GTMYGFGTMY @I |¢p)  (because G is projective)
0.9

~ R ;Eyz (Y| G*MYGEMYGE R I |1)) . (124)

079

To show this, we bound the magnitude of the difference.

w]ijZ WHG*MIGg @ 1) - (GgM§ — M7 Gg) © 1) |¢)

O7g

< [B Sl (G=mzogntce) @ I1y)

O7g

B WGy — GeME) - (GEMY — MYGE) © D) ).
9
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The expression inside the first square root is at most 1 because G and M are sub-measurements.
The expression inside the second square root is at most x by Equation (122). Next, we claim that

(129~ E > (W GTMIGEMY ® GZ i) . (125)
0,9

To show this, we bound the magnitude of the difference.

w%ZW\(G‘”MEGZ’@I) (MJ @) (Gg oI -1 Gy)) )

O7g

< |E GEMIGEMIG®) @ 1
__w§w< FMYGT) @ 1Y)

LJES WG el -1eGy) - (MY o) (Gs o1 - 10 Gp)|v).
0,9

The expression inside the first square root is at most 1 because G and M are sub-measurements.
The expression inside the second square root is

EY (@ el-10G6)- (BEY. MY al) (GFol-10G])W)
g o

< EZ @W(Ggel-I® G§)2 [y . (because M is a sub-measurement)
xT
g
This is at most ¢ by Item 3. Next, we claim that
(125) ~ m@yz<¢|G§GmM§/G§M§/ @1 [). (126)
O’-g

To show this, we bound the magnitude of the difference.

waZ W ((Gg @I —T©Gg) - (G"MF 1)) - (GgM 1) [¢)
0,9

07g

< \/EIZW((G;@@I_I@G;)-(GmMngwm)-(G;f@I_I@Gg))yw

L JE D W (MEGEME) @ T1y).

o’g

The expression inside the first square root is

EY (U(GIal-12G)- (EZGmMgG“’ ®I) (GERT—TRGE) W)
9 o
< E Z WGyl -1 G’;”)2 ) . (because G and M are sub-measurements)
9

This is at most ¢ by Item 3. The expression inside the second square root is at most 1 because G
and M are sub-measurements. Next, we claim that

(126) = E Z (Y| GZMYGTMY @ I [1) (because G is projective)
:I:7y
0,9
~x E > (W MIGIGTMY @I |1)). (127)
0.9
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To show this, we bound the magnitude of the difference.

E > (] (G3MY — MYG) @ 1) - (GFMY & D) |
Yy

O7g

< |E GzMY — MYGe) . (MYGE — Gz MY I
< wyygw((g 2). (MYGe — G2MY) @ 1) |¢)

y y
: EyZ (| (MEGEMY) @ T [4)).
The expression inside the first square root is at most x by Equation (122). The expression inside

the second square root is at most 1 because G and M are sub-measurements. Finally,

(127) = E Z W MIGTZMY @ I|p) (because G is projective)
m?y O,g

=B (Y| MYGMY @ 1]y
e}
oW ];)Z (Y| G MY |) (by Proposition 4.32 and Equation (121))
o
= WG My).
In total, this shows that

mEyZ (WIGEMIGEMY @ TY) =y se10 /mrayx (WIG @ MI[Y). (128)

The fourth term in Equation (123) is the Hermitian conjugate of the third term. As a result,
Equation (128) implies that

mEyZ<¢|Mg’GmM§IGm®I|¢> ~o ey (01 G @MW)
o

as well.
In total, this gives an error of

20w +2/C+2- (2\/E+2\@+2\/y) = 61/C + 6y + 4 /X.

This proves the claimed bound. O

Corollary 12.12 (Commutativity of G’s complete part). The following commutation relations
hold.

GoG' @I =, G'Gy 1
G'G'"®I~, GYG"® 1,

where

vy = 36m - (71/16 + C1/16 + (d/q)1/16) '
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Proof. By Equation (115),
GgGh @I Ry G1Gg @ 1. (129)

Now we apply Lemma 12.11 to Equation (129). To do so, we set the “{M{}” sub-measurement to
be {G§}, and therefore O = P(m, ¢,d). This implies that

GIGY @ I~y GVGE @ T (130)
for 61 = 12/ + 4\/Veommute-

Next, we apply Lemma 12.11 to Equation (130). This time, we let O be a set containing a
single outcome, and for this outcome o, we set MJ = GY. This implies that

G"GY @ I ~p, GVGT @ T

for 03 = 121/ + 44/0;. This uses Lemma 12.9 for the strong self-consistency of {MJ}.
We now show that v9 bounds #; and 65. First, using /30 < 6, we have

01 = 120/ + 4 Veommmare = 120/C + 4/30m - (1/4 4 (/4 1 (d/q)1/%)
<1205+ 24m - (/5 4 V5 + (d/q) *)
<36m- (/5 4+ V5 + (d/g) %)

This is clearly less than v5. Next, we have
62 = 12¢/C + 4y/61 < 120/C +41/36m - (y1/5 + (VS + (d/q)V/3)
< 12<1/16 4 24m - (71/16 +C1/16 + (d/q)1/16>

< 36m - (71/16 4 C1/16 4 (d/q)1/16> '

This is equal to vo, which completes the proof. O

Corollary 12.13 (Commutativity of G’s incomplete part). The following commutation relations
hold.

