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Abstract

In regression we measure covariate samples X; and response variables Y; and seek to estimate
the conditional mean, or regression function, f(x) =E(Y;| X; = 2) within some hypothesis
class F of possible regression functions. Estimation of a nonparametric regression function
1[0, 1]d — R becomes increasingly difficult as the dimension of the covariate space increases.
Specifically, the number of samples n required to ensure that sup sz E(]| f- fl3) <n for a
fixed n > 0 grows exponentially in d for all estimators f in many usual problem contexts. To
overcome this, we often seek to find structure within the function f we can exploit. The two
main structures that have been previously studied are Sparsity, where f depends only on
s < d of the covariates’ coordinates, and Additivity, where f is a sum of functions on each of
the covariates’ coordinates independently. In this thesis we present a new framework for lower
dimensional structures that can capture much of the same benefits but now in non-linear

situations.

This framework exploits the structure of the level sets of the regression function. If we
know the level set [z]; = {u€[0,1]%: f(z) = f(u)} then we can average any sufficiently local
estimator f,, over this level set to obtain an estimator with a pointwise risk that is bounded
in terms of d — dim[x]; rather than d. In general it is hard to learn [x];; however, even
a simple plug in estimator (i.e., that uses the level sets of some estimate p,, of f) can be
shown to achieve these faster rates (up to log factors) under some strong conditions on f
and demonstrate remarkable performance improvements in some finite sample experiments.
Instead of placing conditions on f, this thesis gives sufficient conditions on structured hypothe-

sis classes for the level sets [2] ; under which we can achieve the same fast rates of convergence.

This key idea is to generalise sparsity, multi-index models, and other non-linear lower

dimensional patterns in f in terms of transformations of the covariate space:
VU, c {Bijections ¢ : X - X'} (1)

for which f o = f for all 1) € ¥;. Functions that satisfy this property have Symmetry: in
the same way that we can translate a sparse function along the unimportant axes we can

transform f using W, without effect. Any such f must have level sets [x]; that contain the



sets {1(x) 11 € ¥y}, which we can seek to exploit.

We show that an oracle that knows any symmetry group ¥y of f performs with worst
case L? risk decay that depends on a smaller dimension s < d, rather than the dimension d of
the original covariate space. The regression function f can have many possible symmetry
groups, but when f is continuous there is always a unique maximal symmetry group ¥
within the classes considered. We then show that we can use an M-estimator of this maximal
VU in order to achieve the dimension reduction adaptively under some technical conditions

on Vs and the hypothesis class of symmetries considered.

We then show that we can give an inferential framework for this maximal Wy, giving

both hypothesis tests for:
Ho(W): fodp=f for all e (2)

for any transformation group ¥, as well as confidence regions for the maximal ¥ in the
hypothesis class of possible ¥ we consider. This also leads to another estimator of ¥ that has
the computational advantage of not estimating f directly. We demonstrate the performance
of these tools both on synthetic datasets and on real data from both the Earth’s magnetic

field and temporospatial locations of sunspots.
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Chapter 1
Introduction

Regression, where we seek to understand the relationship between measured independent
variables X = (Xi,...,Xy) in some space X and response variables Y € R given finite samples
{(X®Y;)}2,, is a core task in statistics. In its simplest form we might seek to find straight
lines of best fit through our samples (X, Y;) when X ¢ R. This is fundamentally a search
for a pattern in the data: if we know how much we expect Y; to increase with each unit of X ()
and the expected value at some chosen base point x, then we can extrapolate out to any new
point v using this pattern and give a useful prediction of our expected response. If we expand
the relationships beyond linear ones, many other patterns are possible: we see periodicity in
sound waves or ripple heights, or we see that image classifications can stay constant when we
rotate or reflect an image. In this thesis we will show how methods in nonparametric regression
can be improved by explicitly learning these patterns and can provide dimension reduction

by compressing the covariate space to a region that we can extrapolate from using the pattern.

The usual approach to regression is to assume an additive noise model of the form:
Vi= f(XD) +¢ (1.1)

for functions f that are contained in some hypothesis class F, such as: the class of linear
functions f(z) = 273, the class of polynomial functions of the covariates, or the class of
all L-Lipschitz functions. Here all X and ¢; are independent and follow some known
distributions. We can then estimate f, which will be the conditional mean of Y; | X () when

E(e;) = 0, by using least squares (for example) over the class F:

f = argmin 3 (¥ - (X )))? (1.2)
¢eF  4=1

When F can be described with a finite number of parameters, as with the class of linear

functions f(x) = 278 for some B € RY, this usually has an explicit closed form solution



Introduction

that converges to f in expected L?-norm at a rate of n~!. When this class becomes infinite
dimensional (as with the L-Lipschitz class), we typically focus on methods that are inherently
local rather than global such as local polynomial estimators or wavelet projection estimators,
all defined in Section 2.1. The locality of these methods means that the data used to estimate
the function at each point is much more limited than in the parametric case. This leads to
slower rates of convergence in this more general setting, and in particular these rates become

much slower as dimension increases.

In the statistics literature there are three main methods for overcoming this problem that all
seek to find more efficient representations of the covariate space. The first is to ignore the
response values and represent the covariates on some lower dimensional submanifold of X, in
essence performing a non-linear analogue to principal component analysis. This approach
is sensible if the covariates are highly concentrated around this manifold as in Bickel and
Li [2007] but struggles when the covariate space is sampled from more uniformly and will
completely miss any behaviour of the regression function off of this submanifold. The second
approach is to assume that the regression function has an additive structure: where it is
a sum of functions of each of the covariates separately. This speeds up the convergence of
these estimators significantly but leads to asymptotic bias for functions that are not additive.
The last main approach is to assume that the regression function depends only on some,
rather than all, of the covariates. When this sparsity assumption is true it will lead to faster
rates (even adaptively, see Lafferty and Wasserman [2008]) but many regression functions do

depend on all of the covariates and so this approach fails for them.

In this thesis, we present a new method for achieving dimension reduction and speeding up
non-parametric regression. This approach considers the level sets of the regression function
(2] ={ueX: f(u) = f(x)}, which usually! form (d - 1)- or d-dimensional sub-manifolds of
the covariate space. Knowledge of these level sets allows us to construct a Manifold AVeraged
Estimator (MAVE):

RRORE D WACH (1.3

that averages a base estimator f, (e.g. a local polynomial estimator, or a neural network
etc.) over some chosen points x; € [x]¢. If the base estimator is sufficiently local? (which is
guaranteed for local polynomials), this significantly reduces the variance of the MAVE relative
to the base estimator. This allows us to re-optimise the bias-variance trade off and achieve

dimension reduction. The dimensions reduced are precisely those of the level set, which

!This is made precise in chapter 3, where we give sufficient conditions for this to be an almost sure
statement.

2Here sufficiently local means that f,(x) is independent of f,(y) for points z,y that are sufficiently
separated for large n, and is defined precisely in assumption set (E) later.



brings convergence to the same rate as for additive hypothesis classes or even parametric

rates (if x is an interior point of a d-dimensional level set).

When the level sets are unknown, one might hope that they can be estimated sufficiently
quickly to achieve this dimension reduction adaptively. In complete generality this is unlikely
to be true because estimating the level sets requires information about the derivatives of f,
which are slower to estimate than the rate we seek to improve on. Thus, in this thesis we focus
on specific structures for submanifolds contained in the level sets of f. For example, we can
ask if we can estimate the largest hyperplane contained in [z]. If these submanifolds can be
estimated sufficiently quickly, then we can hope that we can improve the rate of our estimator
by the dimension of these structures. Our estimation strategy is then straight forward: es-

timate the largest appropriate structure within the level sets and then use these for the MAVE.

This idea of estimating the largest hyperplane is in fact well studied from a different perspec-
tive: this is precisely the idea of sparsity (or more generally multi-index models). To see this,
simply note that if f does not depend on the coordinate x;, then the line {z + ae; : a € R}
must be completely contained inside [x];. The benefit of the submanifold perspective is that
we can think to expand to classes of non-linear structures too. By doing so we might lose
the speed at which we can estimate these level sets, and it is not immediately clear how
general we can make the class of submanifolds before we lose the ability to adaptively achieve
dimension reduction. In this thesis, we present the framework of symmetry, where we show
that considering the orbits of smooth proper actions® of locally compact groups leads to a
set of possible level set sub-manifolds that is sufficiently constrained to achieve dimension

reduction adaptively.

We say that a function f is invariant under the action of a group G if f(x) = f(g-x)
for all z € X and g € G. If f is G-invariant, then the orbit [z]g = {g-z : g € G} must be
completely contained inside the level set [z]f. If G is acting smoothly and properly, then
these orbits are smoothly embedded submanifolds and we can apply the MAVE. This provides
a natural extension to sparsity and multi-index models, as the hyperplanes used to reduce the
dimension are really just orbits under a translation action on the covariate space. However,
we can easily consider other group actions such as rotations, or all rigid transformations (i.e.,
the group generated by all translations and rotations), which can now capture nonlinearity
in the level sets. These group actions are patterns in the function f and they tell us how to
borrow strength between estimates at different regions of the covariate space. Functions that

fit into each of these classes are shown in Figure 1.1. The level sets of these functions are

3A proper action is one for which the set of g € G such that K n(g-K') # @ is compact for any two compact
subsets K, K’ ¢ X. Further definitions can be found in section 2.3.
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(a) Sparse function b) Symmetric Function ) SLS Function

Fig. 1.1 Examples of functions exhibiting the different classes of level sets. The first
is the function f;(x) = sin(x2) which is 1-sparse because it does not depend on the
first coordinate. The second is fo(x) = sin(|xz||2) which is symmetric because it is
invariant to the set of rotations around the origin. The third is f3(z) = :1:% +T122 —:c%
with smooth level sets (SLS). Blue colours represent the minimum value and yellow
the maximum for each function on [0, 1]

shown in Figure 1.2.

z x
. x
[x]fl
[x]fz [l’]f3
(a) Sparse function (b) Symmetric Function (c) SLS Function

Fig. 1.2 Example level sets (bold lines) for the functions in Figure 1.1, at the point
z =(0.5,0.5).

Thus, we have three set of structures within the level set [x], in increasing generality:

{Hyperplanes through x} c {Orbits of x} c {Submanifolds containing ac} (1.4)

Sparsity (and the generalisation to multi-index models, see the introduction in Chapter
4) asks the question: “what is the largest hyperplane through x contained in [x]¢?”. This
question is known to be answerable sufficiently quickly to be useful for estimating f, allowing
for adaptive removal of the dimension of the true largest hyperplane. In Chapter 3 of this
thesis, we ask whether this is true of the question: “what is the largest submanifold through x

contained in [x]f?”7 We show that it can have a positive answer under some relatively strong



conditions. In Chapter 4 of this thesis, we consider the intermediate case: “what is the largest
orbit of some subgroup of G through x contained in [x];?”. We show that estimating this
largest symmetry of [x]; improves performance both asymptotically and in finite samples,
and can achieve adaptive dimension reduction without the strong assumptions of Chapter
3. Lastly in Chapter 5, we consider inference for these symmetries of the level sets, giving
both hypothesis tests for the invariance to particular symmetries and a method for piecing
these tests together to estimate the largest applicable symmetry. In the following sections we

describe briefly the content in each chapter and how we achieve these results.

Chapter 2: Background

We start with a summary of: the nonparametric regression problem; the curse of dimen-
sionality; and classical methods, such as local polynomial regression and smoothing splines,
and their properties. We cover the mathematical background from differential geometry
including the definition of manifolds and how these become metric spaces. We then present
some group theory material to give us the language we will use to describe the symmetries of
regression functions. We give several examples of how this group theory is used in statistics
both implicitly through permutation tests through to explicitly in functional data registration.
We then cover some functional analysis of functions that obey symmetries; in particular, we
introduce the symmetrisation operator that projects functions in L?(X) to the closed linear
subspace of invariant functions. We describe how this operator (among other techniques) is
being used in regression to improve estimators in the machine learning literature and cover
some methods that attempt to discover symmetries from training data. Lastly, we mention

some methods used to estimate the sub-level sets of regression functions.

Chapter 3: Regression using Level Sets

In this chapter, we give a formal treatment of the manifold averaged estimator (MAVE).
We show how to deterministically construct points on the level set for smoothing the base
estimator and that this construction leads to faster pointwise mean squared error decay. We
consider the robustness of this estimator to misspecification of the level set and show that
any introduced bias is related to a local Hausdorff distance between the true level set and the
manifold used. We then show that even a naive estimate of the level set can lead to adaptive
dimension reduction, though only under some strong assumptions on the regression function.

We demonstrate this performance on some synthetic data.
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Chapter 4: M-Estimation of Maximal Symmetries

We then move to consider estimating only the largest orbit of a subgroup of some search group
G contained within the level set [x];. We strengthen the pointwise convergence of the MAVE
from the previous chapter to give rates for the L2-risk of the MAVE when averaging over the
orbits [z ] in random design contexts. We give a metric structure on the space of subgroups
of a locally compact search group G and show that this space is totally bounded. This allows
us to define an M-estimator of the maximal symmetry of the regression function f over
finite d-covers of this subgroups space. We then show that using the orbits of this estimated
symmetry leads to adaptive dimension reduction on the order of the highest dimensional
orbits contained in the level sets [x]f. This is then demonstrated on synthetic data for both

rotation symmetries and translation symmetries.

Chapter 5: Estimation of Maximal Symmetries via Subgroup

Lattices

The last chapter constructs an alternative estimator of the maximal symmetry of f that is
based on hypothesis tests for Hy(G) : f is G-invariant. The idea is that we can consider
the space of subgroups as a lattice, a kind of directed acyclic graph that has additional
structure. This structure allows us to reduce the problem to conducting tests along a lattice
base from which we can extrapolate to the rest of the lattice. We show that the tests of
Hy(G) for the G in this lattice base lead to a confidence region within this lattice for the
maximal symmetry of f, and that the unique largest element in this region gives a consistent
estimate of the maximal symmetry (within the lattice considered, when the test is consistent).
We present two options for hypothesis tests: one that is shown to be consistent but that
requires knowledge of the noise distribution and one that does not require this at the cost
of computational power and guaranteed consistency. We demonstrate these tests and the
performance of the maximal symmetry estimator on synthetic data and on two collections of
real data. The first examines the Earth’s magnetic field and is able to reject the hypothesis
that it obeys the same symmetries as an idealised bar magnet.* The second considers the
symmetries of the distribution of sunspots. We are able to show that whilst the distribution
of these sunspots appears rotationally symmetric when averaged over an entire solar cycle,

the distributions conditioned on time often do not exhibit the same symmetry.

“This agrees broadly with the geophysical literature, which hypothesizes that this is due to a combination
of non-uniform distribution of iron in the Earth’s crust and solar winds.



Chapter 2
Background

In this chapter, we give the required background material for the content of this thesis. This
covers four main topics: statistics; geometry; group theory; and functional analysis, as well as
the connections between them. We assume that the reader has an understanding of topology,
including notions of neighbourhoods and homeomorphisms, and knowledge of the adjectives:
Hausdorff; second countable; compact; and locally compact. All other mathematical notation

used is covered in the list of symbols before the introduction.