GG @I, GGyl
GIGY @I, GYGT @1,
where vo 1s as in Corollary 12.12.
Proof. First, we note that
GgGi’_ — G?iGg =Gy - (I-GY)—(I-GY) Gy =GYGy — GyGY.
Hence, by Corollary 12.12,
J Yy 2 _ 2
E> GG -GIG el ) |* = B Y (GYGE - GFGY) @ 11v) [* < vs.
g g

Next, we note that
LG - GLGE = (1= G") - (1= GY) — (I = GY) - (I - ")
=(I-G"-G"+G"GY)-(I-GY-G"+GYG")
=G"GY - GYG".
As a result, by Corollary 12.12,
E I TG -GiaT) eI |* = E I(GY6" - G*GY) oI y) 1> < . O
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12.3.3 Putting everything together

Now we combine the results of the previous two sections to show our strong self-consistency and
commutation results for G.

Corollary 12.14 (Strong self-consistency and commutation of CAJ) G obeys the following strong
self-consistency and commutation properties.

G ry T0GY, (131)
GIGY @ 1my, GIGE® I, (132)

where
vy = 138m - (Cl/w +~1/16 4 (d/q)1/16) .

Proof. We begin with Equation (131). To prove this, we wish to bound
AT N AT 2
BY (G el 10820 |

g
= E > II(G$®I—I®G§)I¢>HZ+1§H( TRI-T12GY) )|
g€P(m,q,d)

< (+(=2¢,

by Item 3 and Corollary 12.10.
Next, we show Equation (132). To prove this, we wish to bound

B3 IGE -GiGp i I

g7
= E Y GG -GIGD eI + E I(GIGY - GLGY) © T[4} |
g,h€P(m,q,d)
+E Y. lGay -aian oIy |*+ E > GG -GraT) @ Ty |I?

’y 7y
ge€P(m,q,d) heP(m,q,d)

< Veommute 1+ 32,
by Equation (115) and Corollary 12.13. We can therefore bound this by
Veommute + 32 = 30m - (114 4 ¢4 4 (d/g) /%) +3 - 36m - (/10 4 ¢ + (d/q) /)
< 30m - (71/16 +€1/16 + (d/q)1/16> +3.36m - (,71/16 + C1/16 4 (d/q)1/16)
— 138m, - (71/16 T Cl/lﬁ i (d/q)l/lt‘)) '
This completes the proof. ]

12.4 Consistency of the sandwich H with B

In the next lemmas, we will show that H is consistent with the lines measurement B. To start, we
show some self-consistency and commutativity properties of H.
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Lemma 12.15 (Commuting past multiple é’s). For all k > 2,
Gy Gys Gy @1 R, Gy - GGy @ 1,
where

vy = 426k*m - <fyl/16 4 C1/16 + (d/q)1/16> .

Proof. This proof will consist of multiple applications of Equations (131) and (132); for each line, we
will specify which equation to apply. Each line will also involve an application of Proposition 4.26,
which we will specify only implicitly.
Gl G o1
roc Gl Gyl - Go !l ® Gor (by Equation (131))
~ac Gyl Gy @ Gyl G
Ry Gy Gg © Gy - Gl

by Equation (131))
by Equation (132))
)
)

( (
( (
(by Equation (131
( (

~ac GGGy @ Gt Gyt by

Nz @33@35’@25 ® é;,’j e @gj by Equation (132
~2C @?53 " @ﬁ:i@ﬁ}@ﬁ,’j @1 (by Equation (131))
Ry @Z; . @g,’:j @;:@;311 ®I. (by Equation (132))

In total, we have (k — 2) + (k — 2) < 2k applications of Equation (131) with error 2¢ each and
(k — 1) < k applications of Equation (132) with error v3 each. By Proposition 4.28, this implies
that

G G -+ Gt © T Rakarchvy) Goi -+ Gor 1 Gyt Gyl © 1,

as claimed. We can bound this as follows.
3k - (4kC + kus) = 12K%C + 3k%u3
— 12K2¢ + 3Kk2 - 138m - (71/16 i <1/16 i (d/q)1/16>
< 12k2<1/16 1 414K2m - <,)/1/16 n C1/16 i (d/q)1/16)

< 426k*m - (71/16 + C1/16 + (d/q)1/16> '

This completes the proof. ]

Lemma 12.16 (Consistency of H with B). Forany 1 <i<k,

EE > X WHRR® B g V) <vs,
915-9k:9i7 L atgi(u)

where
vs = 43km - (61/32 + (51/32 + 71/32 + €1/32 + (d/q)1/32> )
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Proof. To begin, we note that

7T, § : AT | (T . T
Z H!]1,~~~,gk - Ggl ng Ggl

Git-15--9k Jit15-.9k
- Y ane(Xem)an
Gi+15--9k—1 9k
= Z é’gll EH N BN E @;11 (because G®* is a measurement)
Git+15--9k—1
= Z @;11 Gkl @;11 (because G+~ is projective)
Git15-9k—1

— Q%L T
- G91 Ggi Ggl
Ty,
- Hglz--~7gi :

As a result,

E B >N (IHPE @ Bl =g |9

U T1,...,Lk
G15--:9k:9iF-L aFgi(u)

=E E > > WIHZI @ Blg_qlv). (133)
T 9190017 L atgi(w)
For shorthand, we write
ANrei A N —
G;ii - G;l e Ggi—ll'
Then we claim that
(133)=E_E Y (G55 Gg -G (G0 @ (I = Bl =g, V)

U T1,...,L;

91,90 giFL
B B DD WIGE - Gi G (GE) @ (= By 00 (134)
91,90 giFL

To show this, we bound the magnitude of the difference.

]EMPM Z . (W] (GZ=i - G% — G% - G=<) ® 1) - (G - (G;f;ii)T ® (I — Bf}(mi):gi(u)])) [1)
g1,---,9i-9i

S\/E E Y (@l(Gys-Go -Gy Ges) - (Gy - (Gasit — (Gasht -G @ T |y)

91590 GiFL

U T1,..., L4
G1se-5GiigiFL

\/E E Y WG -G5 (@2 @ (= B i) [0

The term inside the first square root is at most

]Ealew Z (1| ((@g:f . @Zz _ @Z;f @ZEZ) ) (@Zc; ) (@ZJZ)T _ (@ggﬂ ) @Zcf)) QIY), (135)
g1,---,9i

which is at most v4 by Lemma 12.15. The term inside the second square root is at most 1 because B
and G are measurements. Next, we claim that

(134) ~ B B Z;ﬁ <¢yé;i.@g:;.(@gj)f.(A;;c;®(1_Bg;(wi):gi(u”)yw>. (136)
915---,9i9i L

107



To show this, we bound the magnitude of the difference.

EE > WG G o= Bli)—gm) (GG =G (Gih @ 1 [w)

g1,-,9i:9i 7L

U T1,...,T;
g1,--,9i:9i 7L

g\/E E Y (@G0 (@2 GE) @ (1= Bl ) 1)

u T1,...,T;

g15-:9irgiFL

The term inside the first square root is at most 1 because B and G are measurements. The term
inside the second square root is at most Equation (135), which is at most v4 by Lemma 12.15. But

AT < x< — 5131 L GRL L Q% A
Z GYH<ZZ G9<Z Z G Ggi—l ng'—1 Ggl
915---,9i—1 915---,9i—
- Axl ATi-1\ Azl
- Z Ggl ( Z Ggi—1> Gg1
915--,9i—2 gi—1
_ AT x1
o Z Ggl I Ggl
91,--,9i—2
=1

Thus,
136)=B B, 3 01858 (= Bjiyqu) ) <11
gi:giF#L

by Equation (113). In total, using v/426 < 21, this gives an error of

vi+2va=(+V8me+40+2- \/426k2m- (/16 + ¢1/16 + (d/q)1/19)
< C1/32 4 3mel/32 4 251/32 4 4okm . (71/32 +Cl/32 + (d/q)l/32)

< 43km - (61/32 + 51/32 + 71/32 + C1/32 + (d/q)1/32> )
This completes the proof. 0

12.5 Consistency of H with A
Lemma 12.17 (Consistency of H with B).
Hipj, =) ® I 205 T ® By,

where
Ve = 44k2m, - (61/32 Lo§L/32 +71/32 +C1/32 4 (d/q)1/32> '
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Proof. Let x1,...,x) ~ Fy be independent and uniformly random. Our goal is to bound

E > (W Hyppp @ BY [¥)

f#S
— u
= E)Y > (U[Hy®B}Y)
h o f#h|u
= E E HE» " @ B
ok kzz (V] ® BY )

h f#h|u

- BB Y Y Y WA en

W wiw|>d+1 fARl

=B E > > > > WHRe B, (137)

h wiw|>d+1 (g1, 9% ) =hw f#h|u

We note that the sum over (g1, ..., gx) = hy in the final step is trivial because there is only ever one
tuple (g1, ..., gr) which is equal to h,,. Because |w| > d+1, there exist at least (d+1) coordinates i
such that g; # L and hence g; = h|g,. Since f is degree-d, if it is not equal to hl,, then there must
exist an i such that g; # L and g;(u) # f(=x;). Thus,

(137) = E_E > > > Y WIHG @ BY )

""" h wilw|>d+1 (g1,....98)=hw f:3i:gi#L,
gt(u)if(a%)

<E E_ > > (WA B ). (138)
gk gt L,
gi(w)#f(x4)

Let (yy,...,y;) ~ Distincty. Then by Proposition 12.4, Equation (138) is (k?/q)-close to
BBy 2 2 W S YY)

gk f:IigiFEL,
gi(w)#f(y;)
< Z E E Z Z (Y] Hgll” Tk ® BY ) (by the union bound)
e =9k figiFL,
9i(wW)#f(y;)
— E E H'!le Yk B
TR DU I

g1y Gk:gi#L aFgi(u)
< Z Us (by Lemma 12.16)
= k-us.