2.1 Nonparametric Regression

Let X be the closure of any open subset of R? or any other orientable smooth d-dimensional
manifold (defined in Section 2.2) such as the unit sphere S¢ = {x e R : |z|]y = 1}. Let p
be any Borelian probability measure (with respect to the topology on X) that has support
supp(p) = X. Suppose we collect data {(X;,Y;)}"; where X; € X and Y; € R, and where:

Y:L' :f(Xi)"'Ei (21)

where ¢; are mean zero finite variance random variables that are independent of each other
and of all X;, and f is an unknown regression function. The question in regression prob-
lems is to estimate f with some f and to do so with minimal pointwise mean square error
MSE(f(z)) =E((f(x)- f(2))?) or minimal squared L? risk E(|| f - f]|3). We usually assume
that we have a hypothesis class F ¢ L?>(X) of functions that f can belong to. This allows us

to use the information common to functions in F to design better estimators of f.

One simple class is that of linear functions on, for example, X = [0,1]%:

]:Linear = {l’ g JJTH 10 € Rd} (22)
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Estimation of functions in this class can be done with a straightforward least squares estimator:
fz) =27 (XTX)1XTy (2.3)

where X = [X1,...,X,]7 is the design matrix. Undergraduate statisticians learn that when
e M N (0,0?) this estimator will have:

E(|f-fl3) <Cn™! (2.4)

for some positive constant C € R, under appropriate design conditions and for sufficiently

large n. The next simplest class is to consider higher order polynomials, up to some degree k:

]:Polynomial(k) = {-T = Z eaxa 10, € R} (25)
alal<k
where « is a multi-index o = (ay,...,aq) € Zso with |af = ¥ |as], and z® = 27" ---z5?. We can

estimate f € Fpolynomial (k) using least squares again, but this time we have to embed our design
matrix in a higher dimensional space. We do this by picking a basis {e;}¢_; for the polynomial
space Fpolynomial (k) (usually the monomial basis given by {1,z1,... , g, T3, 1T, ... }) and

embedding X in the Vandermonde matriz:

61(X1) eg(Xl)
UH(X) = : (2.6)
el(Xn) eg(Xn)
We can then estimate f again using least squares:
f(@) = UM @) (UF ()" UR (X)) UF(X)"TY (2.7)

which has the same rate convergence as in equation (2.4) (in terms of n).

These classes are called parametric because they can be completely described by a fi-
nite number of parameters in the vectors #. For such classes one can prove! that this is the

best attainable rate, in the sense that:

it sup  E(I/-fI3)>inf  sup  E(|f-FI3)zen! (2.8)
f fej:Polynomial(k) f fefLinear(k)

'Essentially as a consequence of the Cramér-Rao lower bound, adapted to cover biased estimators.
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for some ¢ > 0. We can broaden these classes significantly to include all functions that are

Lipschitz, for example,

Fripsehiva(L) = {f € L2(X) : |f (2) = f(y)| < dx(z,y)} (2.9)

This class contains subsets of the polynomial (and linear class) that have derivatives bounded
by L. However, it also contains many other non-polynomial functions such as z — Lsin(|z|2).
Because of these extra functions, this class cannot be identified with a finite number of
parameters and so we call them nonparametric. Computing least squares estimators is
much more computationally challenging for these classes. Moreover, one can establish a

similar lower bound to equation (2.8):

inf sup  E(|f- f||§) > en~2a (2.10)
I feFLipschitz (L)

for some positive constant ¢ € Ryp (using Fano’s Lemma, see Tsybakov [2008]). This rate is
slower than the parametric rate for d > 0, representing the difficulty of estimating within this

broader class. Another family of classes we will consider are the Holder Classes:

Fuistaer(L,B) = {f € LA(X)nCHX) s 3 07w+ Y, sup WEDEENOI < 7}

B-k
a:0<|al<k a:|o|=k T*YEX d(z,y)
(2.11)
for each L, 3 € R,y and where k =[] — 1. This class has a similar lower bound:
2 __28
qusupE(“f—f‘|2)ch 28+d (212)
f feF

where F = Fusidger (L, 3). When 8 = 1 this is just the Lipschitz class but when § > 1 the
derivatives of f allow us to better estimate f, and as § — oo (for fixed d) this rate exponent
converges to the parametric rate of n~!. Other classes include the Sobolev classes and Besov
classes. These classes all have slower rates than the parametric classes, and all exhibit the
same dependence on dimension in these lower bounds. We will soon describe estimators that
achieve this worst case risk decay with this rate when X = [0,1]%, which show that these are

so called minimax rates of estimation for the problem of estimating over these classes.

This dependence on dimension means that we suffer from a curse of dimensionality, which
means that the number of samples required to bring the worst case risk below a specified € > 0
grows exponentially in d. This is markedly different from the classical parametric situation
where there is no dependence on dimension and represents the main problem we seek to

address in this thesis.



Background

2.1.1 Local Polynomial Estimators

The first technique we will examine adapts the polynomial regression above to non parametric
hypothesis classes. The key idea is that if we want to estimate f(x) then we should try to
estimate a Taylor series for f at the point x. We can do this by centering our polynomial
estimator above and excluding all data points outside some local ball of radius h, called the
bandwidth, denoted By (z,h) = {ue€ X : dy(x,u) < h}. The degree of this approximation
should be the number of derivatives of f, which we take from the properties of our hypothesis

class F. This reasoning leads to an estimator of the form:
N -1
Fran(@) = U3 (@) (U () Wa hUg n(X)) U p(X) Wor Y (2.13)

where Ufﬂh(X) = UF((X = x)/h) and W is a diagonal matrix with Wj; = h’llxieBX(%h). We
typically use the monomial basis here for ease of applying Taylor’s theorem to control the
bias. Also note that we could, of course, weight the contributions by factors that depend on

a distance from x, but this is not necessary for this thesis.

This estimator has attractive properties: it is linear in Y, which aids in the theoretical
analysis of this estimator; it is highly interpretable because we can say precisely how the
data affects the estimates; and it is strongly local, in the sense that for points that have

dx(x,y) > 2h, their estimates are independent after conditioning on the covariates.

The theoretical analysis of this estimator is due to Stone [1977]. There it is shown that this

estimator has:

Bias(fin(z)) < Bh (2.14)

Var(fhh(x)) < % (2.15)

for some positive constants B and V', when f € Frsiger (L, f) under appropriate conditions
on the design regime. The bias bound comes from the fact that the approximation error
of the Taylor polynomial of f at the point x is controlled on the order of h? for regression
functions in the Holder class. The variance bound comes from the fact that the expected
number of data points with X; € By(z,h) is on the order of n x Vol(Bx(z,h)) = (nh?)™*

when X; “'U ([0,1]%) or under many other design regimes.

Now the pointwise mean squared error of fkh(:c) is the sum of the variance and the squared

bias, so we can use the bounds above to see:

E((frn(z) - f(2))?) < B*h* + v

— (2.16)

10
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for all f € Fysiaer (L, 8) and sufficiently large n under some conditions on the design regime.
We can then optimise this bound over our choice of h € Ry, leading to an optimal bandwidth
selection of h = an Y28+ and thus we get the bound:

pE (/) = £())?) < On 35 (2.17)

for sufficiently large n, where F = Fyaiger (L, 3) and C' is a positive constant that depends
only on L, 8, and d. Thus, this estimator achieves the minimax rate of equation (2.12). This
strategy does require us to know 3, both for the computation of the optimal bandwidth and

for the selection of the degree of the polynomials that we fit.

We will later also need to understand the convergence of the polynomial coefficients. Suppose
for now that the noise is Gaussian and homoskedastic with variance o2, and that X = [0,1]%.
Let f(X)=[f(X1),...,f(Xn)]. If we define the estimate:

N -1
0 = (UL u (X)W pUy (X)) Us (X)W Y (2.18)

then we have:
0~ N(Apznf(X), o*(US (X)W, Up n(X)) ) (2.19)

where A, ;. p, = (Uih(X)TWx,hUih(X))_1Uf,h(X)TWm,h. Asymptotically, if:
L (UL (X)W hUE (X)) > Q (220)
for some positive definite matrix (), then the distribution above allows us to show that:
A 2 C
E(|0 - Anznf(X)]2) < 55z (2.21)

for sufficiently large n. This also holds for many other choices of noise distribution, including
all sub-Gaussian distributions because this MSE depends only on the first two moments of 0.
Note that the constant depends on the minimal eigenvalue of ) which depends on the design
regime, but it does not depend on f. This assumption is usually ensured by conditions on
the design regime and is satisfied by most regimes that are “sufficiently uniform”, such as a
rectangular design with points X () spaced evenly along each coordinate axis. If f restricted

to B(z,h) is equal to a polynomial p(u) = Uf,h(u)é?p’x,h on this ball, then:
An,z,hf(X) = (Uglcc,h(X)TW%th,h(X))71Uf,h(X)TW:c,hUa];€,h(X)0 z,h = Hp,a:,h (2'22)

This is a property known as the “reproducing polynomial effect”. This is the analysis that

leads to the bias above above; f is equal to its Taylor series plus a term that decays on the

11



Background

required order of h®. For such functions f, we would thus have:
E([0 - 0p2.3) < 752 (2.23)

Note that the coefficients in 6, , , depend on the center x and scale h of Ufh even if the

polynomial p does not.

2.1.2 Projection Estimators

Another approach utilises Fourier analysis, noting that L?(X) is a separable Hilbert space.
This allows us to chose an orthonormal basis {¢;}¢; for L?(X), in which we can express our

regression function as:

f(x) = §<f, 61)61(2) (2.24)

if the sum of the squares of the coefficients 0; = (f, ¢;) is convergent. Each coefficient 6; in

this expansion then has a natural estimator:
EERCICORY RICTIONCHED (2.25)

when the covariates are sampled iid from the integrating measure in our L? space or follow

an appropriate fixed design regime. Each estimate can be very simply analysed:

E(d; | Dx) = 1 f;f(xa 05(X:) (2.26)
n 0.2 n
Var(d; | Dx) = Var(L 2; i (X:)) = —~ 2; ¢ (X;)? (2.27)

Thus, the conditional bias is just the error from having finite data rather than integrating
over the space, and the conditional variance is just o2n~! but scaled by the approximation
of ||¢;]3 = 1 using the discrete integral over the finite data. When X; g p, we can take

expectations further and find:

E(0;) = (f,¢;) (2.28)
Var(0;) = E(Var(d | DX)) + Var(E(0; | Dx)) (2.29)
=L(0®+(f%00) = (f.¢;)?) (2.30)

Thus, each estimator is unbiased and converges in distribution to the true value. We can

then use these estimators to form an order N projection estimator of f:
. N
fn(x) = Z () (2.31)

12
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The integrated mean squared error of this estimator then can be decomposed using the
orthogonality of the basis into the sum of the errors of the N coefficients used and the bias

from the remaining coefficients:

N 00 N )
E(l iy - 112) = ZE(6; - 05)°) + 3 05 =7 (0" =0+ 0 (2:32)
J=1 j=N+1 j=1 j=N+1
—
Variance term Bias? term

(note that these terms are not precisely the variance and squared bias of this estimator, but
they do behave much like the are in the analysis that follows). If we make a concrete choice

and consider the trigonometric basis for the space L?([0,1]):

p1(x) =1 (2.33)
paj = V2 cos(2mjx) (2.34)
poje1(z) = V2sin(2mjz) (2.35)

then we can describe a functional class for integer 8 and positive real L given by:
fPerzodlc L 5 { Z ej(bj € LZ(X) Z a29]2' < L} (236)

where a; = j7 if j is even and a; = (j - 1)? if j is odd. This class can be shown to be
precisely identified with the periodic Sobolev class (Tsybakov [2008], Proposition 1.14). When
considering this functional class, we can bound the squared bias term using the monotonicity

of the a terms:

Z 0% < ajy?, Z a307 < Lajpt,, € O(N%F) (2.37)
j=N+1

Thus, we have a very similar situation to the case of local polynomial regression, where the
squared bias is controlled on the order (1/N)??. The variance term can similarly bounded if
we assume that supj€Z>0(f2, <Z>J2) - 9J2~ < A, in which case:

WTAW cO(1/(nN7YY) (2.38)

;& 2
0 Z -07) <
again showing that N~! behaves like the choice of h for local polynomials. Thus, an optimal

choice of N in this case would be
1
N = |an?s+d | (2.39)

note that here d = 1 only, and extensions to higher dimensional analogues take some work.
Note that many other choices of basis functions are possible, including polynomial bases or

wavelet bases.

13
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One can also show that the estimator of the coefficients (01,...,0n) (at least in the trigono-

metric basis) is the solution to the minimisation problem:

n N T 2

0 = argman( Z (0; qﬁ](XZ))) (2.40)
AR 4=1 =1

This approach generalises quite broadly, and other solutions are called nonparametric least

squares estimators. It also allows for regularisation approaches, where we can penalise the

minimisation function with Zj]\il )\j9]2- or Zj‘\i1 Aj]0;], much akin to parametric alternatives of

ridge regression [Hoerl and Kennard, 1970] and the Lasso [Tibshirani, 1996].

2.1.3 Cubic Smoothing Splines

The last major technique in nonparametric regression is to fit a smoothing spline, which
we again consider in the one dimensional case here, where X = [a,b] € R. We say that a
function m : X — R is a natural cubic spline with knots zy,...,x, if: (1) the restriction
to each interval [z;,2;:+1] is a cubic polynomial; (2) m has a continuous second derivative
on (a,b); and (3) m is linear on the intervals [a,x1] and [z,,b]. Note that (2) completely
determines the linear components. It can be shown that a natural cubic spline minimises
[ m"(z)?dx over all absolutely continuous functions. This leads to a very natural estimator

of a non-parametric regression function with data {(X;,Y;)}>:

fn = argmin Z(Y m(X; ))2+/\f m" (z)* dx (2.41)
meS2([a,b]) i=1

where S?([a,b]) is the space of functions with absolutely continuous first derivatives. It can
be shown that this minimiser exists for all A € Ry and is a natural cubic smoothing spline with
knots at Xi,..., X,. The parameter A controls the balance between fitting the data and the
smoothness of f,,. Smaller A leads to a closer fit but higher variance, and larger A smooths out
the estimate. This hyper-parameter can be fitted automatically with cross-validation. This
approach, as with projection estimators, has a computational benefit over local polynomial
fitting because it finds a global solution in one step rather than computing f,(x) at each
point = separately. This approach can be extended to higher dimensions, as with thin plate

splines [Duchon, 1977] where the second derivative term is replaced by the Laplacian of m.

2.1.4 Sparsity

When the dimension of the covariate space is high, the slow convergence of minimax estimators
can be problematic. One way to improve on this is to exploit lower dimensional structure

in the regression function f. The primary way to do this has been through the notion of

14
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(covariate) sparsity. We say that a function f: X - R (for a d-dimensional subset X ¢ RY) is
s-sparse if there is a set of indices J ¢ {1,...d} of size s such that f(x) = f(x + ae;) for all
xe X, for all a € R with x +aej € X, for all j ¢ J.

Any oracle that knows the set J would be expected to perform with a rate that depends
on the dimension s rather than d. This can be achieved by projecting the covariate vectors
X; to the lower dimensional space of X nSpan(e; : j € J) and doing the regression of Y;
against these projections. The performance of this estimator would thus depend only on the

dimension of this smaller space.