In total, using 1/q < (d/q)/3?, this gives an error of
712 T kv 712 4k 43km - (61/32 oL/ L AL/B2 g /32y gy )1/32>
p 5 = p v q
— 44k, - (61/32 45132 +’>’l/32 Feuse gy (d/q)1/32) '
This completes the proof. ]
Corollary 12.18 (Consistency of H with A; Proof of Item 1 in Lemma 12.2).

H[h(u,:v):a] QRI~ I® AZ’I.
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Proof. Lemma 12.17 implies that

H[h(u,x):a] QI e I® BE}(:E) al* (139)
Proposition 4.21 applied to Equation (139) and Equation (112) implies that

H[h(uw):a] ® 1 :y6+\/8me+45 I® A37x'
We can bound this error by

V8me + 40 + vg = V/8me + 40 + 44k*m - (61/32 +61/32 4 4 1/32 4 (/32 (d/q)1/32>
< 3me/32 4 261/32 4 44k?m - (61/32 4 51/32 +71/32 el gy (d/q)1/32)
< 47k*m - (61/32 45132 +,Yl/32 4 <1/32 + (d/q)l/SZ) ‘

This is clearly at most v, which completes the proof. ]

12.6 Completeness of H

Definition 12.19. Let 7 € {0, 1}* be a type. We define the following two subsets of P+ (m, ¢, d)".

e We define Outcomes; to be the set of tuples (gi,...,gx) such that g; € P(m,q,d) for each
i €T and g; = L for each ¢ ¢ 7. This is the set of possible outcomes of the H measurement

of type 7.
e Let z1,..., 21 € F,. We define Global, (x) to be the subset of Outcomes, containing only those
tuples which are consistent with a global polynomial. In other words, (g1, ..., gx) € Global ()

if there exists an h € P(m + 1, ¢,d) such that g; = h|,, for each i € 7. Next, we define
Global(x) = Outcomes, \ Global,(x).

This contains those tuples of type 7 with no consistent global polynomial.

Lemma 12.20. Let x1,...,x, ~ Fy be sampled uniformly at random. Then
WHSIY) ~, B 3 > (| HEbwoe @ 1 |y)

7:|7|>d+1 (g1,...,9k ) EOutcomes,

where
vy = 46k2m - (61/32 4§l +'yl/32 +Cl/32 1 (d/q)1/32> .

Proof. Let (yy,...,y;) ~ Distincty. By definition,
(WIH@I|Y) =3 (Wl H @)

h

— E Hylv---vyk ® I
yw’yk;<w| ; )

=, B2 D Wl el
1YLk

h 1:|7|>d+1

vy > 2 oo @l HS I @ T

""" h 7i|7|>d+1 (g1,....9k)=h~r

= E > > (W HY ¥k @ 1 1p) . (140)

7| 7|>d+1 (g1,...,9% ) EGlobal - (y)
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The sum in Equation (140) is over ¢i,..., g which are consistent with a global polynomial. We
will now show that the value of this sum remains largely unchanged if we drop this condition. In
particular, we claim that

(140) = 2 E Z > (W] Hytogk @ T]) (141)

v 7:|7|>d+1 (g1,...,9% ) EOutcomes

To show this, we note that (141) > (140). Hence, it suffices to upper bound their difference.

a-go= B Y Y AR e
o 7:|7|2d+1 (gq,....g1 ) €Global, (y)

-E B X X wEudesyl). 0w
TiT|2d+1 f (g1,-,9% ) €Global, ()

because B is a measurement. Next, we claim that
()me,, B B 3 3 3 WHRIHBY )A€ T f(y) = gi(u)
q 3eeey

m|T|>d+1 f (g1,...,gx)EGlobaly ()
(143)

To show this, we note that (142) > (143). Thus, it suffices to upper bound their difference (142) —
(143). This is given by

> > (| Hyl ik @ BY [6) - 130 € 7, f(y;) # gi(w)].  (144)

uyl, 7yk
7| T|>d+1 f (gy,...,gx)EGlobaly ()

Recall that x1, ...,z ~ F; are sampled independently and uniformly at random. Then Proposi-
tion 12.4 implies that Equation (144) is (k?/q)-close to

> > > (] HE @ @ BY |y) - 1[3i € 7, f(2) # gi(w)]

Thﬂ>d+1 I (g1,....95)€Global, (x)

< DD 3 (] BZ - @ BY ) - 1[3i € 7, f(@0) # gi(u)]

UiBl, L
:|7|>d+1 f (91,...,9%)€Outcomes,

< E E ZZ ST WET @ BEY) 13 € 7 f(a) # gi(w)]

(g1,---,9x )EOutcomes,

< B E_ ZZ S wAzem et (L1l £ aw))

(91,---,9%)€Outcomes, P

= ZE}E > S (@ HEE @ BY |y)

gl::ngz;’éJ—ff(iBl);ﬁgz(u)
=Y EB E >3 (WH © By )
(A

9159k 9i# L atgi(u)
< Z(V5) (by Lemma 12.16)

i

uwl, Y

== kJ'V5.