When the set of important variables is unknown we might hope that estimating the set J
can be done sufficiently quickly to recoup this performance benefit. One estimator that
succeeds in this is the RODEO [Lafferty and Wasserman, 2008], which replaces the bandwidth
parameter in a local polynomial estimator f,, with a bandwidth vector h = (h1,...,hq), so the
local ball would be a local ellipsoid with radii determined by these bandwidths. The key idea
is to shrink the bandwidth in the directions that correspond to important directions and leave
bandwidth in the other directions large. This is achieved by a careful consideration of the
derivatives of f,(x;h) with respect to each bandwidth component—unimportant directions
might be expected to have 0f,(x;h)/Oh; smaller in magnitude than for the directions that
are important. In the RODEOQO, directions that have this derivative larger than some well
chosen threshold are excluded from the estimate of J. It is shown that using the projection
determined by this threshold almost achieves the same rate as the oracle (i.e., the exponent

differs by a small negative ¢).

Other notions of sparsity exist: for example, the function f may be sparse in a Fourier basis,
where it may be equal to a finite sum ¥ ;.7 0;¢; as would be encouraged by a Lasso type
penalty of on a nonparametric least squares estimator. To differentiate these ideas, we often

refer to the notion above as covariate sparsity instead of just sparsity.

2.1.5 Additive Models

Another classical approach to improving on the curse of dimensionality is to assume that the

regression function f has an additive structure:

d
flz,...,zq) = Z:lf](x]) (2.42)

where each term in the sum is a function f; : R — R in a smoothness class, for example
fj € Fueider(L, B). If we knew the other functions f;, then it would be easier to learn with a
rate of L? risk decay of n=2%/(25+1) rather than n=28/(28+4) for the overall function. Of course
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in practice we do not know the other functions, and so we would implement an iterative
approach that fits each f; in sequence, removing the estimates from the observations at each
step until we reach some convergence criterion. This approach is very attractive for statistical
reasons: the class of Holder additive functions Fadditive € Fusider (L, 8) is very broad in the
sense that most functions in the general class can be well approximated by additive functions,
and the convergence to this best additive approximation is fast [Stone, 1985]. However, this
approximation error will introduce bias for functions that are not additive. Estimation of
additive functions can be done through backfitting [Breiman and Friedman, 1985] or after

projection pursuit [Friedman and Stuetzle, 1981].

2.1.6 Other Dimension Reduction Techniques

As a final note, “dimension reduction” also sometimes refers to the problem of reducing
X to a submanifold on which p is concentrated [Bickel and Li, 2007]. This problem bears
a resemblance to the problems we will tackle later in that all seek to find an optimal
representation of the covariates in a simpler space, but we will not require that the sampling
measure 4 is concentrated. Instead, we will seek to find representations that reduce dimension
based on the structure of the regression function rather than covariates. This distinction is
paralleled by the difference between doing Principal Component Analysis (PCA) then linear
regression on the principal components compared to Partial Least Squares (PLS) [Wold, 1966].
In the first case, only the covariate distribution is considered in the dimension reduction, and
it is argued in Abdi [2003] that this causes problems if dimensions in which f varies highly

are ignored.

2.2 Manifolds and Differential Geometry

In statistics, we typically deal with points in linear spaces: real numbers, vectors in R%, or
functions in LP spaces. Sometimes the objects we wish to describe live in non-linear sets,
for example the set of probability density functions on R cannot be added because their
sum would integrate to 2, and we certainly cannot scale these densities by any real number
other than one. Similarly the space of compass bearings, [0°,360°), cannot simply be added
because we can go out of this interval. Another problem is that we would also like €° to be
“close” to (360 — ¢€)° for small € >0 because these directions would be close on the compass,

but the Euclidean metric on the interval would mark these as very different.

Instead, these more complicated spaces require us to consider the field of differential geometry.
The common piece of these spaces we will describe is that look locally (i.e., on a small
enough neighbourhood of each point) like a vector space but can globally take on much

more complicated structures. We call such spaces manifolds, which we will briefly define and
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explore some properties of. This field has numerous applications in statistics, particularly
in directional statistics [Mardia and Jupp, 2009], object oriented data analysis [Marron and

Dryden, 2021], shape analysis [Huckemann et al., 2010], and many more.

A d-dimensional smooth manifold is a Hausdorff and second countable topological
space that is covered by a collection of open sets U, with homeomorphisms ¢, : U, - R?
such that the transition maps ¢ o ¢! are infinitely differentiable for all a,b. Examples are
R? itself, the open subset (0,1)%, or the sphere S% = {2 € R¥*! : ||z|y = 1}, well known in
directional statistics [Mardia and Jupp, 2009]. The first two examples only require one open
set (themselves) and homeomorphism (the identity map). The sphere requires two open
sets (for which there are many choices) and so in this we must ensure that the transition
maps for the chosen sets and maps are indeed smooth. Some topological spaces cannot
be given a manifold structure: for example {(a,0):a € R} u{(0,b) : b€ Ry}, which has a
singularity at the point (0,0) that cannot be mapped smoothly to an open subset of R?. We
will also sometimes consider manifolds with boundaries, such as the (closed) unit hypercube
[0,1]%, though only the interior is a smooth manifold. When referring to such manifolds with

boundary as smooth manifolds, we will typically mean their interior unless otherwise stated.

At each point x in a smooth manifold M we can attach a copy of R? called the tan-
gent space, written T, M, where each element corresponds to an equivalence class of smooth
curves v:[-1,1] > M with v(0) = z and with equal derivatives at 0. Each curve 7 can be
given a length by L(7) = f_ll |v'(¢)]|2 dt, where the norms are taken in the tangent space at
v(t). This in turn gives a metric space structure on M, where da(x,y) = inf, L(y) where
the infimum is taken over all piecewise smooth curves v with v(-1) = x € M and (1) =y € M.

We call a subset M’ ¢ M an immersed submanifold if the inclusion map ¢ : M’ —
M : x — x has an everywhere injective derivative. An immersed submanifold is called embed-
ded if ¢ is also a homeomorphism (i.e., it preserves topology). Every smooth manifold M
can be isometrically embedded in R¥ for some k > d, a result known as the Nash Embedding
Theorem [Nash, 1956]. This means that curves through M have the same length as they
would when integrated in the embedding space, and so the distance between points in the
manifold is bounded from below by the distance in the embedding Euclidean space. When
we embed a manifold M into R¥ in this way we also have a natural embedding of the tangent
spaces T, M each as an affine hyperplane through the point z. We can then also define the

normal space of M at x as the orthogonal complement of this affine space at the point «.
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2.3 Symmetries and Group Theory

We now cover the mathematical background of symmetries. These are best described using
the language of group theory, a field that was born out of the study of the symmetries of
polynomial equations [Lang, 2012]. It has since found applications broadly across mathemat-
ics, including in number theory, differential equations, particle physics, and within statistics
in the examples in the next section [Kleiner, 1986]. This field abstracts the notion of the sets
of transformations ¥ from the introduction to study the properties of these sets because they
often have similar structure. This abstraction will be important because it opens up some of

the techniques we will exploit in our methods later.

A group is a set G with an associative binary operation (or multiplication) (a,b) » abe G
such that: there is an identity element e € G with eg = ge = g for all g € G; and there are
inverses g~ with g7'g = gg7! = e for all g € G. We call a group with one element, {e}, the
trivial group and denote? it by I.

Example 1. Consider the set of matrices that rotate vectors in R? around the origin:

SO(2) ={Rgp:0€[0,2m)} where Ry = (2.43)

sinf cosf

cosf —sin 6]

and the usual matriz-multiplication product as the group multiplication. We know that this
set has an identity element, given by the rotation matrix Ry which is the identity matrix on
R?, and thus has RgyRg = RoRg = Ry for all Ry € SO(2). We also know that every rotation
Ry has an inverse given by Ror_g € SO(2), because the composition of these rotations will
leave any vector unchanged. Therefore, this set with matriz multiplication does indeed form a

group.

Example 2. Consider the subset of SO(2) given by rotations of angles with magnitude at
most w/2. This set does not form a group under matriz multiplication because the product of
Ry joRy o is not in this set. We could however choose an alternative multiplication, for example
(Rg,Ry) = Ry, where ¢ = (0+1)/2 mod 27. Now the set is closed under compositions because
the angle of any composition will have magnitude at most 7w/2. Moreover, it clearly contains
the identity and all inverses and so does indeed form a group. This illustrates that the choice

of multiplication matters.

If A is a subset of a group G, then we say that it is a subgroup of G if it is closed under the
multiplication of G; i.e. abe A for all a,be A. If A is any subset of G, then the intersection
of all subgroups of G that contains A is called the group generated by A. We write (A) for

2Note that we also sometimes use I to mean the identity matrix, but usually mark these with subscripts of
the dimension of the matrix.
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this group, or (a1, as,...) for elements a; € G, or (A1, As,...) for the group generated by the

union of subsets A; of G.

A group G acts on a domain X via a map -: G x X - X with the properties that e-x = x
and g-(h-x) = (gh) -z for all g,h € G and x € X. This means that the maps g-: X - X are
the bijections v from the introduction. We will usually assume that all group actions are
faithful, which means that if g-z = = for all z € X then g = e. A group action partitions
the domain X into orbits of the form [z]g = {g-x: g€ G}. We call the set of orbits the

quotient space of the action and write it as X'/G.

Example 3. Consider the group SO(2) of 2D-rotations from Example 1, and consider the
domain R?. This group has a very natural action on these two vectors—we can just multiply
them by the group elements. This would just mean Ry -x = Rgx, which clearly has all of the
desired properties of a group action. In fact, matriz multiplication forms the prototypical
exzample of a group action. This action is faithful, because if Rox = = for = = (1,0)T, then
Ry = Is. The orbits of this action are circles centered at the origin, because we can rotate
any vectors of the same length onto each other. Therefore, the quotient space of this action
can be described by the ray {(a,0)T :a € [0,00)} because each circle can be uniquely defined

by its intersection with this ray.

Example 4. Again consider the group SO(2) but now let the domain X be R3. We can let
this group act on this domain in many different ways. A classical choice is to pick a unit

vector u € R® and then set:
Ry-z = (cosf)x+ (sinf)(uxx)+ (1 -cosb)(u-z)u (2.44)

This is known as Rodrigues’ rotation formula [Rodrigues, 1840]. In this case, the group action
rotates x around the chosen axis u by the angle 0. In this case the orbits are still circles but
now with centres along the line through u, i.e., [x]go(2) is the circle of radius \/| |3 - (x,u)?
centred at (xz,u)u. Thus, the quotient space is identified with a set of rays orthogonal to u

with roots along wu.

Example 5. Lastly, again consider the group SO(2) but now let the action be given by
Ry-x=xeR? for all Ry e SO(2). In this case, the action is called trivial and is clearly not
faithful.

If the group G has a topology that agrees with the group multiplication, in the sense that
(g,h) = g 'h is continuous, then we say that G is a topological group. When we use
topological adjectives (e.g. compact, Hausdorff, etc.) for a group, we assume that the group
and topology agree. We consider only locally compact groups in this paper, which means

that every element g € G has a compact neighbourhood g € U ¢ N for some open U.
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Example 6. Consider two topologies on the group SO(2). The first we take as the topology

induced by the Frobenius metric on the matrices:
drrob (Rg, Ry) = 2(cos  — cos ¢)2 +2(sin @ — sin ¢)2 (2.45)

In this topology it is straightforward to check that the map Rg, Ry ~ R§1R¢ is indeed con-
tinuous and so forms a topological group. This topological group is compact, Hausdorff, and

second countable.

The second topology to consider is very coarse, just generated by the single proper non
trivial open set {Ro}. In this case, the inverse image of this open set under (g,h) — g 'h is
the diagonal set {(Rg, Rp) : Rg € SO(2)}, but this is not open in the product topology. Thus,

this map is not continuous and so SO(2) with this topology is not a topological group.

A stronger condition is that G (as a set) also admits a differential manifold structure, which
must also agree in that the map above is smooth. We call such a group a Lie group. When
we use the notion of dimension of a group we are referring to a Lie group G. As a manifold,
it must necessarily be Hausdorff and second countable, and admit a metric (in the sense of
distance) dg : G x G — [0, 00).

Example 7. As shown in the previous section the set St = {x e R?: |x|o = 1} 4s a smooth
manifold. If we identify rotations Ry with points (cos,sinf) € S*, we can give the group
SO(2) the same smooth structure as the circle S*. With this manifold structure one can
check that the map (g, h) = g 'h is smooth and so SO(2) forms a Lie group. From now when

we consider this group we will consider it as a Lie group with this manifold structure.

If G is a locally compact group, then there exists a Borel measure I' on G such that
I'(A) =T({ga:a e A}) for all measurable A and all g € G. Moreover, this measure is unique
up to scaling, and we call such I' a (left) Haar measure on G [Haar, 1933]. When G is
compact, we can normalise any left Haar measure to give a uniform distribution on the group,

U(q).

Example 8. In the case of SO(2) as a Lie group, we can construct a left Haar measure T’
by taking:
T'(A)=X({0:Rge A}) (2.46)

where X is the Lebesque measure on [0,27), for any open set A € SO(2). When normalised
by 1/2m, this is precisely the uniform distribution on the unit circle. It is left shift invariant,

because
F({RaRd, : R¢’ € A}) = )\({(9 +¢ mod 2m: R¢ € A}) = )\({¢ mod 27 : R¢’ € A}) (247)
This is a consequence of the shift invariance of the Lebesgue measure.
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If a topological group acts on X, we will usually assume that the action is continuous (in
the product topology on G x X), and when a Lie group acts we will usually assume that the
action is smooth. In the case of a locally compact Lie group acting smoothly and faithfully
on X, the orbits [z]g are themselves immersed sub-manifolds of X. If the action is also
proper, i.e., inverse images of compact sets under the map (g, m) — (m,g-m) are compact,
then the orbits are in fact smoothly embedded submanifolds [Lee, 2013].

Example 9. In the example of SO(2) acting on R? by matriz multiplication, we have a
smooth proper faithful action of a compact (and thus locally compact) group and so must have
smoothly embedded orbits. Indeed, these are each circles centred at the origin in R® which are
indeed smooth embedded submanifolds of R?.

The Principal Orbit Type Theorem [Dieck, 1987] says that there is a “generic” topology for
orbits of a smooth proper action of a compact group G, i.e., that there is an open dense
subset U € X with orbits [x]g that are pairwise diffeomorphic for all z € U, and such x are
called regular points of the action. In particular, the dimension of these principal orbits
is the reduction we can achieve by symmetrising the estimator, which we denote d with a
superscript to distinguish from a metric on the group with a subscript dg. For non-compact
groups we may lose this guarantee of almost sure regularity, but because we will only consider
proper actions there is still a maximal dimension orbit type (as all orbits are embedded
submanifolds) and we call all points x € X with this maximal dimensional orbit a regular
point of the action too. All non-compact group actions considered (usually just translations
of linear spaces) will have their set of regular points form a dense subset of X' so we will refer

to these orbits as principal type orbits too.