Returning to Equation (143), we introduce the notation Consistent, (g, y, u) to indicate whether
there is a consistent degree-d polynomial interpolating the g;’s along the line in direction . In other

words,
. 1 if 4f such that ) = g;(u) for alli € 7,
Consistent, (g, y,u) = { 0 othgrwise. f(Yi) = gi(u)
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Clearly, for any f,
1Vi € 7, f(y;) = gi(u)] < 1[Consistent, (g, y, u)]

because the left-hand side indicates whether f is the consistent degree-d polynomial interpolating
along direction u. As a result,

(113)< B E >y > (| HYv ¥ @ BY |4b) - 1[Consistent, (g, y, )]

T|r|=d+1 [ (g1,...,91)€Global, (y)

=E E > > Wl B @ (S0 BY) [9) - 1[Consistent, (g, y, w)

n k75‘7|2d+1 (91,---,9%)EGlobal; (y) f

=E E 3 3 (] Hyto gl @ I1¢) - 1[Consistent, (g, y, u)]
7:|7|>d+1 (g4 ,...,gi ) EGlobal, (y)

- B > > (wyﬁg’l{t:;ﬁk®I\zp)-I;r[ConsistentT(g,y,u)]. (145)

1oy

7:|7|>d+1 (gy,...,9,)Global, (y)

Let us now fix (y1,...,yx) € Distinctg, a type 7 such that |7| > d + 1, and (g1,...,9%) €
Global-(y). Suppose without loss of generality that 71 = -+ = 7441 = 1, so that g1,...,9441 €
P(m,q,d). Then there is a unique polynomial h* € P(m + 1, q,d) which interpolates g1, ..., gq+1-
In other words, for all 1 <i<d+1,

h*(u,y;) = gi(u).

In addition, for any u, (h*)|, is the unique degree-d polynomial which interpolates g, ..., gg+1
along the line in direction u. Thus, if there is a consistent degree-d polynomial interpolating all
the g;’s along the line in direction u, then it is (h*)|,. In math,

Consistent(g,y,u) = 1 if and only if Vi e 7,g;(u) = h*(u, y;).

On the other hand, because (g1, ..., gx) € Global-(y), there exists an * € 7 such that g # (h*)|y,..
Hence,

d
Pr(Consistent; (g, y, u)] < Prlg;(w) = h*(u, yi-)] = Prlg(u) = (h7)]y,. (u)] < %’
u u u
by Schwartz-Zippel. As a result,
= Ay17"'7yk md
(140) < ” Eyk Z Z <T/}’ Hgly--qgk ®1 |¢> ’ 7
T > d 4 (g1,---,9% )EGlobal - (y)
Aylf"'vyk md
< E Z (Y| Hg) g @ I - —
Yi1,--Yk
g1 Gk
_md
q

This establishes Equation (141). Finally, Proposition 12.4 implies that Equation (141) is (k?/q)-

close to
Z1,-Lk
:‘tlvﬁvwk Z Z <¢| Hgla---agk ® I |w> .
7:|7|>d+1 (g1,...,9% ) EOutcomes -
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In total, this gives an error of

k2 d k2 d
2; + % +k-vs= 2? + % + k- 43km - (el/?’Q +O1/32 4 y1/32 4 (/82 (d/q)1/32>
2
< 3/-3 ;nd L 43K2m - (61/32 4 51/32 +71/32 +<1/32 4 (d/q)1/32>

< Sk:Qm(d/q)l/?’Q 4 43K2m - (61/32 L5132 +,yl/32 +C1/32 n (d/q)1/32>

< 46k%m - (61/32 4 51/32 _1_71/32 + C1/32 + (d/q)l/32> .

This completes the proof of the lemma. O
Lemma 12.21. Let xq, ...,z ~ Fy be sampled uniformly at random. Then

. koo : A
B, X X wimpets, Y (Hwou-ofen,

L1, Lk .
7:|7|>d+1 (g1,...,91 ) EOutcomes i=d+1

where
vg = 46km - <71/32 + C1/32 + (d/q)1/32> .