Example 10. Continuing the same example of SO(2) acting naturally on R?, we have a
smooth proper action of a compact group. Thus, this theorem says that almost all of the orbits
will have the same dimension; in this case it is the dimension of the circles that most of the
orbits take. The singular exception to this is the circle of radius O, which is a 0 dimensional

submanifold instead.

When the base space X has a metric dy it descends to the quotient space of a group action

if the action is proper. This has a simple form:
dx/c([z]a, [v]e) =gi}le€deX(g'$7h'y) (2.48)

When the action is not proper, this infimum can be 0 for all points x,y even if they are in
distinct orbits so this no longer forms a strict metric. As an example, consider the action of
Rso by scaling on R%: all orbits meet at the origin and so the right hand side above is 0. In

these cases it is often possible to construct alternative metrics on the quotient space, in this
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case an option would be:

de/R>o([$]R>oa [y]r.,) = arccos (%) (2.49)

This comes from picking a unique representative of each orbit (in this case on the unit sphere)

and using a distance between these.

2.3.1 Important Examples of Groups

We now consider several other important groups that will be used in the examples in this
thesis. These fall into three main categories: discrete symmetries that we often describe as
permutations; continuous symmetries that are described by matrices; and a few other exotic

examples.

Discrete Symmetries

One of the most common groups encountered are permutation groups, defined as follows. Let
A be any set and consider the set of bijections ¢ : X - X which we denote Sym(A). This
set of bijections, with the multiplication of function composition, form a group because: it
contains the identity e : x — x as this is bijective; the composition of two bijections is bijective;
and the inverse of any bijection is bijective. When A is finite these permutations groups are
given the discrete topology and have order |A|!. Permutation groups are interesting because
of their subgroups; Cayley’s theorem says that every group can be expressed as a subgroup
of Sym(A) for some set A. Usually we are interested in subgroups that preserve specific

structures.

One example of this is the dihedral group of the square embedded in R?, given by
D4 = {-[7 R7r/25 R7r7 R37r/27 Rh) Rv; R/7 R\} where:

1 0 0 -1 1 0 0 1
I= Rﬂ— = RT(: R7r =
0 1 2711 o 0 -1 2711
E [ 1 0 ] [0 1] [0 -1 ]
Rh: R’U: R/: R\:
0 1 0 -1 1 0 -1 0

This group of matrices has the property that if A = {ay,as,as3,a4} € R? form the vertices of a
square centred at the origin then g- A ={g-a;:a; € A} = A, thus preserving the square. This
group can be expressed as a subgroup of the permutation group Sym(A) by considering the
reordering of the vertices after the reflections and rotations above, e.g., Ry, swaps the position

of a; with ao and of ag with a4. Dihedral groups of other regular polygons are described
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very similarly, as are the symmetry groups of the five platonic solids (the only regular 3D

polyhedra).

Continuous Symmetries

This thesis will later focus primarily on continuous groups because these offer orbits with
positive dimension, which leads to improvements on the curse of dimensionality. Most of
these groups will be described as subgroups of the general linear group GL(X) = {T':
T is an invertible linear operator X — X'} when X is a linear space such as RY. These groups
all act by applying the transformation to the points unless specified otherwise. When X
is a d-dimensional vector space over R we sometimes write GL(d), and identify the linear
operators in GL(d) with their matrix representations A = (T'e1, Tes,...,Tey) in some chosen
basis {ej}?:l.

The special linear group written SL(d) is the subgroup of GL(d) consisting of all A
with det(A) = 1. The orthogonal group written O(d) consists of all A such that AT A =1T.
The special orthogonal group written SO(d) consists of the intersection of the special
linear and orthogonal groups on X and is the prototypical example of a compact group in
this paper. It has appeared in statistics in nearly all of the cited work so far [Mardia and
Jupp, 2009, Kendall, 1984]. The group SO(2) is homeomorphic (i.e., topologically equivalent)
to the complex unit circle S* = {z € C: |z| = 1}, and in fact this circle forms a group under
complex multiplication that is also algebraically equivalent® to SO(2). We frequently use
these notations interchangeably. There are infinitely many subgroups of SO(3) that are
equivalent to S, corresponding to rotations of the hyperplane orthogonal to a unit vector w.

To distinguish these as subgroups of SO(3) we write S..

The group of affine transformations of R? consists of all invertible transformations for
which the image of a line is also a line. This group contains all inveritble linear transforma-
tions, and so is a supergroup of GL(d) that also contains translations x — z +v. Every affine
transformation can be represented by a matrix A € GL(d) and a translation v € R? and takes
x —~ Ax+v. The affine group is not a proper action because of the scalings—the inverse image
of a neighbourhood of 0 is the whole space. It does have a subgroup, the Euclidean Group,
consisting of all rotations, translations, and reflections of R? (i.e., all isometries of this space)
which does have a proper action. Within this there is also the Special Euclidean Group

of translations and rotations, i.e., the group of all rigid motions of Euclidean space.

3i.e., isomorphic, which means that there is a bijection 1 : SO(R?) - S* with ¢)(R1R2) = ¢(R1)$(R2) for
all R1, R2 € SO(2).
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Other Groups

There are many other groups of interest in particular situations. Importantly, it is sometimes
worth changing the multiplication from the standard one to a more exotic one to allow
us to access other properties of groups for their study. One example of this is the set of
(non-degenerate) covariance matrices, i.e., positive definite (PD) matrices in the set Sym,(d).
This set have an obvious group multiplication given by matrix multiplication: any product of
PD matrices is also PD and so is the matrix inverse of any PD matrix. However, this is not

the only possible multiplication. Consider the multiplication @ defined by:
A® B =expy,(log;, A+log;, B) (2.50)

where exp;, and log;, denote the matrix exponential map exp;(X) =1+ Y32, X*/k! and the
logarithm map (given by the inverse of exp;), each based at the identity matrix I € Sym,q(d).
It is straightforward to check that this operation is associative from the properties of these
maps, and we are guaranteed that A@® B € Sym,,(d) because this contains the range of expy,.

For inverses, note that

Ao At = expy, (log;, A +logy, AT (2.51)
= expy, (log;, A—log; A) (2.52)
- I (2.53)

where A~! is the usual inverse in the matrix sense. Thus, Sym.(d) forms a group with the
multiplication @, which has the additional property of being commutative, A®@ B=B & A,
unlike the usual matrix multiplication. This is useful because it allows us to explore additive

models for a covariance matrix ¥ given covariates Xq,..., X4 € R:
EZMGBml(Xl)@'“@md(Xd)@fx (2.54)

where M is a mean covariance matrix (in the Fréchet sense), each function m; : R - Sym,q(d),
and &, " is a noise term taking values in Sym,(d) too. Estimation of these functions can
then be done analogously to the case of additive models in regression (see Section 2.1.5). This
is precisely the approach of Lin et al. [2023] where this is applied to a problem in diffusion

tensor imaging.

2.4 Invariant Functions

We now describe the structure of the functions we will exploit for faster regression. This
comes from an invariance to a group acting on the covariant space. We will start by describing

the space of such functions here and give important tools for analysis later.
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Let G be any group acting on X. We say that a function f € L?(X) is G-invariant if
there is a function fy with ||fo — f|2 =0 and:

fo(z) = fo(g- ) (2.55)

for all g € G and z € X. If F is a set of functions in L?(X), we let Fg be the subset of
G-invariant functions in F. For any group G the space Lé(X ) is a linear subspace of L?(X).
This subspace is also closed in the topology of L?(X). It also forms an algebra as the

pointwise product of any two G-invariant functions must also be G-invariant.

If G is acting continuously on X, then we also have the following equivalence between

G- and G-invariant functions (with the bar indicating the topological closure of G).

Lemma 11. Suppose that G is a locally compact group acting continuously on X. Any
continuous f € L*(X) is G-invariant if and only if f is G-invariant, for all G <G.

Proof of Lemma 11. Since G € G the forwards direction is clear. Suppose that f is either

weakly or strongly G-invariant. Take g € G and a net g, in G converging to ¢, and note that

flg-X) = f((limg.) - X) = f(lim g, - X) = lim f(gs - X) = lim f(X) = f(X) (2.56)
almost surely, giving the result. O

Let G be any group acting on X and f be any regression function. We say that G is a
maximal invariant subgroup of G if f is Gy-invariant, and every subgroup of G that f is
invariant to is a subgroup of Gy. We will show that pair of f and G determines a unique
maximal invariant subgroup. This will be done using the following rules for invariance the

proofs are found in the proofs section of Chapter 5.

Proposition 12 (Rules for Invariance). Suppose that G is a group acting measurably on X,
and let f: X - R be a regression function. Suppose that G,G' and H are subgroups of G.
Then:

1. If f is G-invariant, then f is H-invariant for any H < G;
2. If f is not G-invariant , then f is not H-invariant for any H > G;
3. If f is both G- and H-invariant, then f is (G, H)-invariant; and

4. If f is G-invariant but not H-invariant, then f is not G' invariant for any G' <G
where (G, H) = (G,G").

Moreover, if G is a closed group acting continuously and f is continuous then the groups

(G,H) and (G,G") can be replaced by their topological closures above.
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These rules will be used extensively in Chapter 5. They all essentially follow from the
definition of invariance. Using these rules we can prove the following result that guarantees
the existence and uniqueness of a maximal invariant subgroup, and we can utilise them in

the estimation algorithm in Section 5.3.

Proposition 13. For any group G acting on X, every function f: X - R has a unique
maximal invariant subgroup Guax(f,G). If f is continuous and G acts continuously on X
then Guax(f,G) is closed.

The proof is to essentially consider the closure of the group generated by all of the subgroups
that f is invariant to (i.e., (G; <G : f is G-invariant).

2.4.1 Compact Symmetries

When G is compact and p is a G-invariant probability measure, L?(X) admits an orthogonal
decomposition:
L*(X) = L4(X) @ Ag(X) (2.57)

See Elesedy and Zaidi [2021] for a proof. We term the functions in Ag(X) G-anti-symmetric.
There also exists an orthogonal projection onto L% (X), denoted Sg : L*(X) - L%(X). This

projection has an explicit form:

(Saf)(x) =E(f(g-2)) (2.58)

where g ~ U(G). The orthogonal decomposition in equation (2.57) can therefore be expressed

as:
[=Scf+f&, where f&=f-SafeAq(X). (2.59)

Note that by definition Sg f =0 for any f € Ag(X). When g is not G-invariant, this operator

is no longer an orthogonal projection, but it is still idempotent and its image is still LQG(X ).

Example 14. Consider the case of G = {z € C:|z| = 1} acting by rotations on R? with u a

standard Gaussian measure. The function f on this disc given by:
f(x) =sin(|z]2) cos(2arctan(zz/z1))? = sin(r) cos(20)* (2.60)

in Fuclidean and polar coordinates respectively, has an orthogonal decomposition shown in
Figure 2.1.

2.4.2 Non-Compact Symmetries

When G is not compact, we can no longer use the operator in equation (2.58) because a

Haar measure may not be normalisable (as with the Lebesgue measure on RY). We can
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_ +
_ Saf + f&
= %sin(r) +  sin(r)(cos(26)* - %

Fig. 2.1 The orthogonal decomposition of f = sin(r)cos(20)? into a G’ symmetric
piece and a G-anti-symmetric piece, as described in Example 14.

however pick any other distribution p on G, and generalise to the Partial Symmetrisation
Operator S, : L?(X) - L*(X) given by

Spf(x) = E(f(g-x)) (2.61)

where g ~ p. This operator is not a projection, because it is not idempotent, but it is still a
contraction in the L? norm when the integrating measure y is G-invariant?, and in the L*®

norm for all measures . It is also trivially the identity on L2G(X ).

2.5 Examples of Symmetry in Statistics

Symmetry has a long history in statistics, though sometimes implicitly. The obvious examples
are examining the symmetry of distributions, as this is sometimes a feasible way to test
normality hypothesis, and in shape statistics. In this section, we now present a number of
examples both of these explicit forms and of the implicit occurrences too. Some show that
traditional problems can be expressed in the language of symmetries, and some show that
symmetries can be exploited for some statistical or computational gain. We also describe
the current efforts to test for symmetries and to estimate symmetries of objects, including

regression functions.

2.5.1 Symmetry in Distributions

The main examination of symmetry in statistics is as a property of distributions. One
original focus of this idea was to distinguish Gaussians from non-Gaussians. If we consider
only the first two moments of a real valued random variable X, then we can always fit
a Gaussian with the same moments. If we also consider the standardised third moment
E((X -E(X))?)/(E((X -E(X))?)%? (called the skew), then we can distinguish a Gaussian

4This is usually impossible for finite measures with non-compact symmetries but in other contexts it is
possible, as with the Lebesgue measure on R¢ being translation invariant.
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X from a non-Gaussian. Any Gaussian must have no skew because of the symmetry around
its mean, and so the asymmetry quantified by the skew can be used to construct tests for
normality (v/b1 test of Shapiro et al. [1968]). There are also myriad ways in which we examine

symmetry of distributions.

A prime example of this is in time series, where we often consider the property of sta-
tionarity. Let {X;}er be a stochastic process indexed by times t € T which is either R or Z.
We say that X is strictly stationary if:

ng

(thatha' . 7th) (Xt1+a7Xt2+a7" . ath+a) (262)

for all times a,tq,...,t, € T and all n € Zsy. This is precisely a statement about translation
invariance on the time domain. Let G be the group T under addition and let vy, ;. be the
distribution of (X¢,, X4,,...,Xt,). We can define an action of G on the stochastic process
{Xt}ter by:

g { Xt er = { Xtag brer (2.63)

With this group action we have the equivalence: X is strictly stationary if and only if the

law of every finite coordinates { X}t is G-invariant.

This is closely related to the notion of seasonality in time series, where the distribu-
tion is equal when shifted by integer multiples of a specific period a € T. In this case, the
distributions above are no longer invariant to all translations T but instead they are invariant
to the subgroup T, = {ak: k € Z}.

Another example is in spatial distributions where we might examine the distribution of
locations of events such as sunspots as in Garcia-Portugués et al. [2020]. In this example, we
consider distributions on the unit sphere S? = {z € R®: |x]2} and note that the observations
of sunspots often occur evenly around longitudinal circles even if unevenly in the north-south
direction. Consider the group SO(2) acting on S? by matrix multiplication. A natural ques-
tion is: "can we identify if the distribution u on S? is invariant to this action?". This question
has been studied by many authors, particularly Baringhaus [1991] and Garcia-Portugués
et al. [2020] who each construct tests based on U-statistics. In the simplest form, if X; i !
on the sphere S2, then to test for the rotational symmetry of p around some axis 6 € 5% we

can decompose each X; as:
X; = (XI0)o+ (I -00")X; (2.64)

the second component measures the distribution of X; around the axis #, and if y is rotational
invariant this component (after normalisation) would be uniformly distribution around the

hypersphere S* that is orthogonal to 6. Thus, a test that detects a deviance from uniformity
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of the data (I-067)X;/|(I-661)X;|2 can reject the rotation invariance of u about the axis 6.
Other recent tests have also been proposed, one based on optimal transport [Huang and Sen,
2023] and another based on an energy distance® statistic between the original distribution
and its symmetrisation [Chiu and Bloem-Reddy, 2023].