Proof. We begin by introducing some notation that we will use throughout the proof. Let 7 €
{0,1}* be a type. Then we define

Ter=(11,...,m-1) € {0, 17 = (741, ..., ) € {0, 1}F7E,
and we define 7<; and 7 similarly. In addition, given (g1,...,gx) € P*(m,q,d)*, we define
ger = (g1, -5 90-1) € PHm g, ), gor = (9o, -5 9%) € PH(m,q,d)*
and we define g<¢ and g> similarly. Using this notation, we can write

ﬁxzﬁ — A:Bg,...,mk
9>¢ 959k °

Next, we introduce the notation
GF=t _ Gre . Gk
ngf - ng ng'

This satisfies the recurrence relation

Gyzi = Gy - Gzl (146)
Furthermore, we can write R R N
Hyz! = (G2)) - (G2t (147)

Finally, we will write O, as shorthand for Outcomes..
To prove the lemma, we will show that for each 1 < /¢ < k,

131132 Z Z <w’ ﬁngzz[ & (G|T<e\ . (I — G)(K_l)_|7'<e|) |¢>

T Ti7[>d+19>¢€0ry,

Sovmiaym BOY Y WA 0 @ (- 6y ). (148)

T
7 7|>d+1 g>g607—>e
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If we then repeatedly apply Equation (148) for £ =1,..., k, we derive

TTXT1,..., T,
wl,:.E.),wk Z Z <w| Hgl,...,gk @I |w>
T:|7|>d+1 (91,...,9% ) EOutcomes

= E > ) WHZeIW

~ 7i|7|>d+19>1€0+

Movmiagm BY) S WIHEE @ (Gl (1- 6 rey)
- T:\TlZd—l-lgngO-rZ2

E ) Y Wl HE @l (1 gyl )

.’1223
T 7T|>d+1 923€Or>3

~avai+2

NoV2C+2 /7 Z W T (G (I -Gy jy)
77| >d+1

k
S (’;) (W T (G — G)F) [y)

i=d+1

In total, using /426 < 21, this gives an error of
k- (2v/2C+2y/vs) = k- 24/2¢ + 2 - \/426k2m - (M6 116+ (d /)1 /16)
< 4k C1/32 + 42km - (71/32 + C1/32 + (d/q)l/32)

< d6km - (71152 4 (VR 4 (d/q) V).

This proves the lemma.
We now prove Equation (148). To begin, for each 1 < ¢ < k + 1 and 7>, € {0, 11 we
define the matrix
Sroy = Z GlIr<el (1 — G)E DIl (149)

Tep:|T|>d+1
Then the statement in Equation (148) can be rewritten as

m]i Z Z <Q’Z)| ﬁgzsf ® sze |¢>

T >0 9>¢€0,,
Sy BY. Y W 05 v, (150)
T>¢ g>0€0r,

To prove this, we will use several facts about Sr_,. First, S is Hermitian and positive semidefinite.
This is because each term in Equation (149) is a product of G and (I —G). These matrices commute
with each other, and both are Hermitian and positive semidefinite. Next, S is bounded:

Sro, = Z Gl<el (1 — q)= D=l

Teplr|2d+1
<3 @l (1 - gl
T<t
=(G+(I-a)
=TI (151)
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In addition, for any 7, € {0,1},

= G ifrp=1
Ty ) — )
(B> an)-= { (I-G) ifr =0,
géeo‘rz

=G (I-G)' . (152)

Thus, for any 7y,

ZSTZ‘ ' ( Z G > - ZSTZZ (@ (I-G)T)

ZGOTZ

= Z Z G|T<£‘ . (I _ G)(Z—l)—|7—<£\ . (GTZ ) (I B G)l—Té)

Te Tep|T|>d+1

— Z Z GlIrsel (1 — g)t-Im=dl

Te Tep|T|>d+1

= Z Glr=el . (I — G)E—|T§e\

T<g:|T|>d+1
=S (153)
Finally, for any 7>,
me (B X G35
gﬁeo‘r‘e
= S, (G"-(I-G)'"7™)- 8., (by Equation (152))

= \/GTZ . (I —_ G)l_TZ . (5722)2 . \/GTZ . (I i G)l—‘l’g
(because Sr., commutes with G and (I — G))

< VG- (I-G)=me-1-\/Gme-(I—-G)t- (by Equation (151))

= G- (I-G)'™™

- (E Y ax). (154)
géeoﬂ'é

where the last step uses Equation (152) again. This concludes the set of facts we will need about
Srep-

Now we prove Equation (150). To start, we write H as a sandwich of G operators, and move
the rightmost @gf to the second tensor factor.

E> N (@ H S @S, W)

e >t (957 agk)eo‘f'zg

- EY > WG (G e S, ) (by Equation (147))
T (9[7---79k)60722

= B> Y WG GEN G @S, ) (by Equation (146))
- T>¢ (ng"’gk)EoTze

o BYL D WG (GEN) @ (Sn, GE ). (155)

7>t (9e5+9k) €05,
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To justify the approximation, we bound the error.

EY > WHGHes,) (Grn'el) (G el-Todp)W)
= 72t (90.950)€0r5,

< |EY Y W@ CEIN @ (S W)

T T>e (9579>Z)€OT2[

> W (Gt @ T -1 G3l) - (Gozt - (Gezhy @ I) - (Gat @ I — T ® Ggt)) |v).