2.5.2 Symmetry in Hypothesis Tests

Permutation tests [Good, 2005] are based on a symmetry that exists under a null hypothesis
and does not under the alternative. Specifically, suppose that we have collected independent
equal sized two datasets Dy = {X;}I'; and Dy = {Y;}; with X;,Y; € X and consider the
hypotheses Hy : Dy D Dy vs the alternative Hy : Dy Q Ds. Suppose that we have a statistic
T(D1,Ds) that converges to a finite constant E in probability under the null distribution
and diverges to oo in probability under the alternative (e.g. if X;,Y; € R, the energy distance®
between D; and Ds).

Under the null hypothesis, we can interchange the datapoints between the distributions
without affecting the distribution, i.e. the permuted datasets Dgg ) - {Zi(] )}?:1 where Zi(] ) is
X; with probability 1/2 and Y; otherwise and Déj ) - {X;+Y; - Zi(j )}?:1 will have the same

distributions as Dy and Ds. Therefore, we can estimate the p-value of the null hypothesis by:
p=%l{je{l,....B}: T(D1,Ds) < T(DY, D)} (2.65)

for some choice of permutations B > 100. The permuted datasets will have T(ng ),ng )) £ E
for each j under both hypotheses because the permuted datasets are each drawn from the
same mixture distribution. Under the null hypothesis, these will be roughly evenly spaced
around 7'(Dy, D) which can be shown to control the size of the test exactly. However, under
the alternative hypothesis T'(Dy,D2) will be much larger than the T(ng ),Déj )), so p will be

small and the test will have power.

This permutation test relies on a permutation symmetry that exists under the null hy-
pothesis only. Let G be the group {0,1}" of binary vectors under addition mod 2 and let G

act on the space X" x X" as:

aq X1 Y1 CL1X1+(1—CL1)Y1 (1—0,1)X1+CL1Y1
: SNENIE : : : (2.66)
an, Xl 1Y, anXn+ (1=ap)Yn| [(1-an) X, +a,Y,

This precisely describes the permutations between the datasets above, where the group

element (a,...a,) is sampled uniformly. Now with this group action we can rephrase the

® See Székely et al. [2004] for a definition of energy distances.
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Fig. 2.2 Examples of three mice vertebrae landmarks measured at varying orien-
tations, and an overlay of the three sets of landmarks after rotational alignment.
All drawn from the R-package shapes [Dryden and Mardia, 2016] using data from
Mardia and Dryden [1989].

null hypothesis in terms of invariance: D; D D, if and only if the distribution of (D1, D2)
is G-invariant. This means that permutation tests are a test of G-invariance of this joint

distribution.

2.5.3 Symmetry in Spaces

Symmetries are often invoked explicitly when we want to describe the shape of an object.
The idea is that we should separate the information about the object from the way in which
we observe it; if we look at the same object from different angles (as with protein samples
in Cryo-EM imaging, as well as in many other contexts) we would introduce variance into
the observations that do not exist in the samples. To overcome this, we decompose the
observation X into its orbit [X ]y, which captures the underlying information in the object,
and its position ¥x € W. To make sense of the position, we pick a representative element
X € [X]y in some deterministic way that depends only on the orbit® and then pick 1y € ¥
such that X =1 x(X). This means that we can decompose the variance of X into the variance
of its orbit and variance of its position, which often leads to better estimators and inferential

methods as in the following examples.

Example 15 (Shape Spaces). Consider the problem of identifying the average shape of an
2D-object described by a collection of k landmark points collected in a 2 x k matriz. An
example of these landmarks is shown in Figure 2.2 where siz landmarks are observed for the

T2-vertebrae of three different mice.

If we merely averaged these objects as matrices, we would often include the information in the
orientation, scale, and position of the landmarks rather than identifying the true “shape” of
the object. As pioneered by Kendall [1984], we thus want to remove this extra information by

considering these objects equivalent if they can be transformed into each other using bijections

6T.e., X =Y whenever [Y]e = [X]w.
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in an accepted class ¥ such as:

U A fine (R?) = {All rotations, reflections, positive scalings and translations of RZ} (2.67)
\I/Rigid(R2) = {All rotations, reflections, and translations of R2} (2.68)

These transformation groups can act on the landmark space by applying the transformations
to the columns of X:

v[x X e X =[0(x) w(X) e w(X)] (269)

for any 1 € \IlRigid(]RQ) € U pthine (R?). Using the transformations in U Afiine(r2) Tesults in Affine
Shape Space, which is defined as:

R*F /W 5 ine (R?) = {[ X gy o (r2) * X € R} (2.70)
Using the rigid transformation results in Kendall’s Reflection-Size-and-Shape Space:
R¥ [WRigia(R?) = {[X ]y ey : X € R¥F} (2.71)

These differ in that the size-and-shape space retains the scaling of the landmarks. Both of
these spaces are useful in many downstream tasks. For example, consider a classification
problem: given data {(X@ Y;))}, with X; e R** and Y; € {0,1} how should we predict a

label Yy on a new landmark collection X2 A fully general model might assume:
Y ~ Bernoulli(f(X(i))) (2.72)

for some function f:R¥* - [0,1], for all i € Zsy. Sometimes we are very confident that the
orientation and position of the object will not affect the classification, so we could instead

assume the simpler model:
Y; ~ Bernoulli( f([X My, (r2))) (2.73)

for some function f : RQXk/\IIRigid(R2) — [0,1], for all i€ Zsy. This model is simpler in the
sense that f can vary less than f could; if f is assumed to be in some hypothesis class F then

the function f o [']‘PRigid(RQ) lives in the subspace of \IlRigid(]R2)—invariant functions within F.

Example 16 (Functional Data Registration). Consider the situation of functional data anal-
ysis [Ramsay and Silverman, 2005/, where our data objects f now live in infinite dimensional
function spaces such as L*(R). Suppose that we have collected a number of function samples
{fO2y which each follow roughly the same form fO)(x) = aexp(-(a;x - t;)?) + €;(x) for

some small magnitude noise process €;(x), some fixed shift times t; € R and scales a; € Ry,
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and a common scale term a € Ry.
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Fig. 2.3 An example of 6 curves f() = exp(-(z - t;)?) + €;(z) as described in
Example 16. The top left plot shows the original curves are measured, the top right
shows the curves after alignment by translations of the time axis. The lower plots
show the pointwise sample standard deviation of the original curves (left) and the
aligned curves (right). This shows how the amplitude variation is masked by the
phase variation if we were to deal only with the unaligned curves.

If we want to describe the variation of these functions, it makes little sense to use the direct
mean if the central locations t; are spaced out more than the bump around them spreads.

Instead, we can decompose f(i) into a phase ¢;(x) and amplitude ﬁ

FO (@) = Ji(i(x)) (2.74)

and then think about the mean and variance of these components instead. In this case, we

would have:

pi(z)=x-t; (2.75)
fi(z) = exp(-z?) + € (x) (2.76)

and so we can give more meaningful descriptors of the mean phase shift n=* Y%, t; and the
variance around this mean and correctly identify that the amplitude variance comes only from

the noise.

In practice, we assume that the phase transformations belong to restricted class of transforma-
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tions of the functional object’s domain. Typical choices include the set of translations, strictly
increasing linear transformations, and strictly increasing diffeomorphisms. These are all
groups that are acting on the domain. The amplitude component can then be identified with
the orbit of the function under the action of the phase transformations ¥ under composition,
which lives in the quotient space L*(R)/W. This identification comes from noting that f;
is the unique representative from the orbit [f(i)]q/ with f; = o7t O Often this amplitude
component is the component of importance, we are typically more interested in the shape of
a COVID case number curve rather than which date it starts on, for example. This means
that as with shape spaces we register the functions using the functions in ¥ and consider the

amplitudes in the quotient space L*(R)/V.

2.5.4 Symmetries in Density Estimation

Much like nonparametric regression, nonparametric density estimation problems suffer from
a curse of dimensionality. In these problems we have a sample {X;}!"; drawn independently
from a distribution with density f:RP — [0, 00) and we seek to estimate f within some class
of possible densities which we will denote F. When F is the space of log-concave density
functions and d > 2 the lower bound on the rate of estimation of f under squared Hellinger

loss is:

infsupE([ (f1/2—f1/2)2) chn_% (2.77)
foger VJRY

for some positive constants cq4, as shown in Kim and Samworth [2016]. One approach to
overcome this curse of dimensionality is to assume that the super-level sets K¢(a;p) = {u €
RY: f(u—p) > f(a—p)} of the density f centered at u are homothetical: that they are all
scaled versions of some fixed convex K ¢ R%: there exists a p such that for all a € range(f)
there exists an a with Ky(a;p) = aKy. If K is known then Xu and Samworth [2021] give

an estimator f, that has convergence:
1/2 _ 71/242 -4/5
E( =R ) <Cn (2.78)

for some positive constant C independently of the dimension d, and then give consideration of
the behaviour for unknown Ky and for other divergences between densities. This homothetical
super-level set condition imposes a non-trivial symmetry on the density function f. The
authors take this as an invariance of the level sets under the action of scaling, however
it also imposes an invariance condition on the density function f. Assume that K has
interior containing 0 in the topology of R%. Define a bijection 1 : R? - R? by setting
Y(u) = (inf{t € [0,00) : u € tK})u for all u € S, and enforcing positive homogeneity
Y(au) = arp(u) for all a € Ryg and u € S This ensures that ¢(/y) is the unit ball in R%
Let SO(d) act on R? via:

gypa=1"(g-¥(x)) (2.79)
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where - denotes the usual action of SO(d). Then f (after centering around p) is invariant to
this new -, action of SO(d). Note that this action is not necessarily smooth, but will be if ¢
is a diffeomorphism. With this reframing we see that homotheticity is another example of

using symmetry as a dimension reduction technique.

2.5.5 Symmetries of Regression Functions

Symmetry has recently gain significant traction in the machine learning community, where the
symmetries of image analysis are often obvious and exploitable. For example, the classification
of an image of a handwritten digit in the MNIST dataset [LeCun et al., 1998] should not
depend on the precise position of the digit in the pixel grid. This is equivalent to the statement
that the classification function of any particular digit is invariant to the group of translations
at the pixels (that loop around the edges to preserve the information). This idea was for
a long time implicitly captured by convolutional neural networks, and recent efforts have
moved to make this framing more explicit [Kondor and Trivedi, 2018, Bronstein et al., 2021]
which we will discuss in the next section. Here we will consider cases where the symmetries

are considered implicitly, examples of which have a long history in statistics.

Example 17 (Sparsity in Linear Regression). Consider the normal linear model Y; = X; 3+ ¢;
where X; ~ p; are row vectors in RP valued and ¢; it N(O,O’Q) independently of all the X;.
When the dimension of the B is large but many entries are 0, we often get estimators that
perform better when we make use of this information. This comes from a shift from the
variance in these coordinates to the bias we experience if we make errant assumptions about

which entries are 0. Specifically, we say that B € RP is s-sparse if there exists a set of indices

Jc{l,...,p} with |T|=p—-s and B; =0 for all j ¢ J.

This condition on f3 is an invariance condition of the regression function f(z) = x'f.

Consider the action of R® on R? given by:

S S
(at,...,as) (1,...,2p) = (ml +y ajlge=t, - Tp + > ajljjc:p) (2.80)
j=1 J=1
where J¢ are the indices in {1,...,p} but not in J, ordered in a vector with s-components.

This action shifts the vector x along the basis vectors with indices not in J. In this case:

f(a . l‘) = (xl + Z ailjic:l) e ITpt Z ai].jjc:p),@ (2.81)
j=1 j=1
p s
=Y (w0 + X a5150-1) B (2.82)
k=1 j=1
P s
= 33,8 + Z Z ajljjc:kﬁj (283)
k=1j=1
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2.5 Examples of Symmetry in Statistics

Now the terms in the final sum all vanish because 1‘7jc:k5k =0 by definition—if the indication
function is not 0 then B = 0. Thus, the regression function in this case is itnvariant to this

group action.

Example 18 (Sparsity in Nonparametric Regression). Consider now the nonparametric
version of the linear regression example above. We say that a (continuously differentiable)
regression function f : R - R is s sparse if it depends only on the covariate indices in
Jc{l,....p} with |J| =p-s. This can be formulated as g—gj(x) =0 for all points x € RY.
It can equally be framed as a translation invariance as above, where the action is given
in Example 17. In this case, the sparsity means that we know that f(x + aje;) = f(z) (a
consequence of the mean value theorem; as otherwise there would have to be a point with
non-zero partial derivative) for all j € J¢. Thus, again we have that f is s-sparse if and only

if f is invariant to the action of R® determined by J°.

Example 19 (Multi-index Models). In the same context as Example 18, the notion of
sparsity can be generalised to sparsity in some new choice of basis for R%; the idea is that the
function itself can be sparse even if we have chosen the wrong measurement frame. In this

case we consider the class of multi-index models [Hristache et al., 2001] where:
f(z) = h(Rx) (2.84)

for some rank d — s orthogonal projection matriz R : R - RTS, and some link function
h:RYS > R. In this case the invariance of f is described by any translation in the null space
of R as:

f(x+u) =h(Rz+ Ru) =h(Rx+0) = f(z) (2.85)

for all u € ker R. This kernel forms a group under addition (as all linear spaces do) that
acts on RY by translation w-x = x +u. Therefore, in this case f obeys a multi-index model

parametrised by R if and only if f is (ker R)-invariant.

Example 20 (Regression on Graphs). A graph is a (finite) set of nodes N and a set of
edges E € N x N that capture relationships between nodes. These nodes and edges are of-
ten given weights that measure the intensity of these relationships, captured by a function
w:NxN - [0,1] with w(a,b) = w(b,a) and w(a,b) =0 if and only if (a,b) ¢ E. Graphs
are frequently used to model causal relationships [Pearl, 2009], social networks [Otte and
Rousseau, 2002/, and molecules [Gaudelet et al., 2021] among many other use cases. In the
case of molecules the nodes are individual atoms, edges denote covalent bonds, and weights
might contain information such as the distance between the atoms. Graphs are usually stored

as an adjacency matric with entries A;j = w(ai, a;j) for a;,aj € N.
Often we are interested in predicting the value of a response from a covariate graph; for
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example, the tozicity or efficacy of a candidate drug molecule given a large library of previous
measurements. We know that the regression function f: A~ f(A) must obey a permutation
symmetry as follows. Let Sym(|N|) be the group of permutations o of the integers 1,... |N]|
(i.e., o is a bijection of this set) and let it act on the space of adjacency matrices by permuting

the rows and columns:

A o A [Aeye)y o Ask)e(n)
o-| : N : . :

: . : (2.86)
Apr o Arke]l [Aoye)y o Aok

Then f must be Sym(|N|)-invariant because this action is simply a relabelling of the nodes; it

cannot change the physical properties of the molecule.

2.6 How to Use Symmetry in Regression

Given all of these examples of symmetries in regression, the obvious question to ask is:
“how can we exploit a known symmetry to improve our estimators?”. There are four main
approaches that have been used to exploit a known symmetry in regression in the recent
literature. Suppose that f is known to be G-invariant for some group G acting on the

covariate space X. We can improve our estimate of f by using:

1. (Data Augmentation) where we add samples of the form (g;;-X;,Y;) for some chosen

number of samples g;; € G;

2. (Data Projection) where we explicitly consider the quotient space X/G and do-
ing regression either using the dataset {([X;]q,Y:)} ", or {(Xi,Y;)}", where X; are

representatives of each X; in a specified fundamental domain;

3. (Kernel Symmetrisation) where we replace a kernel K used in kernel ridge regression

or local polynomial estimation with a G-invariant kernel Kg; and

4. (Feature Averaging) where we estimate f using the original dataset and then smooth
this estimate over the orbits using a (partial) symmetrisation operator, giving an

estimate of the form S, f,.

Each of these methods comes with various advantages and disadvantages both statistical
and computational. For example, data augmentation can be useful in a large neural network
where we can now bring n up to the order of the number of parameters; however, it can
be harmful when considering confidence intervals in a linear regression setting because the
apparent larger sample size can lead to liberal confidence intervals for the parameters [Huang
et al., 2022]. It is attractive because of its simplicity; it only requires sampling from the

group and avoids computation of quotient spaces.
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Data projection is the tool most often used in sparse and multi-index models because
the fundamental domains are particularly easy to describe as hyperplanes spanned by the
important directions with projections as simple as forgetting variables or an orthogonal
projection matrix. In these cases analysis of the resulting estimator can be tackled because
the quotient space has a known form with similar properties to the original space (i.e., it
is still a vector space). Thus, usual theorems can be readily applied to show that we can
achieve appropriate dimension reduced rates. However, in general the quotient space can have
complicated topological structure—at best it might look like a manifold with singularities (a
space known as an orbifold or V-manifold [Satake, 1956]) and at worst it can lose all sense
of the original structure of X. This means that the fundamental domains and projections
to them are sometimes difficult to construct in general and the resulting estimators can be

difficult to analyse, which means that this method is not well studied in full generality.

Kernel Symmetrisation benefits because there is only one extra step relative to the original
estimator; you need to take K and compute K = SgK (where the integration is with respect
to the first coordinate). This is usually easier than constructing the quotient space for data
projection. Analysis of kernel symmetrised ridge regression has been recently undertaken.
Elesedy [2021] showed that the performance improvement over the unsymmetrised estimator
is strictly positive almost surely, but their bound decays as O(n™!) so does not guarantee
dimension reduction. This is done by examining the specific closed form solution of the
kernel ridge regressor. Bietti et al. [2021] showed that if G is finite then the risk of a
kernel symmetrised ridge regressor converges to 1/|G| of the risk of the original estimator.
Their analysis centres on the proportion of spherical harmonics that are G-invariant, which
can be enumerated combinatorially when G is finite. They note in their paper that this
technique seems difficult to extend to the case of continuous groups where we can achieve
dimension reduction. Tahmasebi and Jegelka [2023] has even more recently shown that
if G is a positive dimensional compact Lie group acting isometrically and the orbits have
positive dimension then a kernel symmetrised ridge regressor will achieve dimension reduction,
with worst risk that decays with a rate that depends on d — dim[z]s rather than d. This
result considers the spectral behaviour of the Laplace-Beltrami operator Ay (which is a
generalisation of the usual Laplacian of f on R? to a function f on a smooth manifold).
The key is that the projection of these eigenspaces onto LQG(X ) have measurably smaller

entropy than the original spaces when f is G-invariant, which translates to faster learning of f.
Feature averaging can also be shown to give an almost sure performance improvement,

as originally done in Lyle et al. [2020]. This essentially follows from the fact that Sg is an

orthogonal projection when G is compact and the sampling distribution of the covariates is
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G-invariant. In this case, we have:

IS fn = fl2 = [Scfn—Safl2 <[Scloplfu=flz=1fn=fl2 (2.87)

almost surely for any estimator f,. The fact that Sg is an orthogonal projection ensures that
its operator norm is 1 (as it is self-adjoint and all eigenvalues are either 1 or 0). This also
leads to a neat characterisation of the asymptotic bias when f is not G-invariant, as it must
be equal to the anti-symmetric part of f. One problem of this and the kernel symmetrisation
approach is that the symmetrisation operator Sg is only defined for compact groups with a
uniform distribution. Extensions using a partial symmetrisation operator for non-compact G

have not been well studied.

2.7 Symmetry Discovery

Because of the interest in G-invariant and G-equivariant models in the machine learning
community, there have been a few efforts to find the symmetries that f is invariant to. In the
machine learning literature this is called symmetry discovery. Suppose that G is a group
that acts continuously on the covariate space. The following three methods, as well a couple
of slight variants, are the only known methods at the time of writing. These algorithmic
approaches suffer for our problem later in three key ways: they only consider parametric
classes of subsets of G rather than all subgroups of G; they do not have easily accessible
statistical properties; and they have a much higher tolerance for symmetries that only hold

locally (which can lead to asymptotic bias).

2.7.1 Auto-Augment

Auto-augment [Cubuk et al., 2019] represented a shift in the data augmentation world from
finding some extra data that probably has the same labels in an image classification task (as
is done with generative adversarial models, for example) to searching for transformations
of the image space that can be applied to the data set to give new data. In this approach,
only a finite set of transformations in pythons image library (PIL) were considered, and
the transformations to include are found by training a large recurrent neural network. This
makes statistical properties of the method hard to access, though it is validated empirically
on several well known test datasets in the machine learning community (CIFAR-10 and
CIFAR-100 [Alex, 2009], and SVHN [Netzer et al., 2011]). This strategy was later extended
to other tools such as Fast-Auto-Augment [Lim et al., 2019].
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2.7.2 Augerino

The next step to learn data-augmentations was Augerino [Benton et al., 2020]. This approach
considers searching over a parametric class of subsets of G. Let 0 € RYMY define a box in the
tangent space of G at the identity e (this space is sometimes called the Lie Algebra) with

orthonormal basis vectors ¢;:
A = {a eT.G:a= Zaiti, |a;| < 671-} (2.88)
These boxes define subsets of G through the exponential map:
Gy = {expe(a) fa€ Ag} (2.89)
The optimal subset is then estimated by minimising the regularised loss:

L(0,w) = E(Egey(cy) (fa(9X;w))) + R(6) (2.90)

where X ~ p is the measure on our covariate space and w contains the weights for the
neural network f,,. One suggested choice of the regularisation component is R(6) = —\|6]|2
to encourage more symmetry. This technique can only lead to a estimated subset rather than

a subgroup. The only lower dimensional subgroups available to estimate are of the form:
G;= (expe(aiti) tq € R) (2.91)

or the compositions (G; : i € Z) for some index set Z. Since these groups are highly dependent
on the original choice of the t;, we miss many of the possible subgroups of G that f may be
invariant to. For example, if f : R? - R is invariant to translations along the axis (1,1) only,

then these would be missed if we picked the usual orthonormal basis vectors for TyR? ~ R?.

2.7.3 SCALE

The latest effort to learn the appropriate transformation is SCALE [Chatzipantazis et al.,
2023]. This method largely resembles Augerino but it adapts the distribution of the random
variable g. Augerino uses the uniform distribution on the subsets Gy, but SCALE instead

samples g using a compositional approach as follows:

1. Fix a K-vector of probabilities (m;,...,7x) € (0,1)¥ and K different distributions U;
on the group G;

2. Sample g; ~U; fori=1,...;
3. Sample a K-vector I; =1 with probability 7; and 0 with probability 1 — m;; and
4. Compute g = Hfil gzll
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The probabilities m; and the distributions U; can then be treated as learnable parameters.
If we constrain U; to the form U; = U(exp,(—0;t;),exp.(0it;)) (where 6; and ¢; are as in the
Augerino section), then we can optimise the loss function above in terms of 7 and 6. This
offers some more flexibility in the way in which the data would get augmented, in particular
it utilises the compositional structure of the group G. It still encounters the same problem
if missing diagonal subgroups that are not contained in the distributions U;. This can be
alleviated somewhat by increasing K and including more of them, but there will still usually

be infinitely many that we cannot access in this method for any fixed K.

2.8 Estimation of Level Sets

In regression, there has been some interest in the estimation of superlevel sets A(f,7) =
{ueX: f(u) >} for regression functions f [Cavalier, 1997, Cuevas et al., 2006, Reeve et al.,
2023, Miiller et al., 2023]. This problem is closely related to the problem of identifying the
superlevel sets of an unknown density function [Tsybakov, 1997]. This has many applications
for clustering the samples into bands with similar response values, such as in precision

medicine where we might seek to separate a population based on likely treatment outcomes.

In the following chapter we will examine another related problem: the estimation of the
level set [z]f ={ue X : f(u) = f(z)}. Note that some of the earlier literature [Tsybakov,
1997, Cavalier, 1997] uses the term level set to refer to a superlevel set, but this is largely
inconsistent with the mathematical literature and the more recent approaches. This mainly
differs from the estimation of superlevel sets in the loss function used to judge the estimate.

In the case of superlevel sets, two common measures are the symmetric difference:
da(A,B)=p({zeA:z¢ Blu{zeB:a¢A}) (2.92)
and the Hausdorff metric:

A,B) = inf inf 2.
di1aus(A, B) max(ilelgll)?BdX(a,b),itelgll)?BdX(a,b)) (2.93)
used in Cavalier [1997], Tsybakov [1997]. Recent approaches [Miiller et al., 2023] focus on
one sided error pu({x € A:xz ¢ B}) (where A will be the true level set and B the estimate

usually) along with probabilistic guarantees on the event {B c A}.

For estimating level sets, we must shift focus from the entire sets to only their bound-
ary. We will later use the Hausdorff metric on these boundaries. Estimates of the superlevel
set with low error in any of these metrics will likely have a boundary that is close to the

boundary of the true level set, but this is not guaranteed in the worst case for any of these
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metrics without strong conditions on the smoothness and curvature of the boundary. Indeed
as the boundary forms a measure 0 subset it can deviate significantly without creating large
changes under theses metrics. This is partly the reason for the assumptions made in Cavalier
[1997] on the shape of the level sets. As of writing there has been no work that studies the

performance of level set estimators in regression under this Hausdorff loss.

It is worth examining Miiller et al. [2023] from a methodological perspective because of some
parallels with the work in Chapter 5. In this paper the superlevel sets are estimated by testing
whether each sampled covariate point X; is contained in the true superlevel set A(f,7) for
the fixed 7 € R. This is done with a supermartingale test that exploits the isotonicity, i.e.,
non-decreasing with respect to the partial ordering x < y if and only if z; < y; for all 7, of the

regression functions considered.

This isotonic property also allows for a clever combination of the p-values of the hypotheses
Héi) : X; € A(f,7) because if X; < X then Héj) is true whenever Héi) is, or conversely Héi)
is false whenever Héj ) is. This is done by constructing an appropriate directed acyclic graph
(DAG) with nodes X; and edges from X; to X; if X; < X; with no X}, distinct from X; and
X such that X; < X, < X;. They then apply a testing procedure that takes advantage of the
logical structure of the hypotheses. Specifically, rejection at a node automatically informs
rejection of later nodes (in the direction of the edges). This means that the we do not need to
test all nodes for their inclusion in A(f,7); we can test the roots first and only move forward
if we do not reject at the significance level «; for the hypothesis Héi). The estimated level set
is taken as the upper hull of points A= {z>X;: Héi) is not rejected}, where the rejections
are given by this nested testing procedure. By careful consideration of the family wise error
rate the significance levels a; can be chosen to maximise the risk E(u(A(f,7) ~ A)) while
ensuring that P(A ¢ A(f,7)) > 1 -« for the chosen significance level o € (0,1). This nested

testing approach bears some similarity to the approach we will use in Chapter 5 later.
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Chapter 3
Regression Using Level Sets

In this chapter, we will show that knowledge of a regression function’s level set [z]f = {u €
X : f(u) = f(x)} allows for faster estimation of f(z) than the global minimax rate for the
Holder hypothesis class for f considered. We show that a naive plug-in estimator for the
level set can also achieve faster rates, but this requires some strong conditions. This then
leads to the natural question of whether we can construct meaningful hypothesis classes for
the level sets that allow for fast rates without such strong assumptions on the regression

function. The later chapters will give an answer to this question.

3.1 Introduction

In nonparametric regression, we collect data {(X®,¥;)}? | and seek to estimate the regression
function f in the model ¥; = f(X®) + ¢; for independent and identically distributed noise
variables €; with mean 0 and finite homoskedastic variance o. In this chapter, the covariates
X @ will be deterministically chosen points in the unit hypercube X = [0, 1]d and the response
variables Y; are real valued. The regression functions considered will be constrained to the
Holder hypothesis class F(L, 3) defined in section 2.1. As noted there, the minimax rate for

the estimation of f under L? loss is known to be determined by the lower bound:

~ 2 _i
inf sup E(1f - fI3) > en (3.1)
[ feF(L,B)
which is achieved by local polynomial estimators (among others) as shown in Stone [1982].
The dependence on dimension causes this rate to slow dramatically for higher d, a curse well

known in the non-parametric statistical literature.
As discussed in section 2.1, the main routes to improve on this curse (when g is not

concentrated around a lower dimensional manifold) are consideration of additive models for

f and sparse models for f. In this section we develop a new route that considers the level

43



Regression Using Level Sets

sets of f, denoted by [z]f = {u e X : f(u) = f(x)}. Knowledge of the level set [x]; should
clearly help with the estimation of f(z). In particular, it is clear that knowledge of [x] tells
us about the directions that V f must vanish in: at all of the directions tangent to [z]f at «

(assuming that the level set is a smooth submanifold of X').

In Section 3.3, we quantify how much this knowledge can improve the estimation of f(x).
We do this by providing upper bounds on the worst case risk of the Manifold Averaged
Estimator (MAVE) denoted fMAVE. This estimator uses a base estimator f, of f (e.g., a
local polynomial estimator) and constructs points in a local neighbourhood of z intersected
with [2]f. The estimate of f(x) is then taken as the average of the base estimator’s values
on this collection of points. If the level set is well specified, this does not inflate the bias of
the MAVE at z. If the base estimator is sufficiently local (see assumption E1 later), as with
local polynomial estimators, then this can cut the variance of the estimate dramatically. This
allows us to re-optimise any hyper-parameter choices in the base estimator. We show that

under these new optimal choices that:

23 )
sup  E((fMAVE(x;[x]f) - f(2))?)n®FTImET (logn)d-dimlelr < 0 (3.2)
feF(L,B)

where C] is a positive constant. Note that the powers of the terms containing n depend
on f so these must occur inside of the supremum on the left. Thus, the MAVE achieves
the desired dimension reduction—it removes all dimensions in the level set of f at x (up to
log-factors). Usually! level sets are dimension d — 1 sub manifolds of X, which brings this rate
down to the rate (up to log factors) for well specified additive models. At other points we
might have dimension d level sets where f is constant, where we achieve the parametric rate
(up to log factors). When the function is s-sparse, the true level sets contain a dimension
d — s hyperplane and so the MAVE achieves the best possible rate for such sparse functions.
More importantly, it also allows for non-linear level sets that go far beyond just the case of

sparse functions.