E
>
T2t (9e,9>0)€07,

L

(156)

The expression inside the first square root is equal to

m]i Z Z <1’Z)| ﬁngz; ® (STzz)Q W> )

~ 720 (96,950)€0r5,

which is at most 1 because Sr., < I and H is a sub-measurement. The expression inside the second
square root is equal to
E> ) WHCHel-TeGy) (Hzrel) (Gyel-I12Gi)w)

T T2 (90,950)€075,

< CCE>)£ Z W (Ggreol-T1eGy)  (H>f 1) - (Ggf @I —1®Gg!))[v)

ges-- 9k
< E Z (Y| (@ff I—-1I® @g}fﬁ [¢) (because H is a sub-measurement)
=0
< 2C. (by Corollary 12.14)

We will now commute the leftmost égg in Equation (155) to the right in two stages. In the first
stage, we have:

W)=EY Y (wl@- 05 @) 6 (Sn - G2 )
T T2t (90,950)€075,

~m BY D WG G @D e (S, Gl (157)

T T>e (glvg>l)eo7'2g

To justify the approximation, we bound the magnitude of the difference.

E> > WIGEGle D (GE)' @ (Sn. - Gi) I¥)
T T2 (90,950)€075,

< EY X WG G- (G GRDt e TIy)

~ 720 (96,950)€0r5,

EY Y W@ @h e G (8,2 Gle). (159)

T T>e (glyg>l)eo‘rzg
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The quantity inside the first square root is at most
E > WG G - (G Gt e TY),
= 9559k
which is at most v4 by Lemma 12.15. The quantity inside the second square root is equal to

E> Y WGy (52)" Gl

T 72t (90,950)€075,

< mE Z Z (] ﬁl;;f ® (@;’; T é;j) 1) (because Sr., < I)
>0 =z
= s (90,950)€075,

= B> > WHZ G
T 72t (90,950)€0r,

< 1. (because G and H are sub-measurements)

We continue commuting the leftmost @g’f to the right.

BN =B > @G G (G @ (S, - Gi v)
T 7>t (90,950)€075,

~m BYS Y WG G G e (S Gil). (159)

~ T2t (90,950)€075,

To justify the approximation, we will need to be slightly more clever this time. First, as always,
we bound the magnitude of the difference:

E> X WG e, &) (Ge).6Ge D)
= 72t (90,950)€075,

< |EY S W@ @GR e (S, - Gat S 1)
~ 72t (90,9>0)€07,

:1::E>][ Z Z (Y] ([(éggsee)T’ @gf])T ) ([(agjfﬁv a;f]) ® I |). (160)

Y (9279>£)6072z

The term inside the first square root is equal to

E> Y WHZE @S, Gy S W)

~ 72t (90:950)€07,

- w]i)ez Z (1] ﬁg;ée ® (Srs, - (5 Z @;«)  Sry) )

T>¢ 950€0-, 9¢€0+,
< E Z Z (] ffngf ® (E Z éi;f) ) (by Equation (154))
kg T
. T>¢ 950€0-, ‘ 9¢€0+,
= E> > (WHZ oG
© T2t (90,950)€075,
< L (because G and H are sub-measurements)
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The term inside the second square root is equal to the term inside the first square root of Equa-
tion (158L which we bounded by v4. We are now ready for the final step, which is to bring the
leftmost Ggf over to the second tensor factor.

—EY Y W@ @)t G e (S, G5 1)

T T2t (90,950)€05,

r BY . D WG (GeN @ (S, G GR ) (161)
T 72t (90:950)€0r,

To justify the approximation, we bound the magnitude of the difference.

ES Y WG 0 (Sn, G (G e D) (G e T -1 G3) )
~ 72t (90,950)€075,
< E Z Z <¢| ( g;ee ) (ég:;;ﬁ) ® (STZZ ’ é;zl ’ STZZ) |¢>

>y
T>¢ (9279>l)60724

E> Y WNGHeI-TeGy) (Gi (Gt e D) (G @ I- 18 G). [¥)

T 72t (90,950)€075,

The expression inside the first is equal to the expression inside the first square root in Equa-
tion (160), which we bounded by 1. The expression inside the second square root is equal to the
expression inside the second square root in Equation (156), which we bounded by 2¢. We end by
noting that

(161) = E Z Z (Y] (G;”;f . (Ggff) ) @ (Srsy - é;f) ) (because G is projective)

- T>f (9¢,9>0)€075,

—EY Y WIAR @ (Sn, G

T (9679>Z)EOT>3

— E Z Z H;jf (ZSTzZ'< Z Gm[))

T>z 9>¢€0r_, Te geEOTe

= E Z Z Hg;f ® Sro, |¥) . (by Equation (153))

C e 9>0€0+,

This concludes the proof of Equation (150) and therefore proves the lemma. O

Lemma 12.22. Let 0 < § < 1 and let k,d > 0 be integers such that k > 2d/0. Define the
matriz-valued function F by

k

F(X)= ) (i)XT(I—X)T_k

r=d+1

Then for any Hermitian matriz X such that 0 < X < I and (| X @ I |1p) > 1 — &, it holds that

(W FX)RI ) >1- i’ﬁe _ 0%k)2
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Proof. Let p be the reduced state of |[¢)) on one prover’s subsystem (since the state is assumed
to be symmetric, it does not matter which prover we take). Write the eigendecomposition X =
> Ai|vi) (vi] of X, where we allow some of the eigenvalues to be 0 so that the set of eigenvectors
{|vi)} forms an orthonormal basis of the space. This defines a probability distribution p over
eigenvectors, where eigenvector ¢ occurs with probability p(i) = (v;| p|v;). The given condition
(| X @ I'p) =tr(Xp) > 1 — k implies that

Z]NEM)\ _Z)‘l (i Z)\ (vi| p |vi)
:Z)\i'tr [vi) (vil - p)
:tr<2)\i|vi> (04 -p) =tr(Xp) >1—k.