This analysis requires an oracle with knowledge of the true level set of the unknown regression
function. In the same section we examine the robustness of this process to misspecification of
the level set, and bound the risk in terms of a local Hausdorff distance between the true level
set and the submanifold used. This leads to the natural question: if we estimate the level set

[x]f and use this in the MAVE, does it lead to a dimension adaptive estimator of f?

Previous efforts to estimate the level sets of regression functions [Cavalier, 1997, Reeve

et al., 2023, Miiller et al., 2023] have usually come from the problem of estimating super-level

1 . . ..
See section 3.2.1: in many cases this is an almost sure statement.
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sets, i.e., sets A(f,7) ={x e X: f(x) > 7} for which [z]; is the boundary of A(f, f(x)). As
such, little is known about the performance of these estimators in terms of the local Hausdorff
loss we consider, and it is unclear how to use their loss functions to achieve a similar result.
Because of this, we consider in section 3.4 perhaps the most naive estimator of [z]f, the
plug in estimator [z],, where p, is an independent local polynomial estimator of f. Under a
strong assumption on the regression function f—that it is equal to a polynomial on some
neighbourhood of x—we can show that we achieve the oracle’s rate (up to log factors) using
fMAVE (g [2],,). We then show this in some numerical experiments both in situations that

satisfy this strong condition and others.

3.1.1 Main Contributions

We now state the results of this chapter in more technical language. All terms defined later
are italicised. Let f be a regression function in the Holder class F = F(L,3) for 5> d. Let
fn be a minimax optimal estimator of f over this hypothesis class that satisfies assumption

set (E) under an appropriate design regime.

1) We define the Manifold Averaged Estimator (MAVE) for f(z) as the average of the
estimate f,,(v;) for points v; constructed from the level set [z]f = {ve X : f(v) = f(x)}

that are evenly rectangularly spaced in the tangent space Tp[x]f;

2) We show that if this level set is well specified and a smooth submanifold of X then

this estimator achieves asymptotic dimension reduction—that sup .z E(( fMAVE () —
26

J(2))?) < Cn

3) We show that this estimator has some robustness to misspecification of the level set, and
give the bound MSE(fMAVE(x, M)) <2Bh* + YR (m™) + 2L%E(dy n, (M, [2]5)?);

4) We consider the behaviour of the MAVE when using estimated level sets of the form
[x]p, for a local polynomial estimate p, of f(z). When these estimates are independent
(e.g., from data splitting) and when f agrees with a polynomial on some neighbourhood
of a regular point x, we show that MSE(fMAVE (2, [2],,)) < C’Jf%(log n)(d=D/e,

3.2 Background

The results in this chapter rely on understanding the material in the differential geometry
section of Chapter 2, and the estimating level sets section of Chapter 2 is helpful for the
context of later parts in section 3.4. Alongside this, we need some specific definitions and
results from the field of differential topology that consider the geometry of level sets of

functions.
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3.2.1 Geometry of Level Sets

If f:]0, 1]d — R is a sufficiently smooth function, in this case at least d-times continuously
differentiable, then many of the level sets are forced to take a specific structure of a d -
1 dimensional submanifold of [0,1]¢.
Intuitively, these relate the behaviour of the gradient 0f/0x = [0f[0x1,...,0f]0x4] to the

behaviour of the level set. Clearly this gradient when viewed as a linear operator can only

This is formalised in the following two theorems.

have rank 1 or 0, and so at least d—1 directions appear in its null space. If it is rank 1 for all
u e [z]f, for any x € [0,1]¢ then we say that the level set is regular and that the value f(z)
is a regular value of f. This property means that the kernel of 9f/0z can be identified with
the tangent space of [x]; which gives the dimension in the following theorem. We say that
other values of f(x) are critical values, and the level sets with critical values are critical

level sets.

Theorem 21 (Regular Level Set Theorem). Suppose that f:[0,1]¢ - R is a differentiable
function and suppose that c is a regular value of f. Then the level set [x]f = {u € [0, 114 :
f(u) = ¢} is a smooth embedded submanifold of [0,1]¢ of dimension d - 1.

A proof can be found in Lee [2013], essentially as a consequence of the implicit function
theorem. The name regular comes from the following theorem due to Morse [1939] (in the
one dimensional codomain case) and later Sard [1942] (in the higher dimensional codomain

case). This result states that almost all values f can take are regular.

Theorem 22 (Morse-Sard Theorem). Suppose that f:[0,1]% = R is a k-times continuously

differentiable function for k > d. Then the set of critical values has Lebesgue measure 0.

Note that this does not imply that almost all input values lie in regular orbits: if f is constant
on a set U ¢ [0, 1]d of positive Lebesgue measure, then these points fall into a critical level
set of dimension d. Other critical level sets can take any dimension between 0 and d. This
theorem does restrict the measure of the lower dimensional critical level sets—there will
usually only be a countable number of these critical values (except in some pathological cases
of uncountable but Lebesgue measurable sets of critical values) and so the countable union

of the lower dimensional manifolds must also be p-negligible.

3.3 Manifold AVeraged Estimator (M AVE)

Let f be any regression function and take any point x € X' = [0, 1]¢ such that the level set [z];
is a smooth submanifold of X. Suppose that we have collected data {(X;,Y;)}"; according

to the nonparametric regression model:

Yi=f(Xi) +€ (3.3)
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3.3 Manifold AVeraged Estimator (M AVE)

where ¢; i (0,0%). We suppose in this section that we know the smooth level set [z]f.
Our goal in this section is to construct an estimator that uses this known level set to better

estimate f(x).

Suppose that we have an estimator f, of f that we will call the base estimator. This could
be anything from a local polynomial regressor to a nonparametric least squares estimator,
to a neural network. Local polynomial estimators satisfy the assumption set (E) used to
derive theoretical properties later, so this is a good choice and what we will use in simulations
later. We will for this chapter consider only the Hélder class with 5 > d as suggested by the

Morse-Sard theorem, with a brief discussion of other classes in section 3.6.

Given this base estimator, we will give a deterministic construction of averaging points
{vi}i%) € [#]¢. The number of points m will depend on two bandwidths: h, ho € R,o and we

will give optimal choices for these later. With these averaging points we can then define our
Manifold AVeraged Estimator (MAVE) as:

NIE

AAVE (g3 a])) = — 3" fulw) (3.4

Il
—

The bandwidth A will control the locality of the base estimator and the bandwidth hp will

control for much of the level set we average over.

3.3.1 Constructing Spaced Points

To construct the set {v;} we need to examine the geometry of the level set [z];. Let Wy]f be
the largest hypercube? in T,[x]; that is contained in the orthogonal projection of [z]; onto
T.[x]s, where this projection is taken in the ambient space X = [0,1]%. Let r(x,[x];) be the
the minimum of: (1) half of the side length of the hypercube W;Ex]f ; or (2) the bandwidth
ho. If the orbit is 0-dimensional, then we take r(z, [z]f) = 1. We call 7(z, [x]f) the shadow

radius of [z]; at . We construct the averaging points {v;}7", with 7 spacing as follows:
(i) Pick any rectangular grid® {a;}™; in W;,Em]f such that d(a;,a;) >n whenever i # j; and
(i) Orthogonally (with respect to T.[x]f) project this grid onto [x]y, giving a set {v;};%; €
(]

This is shown in Figure 3.1. The rectangular grid is usually easy to specify, with points

a; = x + Y, aynw; where w; are the basis vectors of T, [z] 7 and a; are integers in the range:

{-lr(a,[z1)/n)}, -0, L, [2]p) ]} (3.5)

2Note that this is well defined as one must exist, as a consequence of being in the interior of the level set,
and the side lengths here are bounded above by the domain X'.
3i.e., there is a coordinate basis in which the points are evenly spaced along each dimension.
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Regression Using Level Sets

Fig. 3.1 The level of x € R? for a function f(z) = fo(|z|2), along with the points
{ai} and {v; = g; 5, - =} that will be used to manifold-average the estimator f,. Note
that these need not be spaced evenly around the level set, nor cover it completely.

The projection is also usually easy because it is the solution to f(a; + z) = f(x) for
z € ker(9f/0x)*, and in practice we will only have to solve this for polynomial f. Note that
the kernel is either rank 1 or 0 and so z is in at most a one dimensional space. In this case,
the kernel and its normal space is easy to compute and the equation can be solve exactly for
low degrees (k < 5, as the differentiation removes one degree) and numerically with arbitrary

precision for higher degrees.

We now give a lower bound on m when the points are required to be 2h separated to
ensure the independence of the samples f,(v;) under the strict locality assumption later. We
will later relax this but show that this bound also captures the proportion of samples that

contribute to variance reduction even as we take n — 0.

Proposition 23. For all x € X and h,ho >0 pick {v;}*, with 2h spacing as above. Then we
have m > max(1, (r(x, [a:]f)(Qh)‘l)dim[’”]f), and dx(v;,vj) > 2h whenever i # j. Moreover,

for sufficiently small ho, i.e. ho <r(z,[x]f), this reduces to:

m> max(l,(hTo)dimMU) (3.6)

Proof. This is simply the bound that results from counting the possibilities of the «; above
when 7 = 2h. O
3.3.2 Theoretical Properties

We now derive rates of convergence of the MAVE under some assumptions on the base
estimator. Suppose that our base estimator satisfies the following properties:

Assumption set (E):
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3.3 Manifold AVeraged Estimator (M AVE)

(E1) (Strict Locality) Conditioned on Dx, fn(z) and f,(y) are independent whenever
d(z,y) 2 2h;

(E2) (Default Value) If the ball By (z,h) contains no Xj, then f,(x) = 0;

(E3) (Optimality) There exist positive constants B,V € R,q, such that for all f € F, for

p-almost all x, and for all sufficiently large n:

(a) (Bias) If Bx(z,h) nDx is non-empty, then |E(f,(x)) - f(x)| < BR®; and

(b) (Variance) If By (z,h) nDx is non-empty, then Var(f,(x)) < m.

These assumptions on the base estimator are natural. (E1) is somewhat restrictive but is
satisfied by local polynomial estimators using a kernel K supported only on the interior of
the unit ball that is scaled by a bandwidth h, and with a deterministic value for the case
where there is no data in the h-ball around x. When the deterministic default value is 0,
the local polynomial estimator satisfies (E2) trivially. Any other estimator can be made to
satisfy this too by multiplication by the indicator function 1ip, g, (z,n)>0- Condition (E3)
is required to ensure that the derived estimators are also rate optimal and essentially says
that the estimator f,, performs well when there is data in the h-ball and that the sampling
regime ensures that this happens frequently. These assumptions are satisfied even for simple
estimators such as the Nadaraya—Watson estimator when § < 2 in the context of our statistical
problem, and more generally by local polynomial estimators for higher order 8 as shown in

section 2.1.

Remark 24. Assumption (E1) could be weakened to allow for sufficiently quickly decaying
covariance which would allow for Gaussian kernels or k-nearest neighbour estimators. Such a
weakening is offered with condition (E1°), which is satisfied for a Gaussian kernel in local
polynomial estimation, or when the bandwidths are chosen adaptively. An interesting question

would be whether such a condition also applies to kernel ridge regressors or neural networks.

(E1°) (Weak Locality) Cov(fn(z), fn(y) | Dx) < exp(c—an) for some positive constants

a,ceRyg.

Under these conditions, we know that the estimates f,(v;) are independent, which gives:

Var(fy"VE (a; [2]7)) = m™ Var(f,(v:)) (3.7)

n

but since f(v;) = f(x) by definition of the level set, we also know that

Bias( Y (i [0])) = ! $ ) - £(2) (33)
<m! iBias( £(03)) (3.9)
< Bh* (3.10)
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This reduction in variance means that we can take h much smaller than we could normally,
which would be with a rate h oc n=1/(26+d) The following theorem gives one such option for
faster bandwidths. Note that this is true for any choice of level set [2]; whether regular or

critical.

Theorem 25. Suppose n is large enough that the base estimator satisfies assumption set
(E), and set

N W
h =an 2,B+d7dim[z]f (311)
Then for any ho which satisfies
ho > ao(logn)™ (3.12)

for a chosen positive constant ap the manifold averaged estimator satisfies:

23 .
sup E((f3"(a: [2]7) = 7 (2))*)n T (logmy ™l < 4y (3.13)
€
for a positive constant CY.

Proof. We have the usual bias-variance decomposition of the MSE:

E((fYVE(a; [2]f) - f(2))?) = Bias(fy VB (a; [2]))? + Var(fYAVE (2;[2]5))  (3.14)

Now we can use the independence of the estimates f,(v;) (which follows from the strict

locality of f,, and the 2h-spacing from the construction of the v;) to bound the variance:

Var( 3 s ] ) = Var (! 3 fu(w) (3.15)
= m-2Var( f; fa(v3)) (3.16)
=m™' sup  Var(fu(v)) (3.17)
veB(z,ho)
gnf4;%E (3.18)

As for the bias term, we have:

Bias( Y (i [2])) = ! 3 ) - £(2) (3.19)
<m! in;Bias( £(03)) (3.20)
< Bh* (3.21)
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3.3 Manifold AVeraged Estimator (M AVE)

For n large enough that ho < r(x,[x]f), we can then use the bound on m given in Proposition
31 to find:

B @i )) = @) < B s min (1)) @22)

< B*h?P &+

: (3.23)
nhd-dim[z]; thlm[m]f

S T 2
When h = an ***4™l; the first term decays at the rate n 2?*~l*ls " and the second

28 .
T 2B+d—dim[z] —dim[z]
! hO

decays at the rate n ! for any choice of ho. When ho > ap(logn)™?, and

since these bounds are uniform in f, we get the desired result. O

3.3.3 Robustness to the Choice of Manifold

The previous result relies heavily on the fact that we pick points that are precisely on the level
set [x]f. In practice, we do not know this level set and so we now consider the performance
of this estimator over other choices of manifold to estimate over. Suppose that M is any
submanifold of [0,1]¢ and suppose that {v;} are points in M picked via the method in Section
3.3.1. We allow M to be a random variable so long as it is independent of the data used to
estimate each f,(v;). Then the bias of the MAVE has:

E(fan(vi) | vi) = f(vi) + f(vi) = f(2))] (3.24)

Mz

~
Il
—_

L
m

‘E(% ifn,h(vi) | {vi}) - f(2)] =

<

L
m

M

1l
=

E(fun(os) [0) - fwi)]+ L i () - F(2)]

)

Average Bias of LPE Average Bias of Level Set Est.
(3.25)

If M =[z]f, we would have the second term vanish and the results of the previous section

would hold. As for the variance, we still have:

Var(L i Fon(0i) | {vi}) =m2 fl Cov( Fun(vi). fun(vy) | {01)) (3.26)
= SV (1) | () (3:27)
<m™! 8161)13 Var( f,,n()) (3.28)

because of the 2h-spacing of v; and v; and the independence condition on the base estimator
regardless of M—its only affect is through the number of points m. Now using the pointwise

bounds on the bias and variance from assumption set (E), we see that the pointwise risk of
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the MAVE is:
B 3 ) = 1)) =E(B(G 35 Fan(wn) = F@)? | (:}2) (3.20)

= E(Bias(;; ifn,h(vi) | {vi}21)? + Var(m ™! ifn,h(vi) | {vi}i2))

(3.30)
SE((Bh5+m—1§‘f(vi) —f(m)‘)2+%) (3.31)
- 2B + VB (m) + 2E( (4 il e -f@))) 68

using the sum of squares inequality. Thus, understanding the pointwise risk requires control

of the first two moments of the error term

IVE

2= %3110 - () (3.3

that depends on M. When 3 > 1 we can use the Lipschitz bound for each term in the sum, but
this would be far from optimal. First replace z with the nearest point u; = arginf,[,] fd(vz-, u)
in the level set [x], for which by definition f(z) = f(u;). This gives:

M

1l
—_

Z< Ld(vi,u;) <L  sup  d(v,[z]y) (3.34)

1
m
veMnB(z,ho)

K3
where M n B(z,ho) is the estimated level set we average over, and dp,,. For notational
convenience we define: dg p, (M, [x]f) = SUD, v 1Bz ) d(v,[x]f). See Figure 3.2 for a
visualisation of this distance between these manifolds.