Or, equivalently,

.E (1 - )\z) < K.
i

By Markov’s inequality, for any 0 < 6 < 1, we have

Pr((1- A > (1 6)] < Dl A0 &

i~p - 1-6 - 1-6
In other words,
Pri\; >0)=Pr[1—-X\) <(1-6)]=1-Pr[(1-X)>(1-0)]>1- A (162)

Thus, it holds that with probability at least 1 — %5 over @ ~ u, A; > 0.

We now evaluate (¢| FI(X)®1 |1). We will essentially do this eigenvalue by eigenvalue. To begin,
we consider a hypothetical eigenvalue d/k < p < 1. Observe that F(p) is precisely the probability
probability of observing at least d+ 1 successes out of k i.i.d. Bernoulli trials, each of which succeeds
with probability p. In other words, it is the probability that Y ;=Y +--- + Y > d + 1, where
Yi,..., Y, ~ Bernoulli(p). We can bound this probability by the additive Chernoff bound (see
the second additive bound in [Blull]):

PrlY <d] =Pr[Y < pk — (pk — d)]
:Pr[YSpk—(p—g>-k]

k
oo (o)
Thus,
F(p)=Pr[Y >d+1]=1-Pr[Y <d > 1—exp(—2(p—%)2-k‘>. (163)
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Putting the pieces together, we compute (| f(X) ® I |¢):

(W F(X)®I14) = tr(F(X)p)
= ZF(M) (vil p [vi)

= E F(\)
i~p
> Pr(\; > 0]- F(0)
i~p
> (1 — 1 i 9> - F(0) (by Equation (162))

(o) (men( (- ) e

where the last step uses Equation (163). Next, we claim that if a, b, ¢ > 0 satisfy a > (1—-5b)-(1—¢),
then a > 1 — b — c. This is because if either b or c is at least 1, then the conclusion is trivially true,
and if both are less than 1, then

1-b)-1-¢=1-1-¢)=b-1-¢)>1-(1—¢)=b-1=1—c—0.

Since (| F(X) ® I'|¢) is manifestly positive, we can apply this to Equation (164), yielding

(| F(X) ® T|3) 21—%—exp(—2(0—%)2-k).

Finally, we note that because k > 2d/6, we have /2 > d/k. This implies that 6 —d/k > 60 —0/2 =
/2, and so (6 — d/k)? > (6/2)% = 0%/4. As a result,

d\2 9
exp (2(9 — %> k:) > exp (9 k:/2)

Equivalently,

d\ 2

exp (— 2(9 — E) k:) < exp ( - 02k/2).
Thus, we conclude
<¢|F(X)®I|¢>21—17"‘9—exp(—92k/2). O

Corollary 12.23 (Completeness of H; Proof of Item 2 of Lemma 12.2). Let k > 400md. Then

1 —k/(80000m?2)
>1—K- — | — v = .
(WHQI|Y)>1—-k (l—i—l ) vV—e

Proof. We begin by approximating the completeness as follows.

(WHSI) ~, B > > (Y| HEZow®k @ T |p)  (by Lemma 12.20)
T:|7|>d+1 (91,...,9%) €EOutcomes
k
k . .
s Z < > (| GHI - G @ 1 1) (by Lemma 12.21)
2
i=d+1

= @I F(G) @)
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We can bound the error incurred here by

vy + vg = 46k%*m - <61/32 4+ /32 p /32 4 (132 4 (d/q)1/32) + 46km - (71/32 4ol g (d/q)l/gz)
< 100k%m - (61/32 + 8182 g 1/ g (182 (d/q)1/32>
=v.

Let # = 1/(200m). Note that

1 1 __200m ey L
1-6 1-1/(200m) 200m—1 =~ 200m—1 "~ 100m”

Then k > 2d/0 and, therefore, k > d+1. As aresult, k and 0 satisfy the hypothesis of Lemma 12.22,
namely that £ > max{d + 1,2d/0}. Thus, Lemma 12.22 implies that

(Y| F(G) DT )y >1— % _ o 0%k/2

_ K —k/(80000m?)
-1- " _
1-6 °©
1 2
>1—k-[1 -\ _—k/(80000m )
- " < * 100m> ©

In total, we have

1 —k/(80000m?)
H ® l > _ . + - — —e .

This completes the proof. ]
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