Therefore, if we use the assumptions set (E), we have the following bound on the MSE:

MSE(fYAVE (z,M)) <2B*P + Y E(m™) + 2L%E(dy p, (M, [2]1)?) (3.35)

n

If M is of the same dimension as [z ] (usually d—1 for regular level sets of sufficiently smooth
f), then E(m™!) is usually unaffected by the choice of M; if ho - 0 and h/ho — 0 then
E(m™) 2 (ho/h)™M hecause M n B(x, ho) will converge its tangent space on this ball.
Therefore, the robustness to the choice of M depends almost entirely on E(dx,ho(M ] f)2).

3.3.4 Increasing the Number of Averaging Points

So far we have ensured that the averaging points {v;} are 2h-separated so that we can use
the independence of the estimates f,(v;). We now examine what happens if we reduce the

spacing of these points so that we average over more of them. This of course introduces

52



3.3 Manifold AVeraged Estimator (M AVE)

dac,ho(Ma [x]f) = d(uvv) LT ‘\\\\
,u

Iy

Fig. 3.2 A visualisation of the distance function d, (M, [z]f) for a circular [x];
and elliptical M in red that meet at x. The distance between these manifolds is
given by the distance d(u,v) where the supremums are achieved, shown in blue.

correlation that we have to quantify.

Suppose that {v;} is now constructed with n spacing, but the independence radius of
assumption (E2) is still 2h. Then

Var(mfli fa(vi)) =m™? i Cov(fn(vi), fu(v;)) <m™2 i piiV' (3.36)
i=1 i,j=1 i,j=1
using the Cauchy-Schwarz inequality and the bound Var(f,(v)) < sup,cx V/|B(v,h) nDx| =
V' from assumption (E3) (note that all such balls will contain O(nh?) = O(n?#/(2#+1)) points
with a rectangular design regime when (> d). Here p;; is the correlation between f,(v;) and
fn(vj), which is clearly bounded above by 1 for all  and j, and is equal to 0 if d(v;,v;) > 2h.
Thus, we can bound:

m Zl pij <m™t Z;m‘l Zl Lius.0;)<on =" _z; {v; :v; € B(v;,2h)}| (3.37)
1,)= 1= 7= 1=

As 1 — 0, the number of points v; in the ball B(v;,2h) is bounded above by the number of
points a; in the ball B(a;,2h), which has:

. VOngc[z] (B(ai,Qh)ﬂB(I,ho))
l{a; : aj € B(a;,2h)}| - Voliw[x]f(B(x,ho))

(3.38)
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where the volume is the volume of the intersection with tangent space (measured with respect

to Lebesgue measure on this linear tangent space). This gives the bound:

m M Voli,1, (B(vi,2h)nB(z,ho)) m di i
) -1 []f is ) 1 h \dim[x]f h \dim[z]f
m Y pig <com” Y Vol.y, (B(#.h0)) <em” ), (E) < Cl(%)
i,j=1 i=1 I i=1

(3.39)
for positive constants cg and ¢;. This bound means that we can take the spacing n — 0 and
maintain the same rates as Theorem 25: the variance term will still decay at the rate of
n~ 1 pd-dim{z]y h(éim[x]f even if the averaging points are not 2h spaced. This result says that the
locality of f,, allows for dimension reduction as long as the averaging points are sufficiently

evenly spaced out.

3.4 Estimation of the Level Sets

We now seek to answer the question: under what conditions can we estimate [z]; fast enough
to ensure that MSE(fMAVE (g, [T):]\f)) is faster than the minimax rate for the Holder class
F(L,B)? We can answer this question for a particularly simple plug in estimator of [z]¢,
and achieve the rates of the oracle that knows [z] up to a poly-logarithmic factor. This does

rely on a particularly strong condition, but one that is natural for the Holder class F(L, 3).

3.4.1 Local Polynomial Level Set Estimation

Perhaps the simplest estimator of [x]f is the plug in estimator [x];, for an estimator f,, of
f. In our case we will use a local polynomial estimator with bandwidth ho, denoted p,, to
distinguish it from the estimator f, used in the averaging. Suppose that f agrees with a
polynomial p(v) = Uy hy, (v)0p 5k, on a ball B(x, H) for some positive H, i.e. f(v) = p(v)
for all v e B(xz, H). By definition, we know that if hp < H then for all v e B(z,hp) :

P (v) = p(0)] = Uz (V) Op,zh = Oprosne ) < VEOp2ho = O |12 (3.40)

Set w; = arginfye[4],nB(x,ho) A(Vi;u). Then

Ip(vi) = ()] < [p(vi) = pu(vi)| + [pn(vi) — p(us)] (3.41)
<Ip(vi) = pr(vi)| + [pn(z) - p(2)] (3.42)
<2V, o = Opa o 2 (3.43)

because v; € [x]p, and u; € [2],. Now since v; —u; is orthogonal to the tangent space of [z],

at u; (a necessary condition to be a minimum of the distance), and assuming that the level
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set is regular, we know that %‘u.(vi —u;) is non-zero, and that:

Ip(vi) - pus)| ~ |32 o, (Wi = ug) | x d(vi, uy) (3.44)

by considering the first order Taylor expansion of p around u;. As |v; —u;|2 — 0 this
approximation will be the dominant term, and so we must have d(v;,u;) < Clp(v;) — p(u;)| <
ClBuhe - /333,110 |2 for some positive constant C (that will depend on f and p) for sufficiently

small distances. Therefore we have:

A CO
E(dm,ho([$]pna [l']f)2) = E(dx,ho([x]pna [:E]p)Q) < C2E(”9 x,ho — ep,:c,ho HQ) < W (345)
O
using the result of convergence of the polynomial coefficients in section 2.1. Thus, we have
the following result for the pointwise mean squared error of the MAVE using this estimate of
the level set [z];.

Theorem 26. Suppose that [ agrees with a polynomial p on some ball B(xz, H) for some
positive H. Suppose that x € (0,1)% is a point on a regular level set of f. Let f,, be a local
polynomial estimator of degree k =[] -1 that uses a rectangular kernel and the bandwidth
h= an_%, and let p, be a local polynomial estimator of degree k and that uses the bandwidth
ho = ap(logn)™ for positive a,ap,a. Suppose that f, and p, are independent, using iid
copies of D. Then for sufficiently large n such that assumption set (E) holds and than ho < H

we have:
MSE(fMAVE (2, [2],.)) < Con” 5577 (logn) 4D/ (3.46)

for a positive constant C\.

Proof. We know from the previous analysis that:
MSE(fY "V (z,[2]p,)) < 2BR* + L E(m™) + 2L°E(dy g, ([2]p,, [2]7)?)  (3.47)

Recall that r(z, M) is the shadow radius of M at the points x. From Proposition 31, we
know:

m =m(x,h, M) > max (1, (%)dim[m]”) (3.48)

Thus, we have the upper bound:

E(m™) < E( min (1, (;m25) ")) (3.49)
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Since dy p, ([2]pn, [2]p) = 0, h/ho — 0, and ho — 0, we know that r(x, M) will eventually

scale with hp exactly and the minimum will be the second term. Thus we would have:
-1 2h \dim[z]p
E(m™) < (3%) (3.50)

Since [z], is a regular level set of an infinitely differentiable function, we know that it has di-

mension d-1 by the regular level set theorem. This, plus the bound on E(dy pe, ([2]p,., [2])?) <

Co

—0- gives:
nhg,

MSE(FMAVE (g, [2],,)) < Cih% + —Car 5

Tt — T (3.51)
n nhhg nhO

28 28
< C1n” 254 + Con 29+ (log n) T/ 4 Can (logn) Y™ (3.52)

The middle term will dominate the rate, giving the result. O

The condition that f agrees with a polynomial is quite strong. If we knew that this were true,
then we would simply use a polynomial regressor with the data in By (x, H) and achieve the
optimal parametric rate of n~!. This result says that we will come much closer to this rate
using the MAVE with a plug in estimator of the level set, relative to a minimax optimal
nonparametric LPE which would only converge at the rate n~28/(26+d) \ethods that improve
on this by adaption to the true maximal smoothness of f will eventually take bandwidths
with the same behaviour and achieve nearly parametric rates. It is interesting to see that
focusing on the dimension via the level sets of f leads to nearly the same rates in this case.
This assumption is natural for the Holder class—these are functions that look locally very
much like their Taylor series of degree k. We will examine the robustness of this estimator to

violations of this assumption in the numerical experiments.

3.5 Numerical Experiments

We will consider the same setup for three examples of functions all within the Holder class
F(L,3). This allows us to examine the pointswise MSE under the conditions of Theorem
26 as well as a mild violation and a major violation of these assumptions. We examine the
performance of the MAVE using the optimal choice of bandwidth against a baseline LPE
with optimal choice of bandwidth. All fitted polynomials are degree 2 as determined by the

class. We generated data from the model:

Y; = fj(XZ) +€; (353)
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Fig. 3.3 The pointwise Mean Squared Error (MSE) for the estimator
fMAVE (g [2],,) at the point zg = (0.5,0.5).

with X; chosen on the rectangular grid and ¢; N (0,0?). The three functions examined are
fi:R* > R:

fi(z) =sin (27z2) (3.54)
fo(x) =sin (2m\/ (22 + 0.823)) (3.55)
f3(z) =sin (27 |z[2) + 0.4 cos(z1) (3.56)

These exhibit differing behaviours: f; has level sets that are described by circles; fs also has
varietal level sets but now they are elliptical; and f3 has level sets that deviate from this

structure. The performance is judged by the MSE at the point xo = (0.5,0.5), i.e.:

Ri(f)'YVE 20) = Eyp, ((fYVE (20, [%0]p,) — fi(20))?) (3.57)

where the subscript f; corresponds to data generated using this regression function in the
non-parametric regression model. The sample sizes used range are n = 200, 500, 1000, 2000.
The noise standard deviation is o = 0.1. The MSE at x( for these estimators are plotted in
Figure 3.3, on a log / log scale. We see that the MAVE using the estimated level set is nearly
always an improvement on the baseline. It performs best when the level sets are most easily

estimated.

3.6 Discussion

This method opens up new ways to reduce the dimension of the regression problem in many
nonparametric contexts. It can achieve dimension reduction for sparse functions as well as
for many functions with non-linear level sets. The key now is to find the optimal way to
estimate [2]; with respect to the loss function d 4, ([#]f, A). The plug-in estimator could be

improved in many ways, one of which we suggest below. This problem is likely very difficult
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Regression Using Level Sets

in full generality because derivatives are statistically harder to estimate that the original
function?, so we can instead focus on specific hypothesis classes that impose more structure
on [x]f explicitly rather than on f (as we have done in this chapter). Some natural classes

to consider are:

o functions with level sets that are described by the zero-set of a polynomial equation,

ie. [z]f={ueX :p(u)=0} for some polynomial p;
o functions with level sets that have bounded curvature;
o functions with level sets that described by the orbits of a group G acting on X’;

This last example is the focus of the rest of this thesis. In the following chapters we will
show that this class is simple enough to estimate the true level sets using a straight forward

M-estimator, and that this leads to adaptive dimension reduction.

It is important to note that this idea cannot lead to an improvement in the rate of estimation
uniformly over our functional hypothesis class; it cannot contradict the well established
minimax rates. The analysis presented in this chapter avoids this because it only applies
pointwise to regular points of the regression function—if we try to estimate at an isolated
critical point then the level set is 0 dimensional and we have no improvement in the rate. This
means that the worst case risk of the MAVE, i.e., sup .z MSE(fMAVE (g, [x])), is still on

the order of n_% (which is why the rates depend on f in the statement of Theorem 25).
Even in these cases the process of estimating level sets and using the MAVE on these level
sets is a novel method of re-balancing the bias-variance tradeoff in nonparametric regression.
In the same way that not all functions are additive but additive models are still useful for
generic nonparametric regression, level set based models can be useful in general even when
the level sets of the regression function are not precisely in a hypothesis class of level sets

considered.

This method also demonstrates an interesting relationship between the smoothness of the
functional class and the dimension of its domain: having enough derivatives allows for the
dimension reduction to work. As mentioned in section 3 we have so far considered only
classes with many derivatives, but it also holds for some other classes with minor adaption.

The main roadblocks are:
1) we lose the guarantee of regular level sets; and

2) the number of datapoints in the balls B(v;, h) can decrease with n rather than increase.

*See Stone [1982], the minimax rate of estimating the k' derivative of a function in the Hélder class is
2(6-k)
n~ 2B8+d |,
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3.6 Discussion

The first is only a minor issue—we would only consider removing the dimensions of the level
set rather than assuming that there are d—1 of them. This would make the search for unknown
level sets computationally harder but not statistically harder as there are only finitely many
possible dimensions to consider. This is part of the analysis required in the following chapter.
The second is more of a problem: if 3 < dim[x];/2 and h x n~Y/(ZF+d=dimlz]s) then npd - 0,
and so the assumptions in set (E) would fail for most standard estimators and most design
regimes. This can be solved for specific estimators such as a local constant estimator when
B =1 by averaging only over the estimates f,(v;) for which B(v;,h) contains at least one
datapoint X;. For most design regimes (e.g., rectangular grids or U([0,1]%)) we would then
still expect that we are averaging over mnh? = n~2P/(2f+d-dim[z]s) qatapoints leading to the

fast rate for this case even when § < dim[x];.
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Chapter 4

M-Estimation of Maximal

Symmetries

This chapter is based on the paper Christie and Aston [2024a]. We consider structured classes
of level sets where they all obey the same global structure: [z]f={g-u:geG,ueU} for
some closed set U ¢ X. The class of level set structures is thus indexed by the groups G
considered, and so the level set estimation problem is one of symmetry estimation. We show
that estimation in this class is fast enough to achieve adaptive dimension reduction under

much weaker assumptions on f than the previous chapter.

Fully generic estimation of level sets as in the previous chapter may be too slow to achieve
dimension adaptive estimation, so we now focus in on specific class of level sets where
estimation is sufficiently fast. This is exactly what is done with methods that utilise covariate
sparsity. If f depends only on some subset of the covariates then it must have a level set
that contains the hyperplane spanned by the remaining basis vectors. The dimensions of
this hyperplane are the dimensions removed from the rate of estimation of f. However this
is far from the broadest class of possible level sets. In particular the MAVE allows us to
consider non-linear level sets, so in this chapter we generalise the notion of covariate sparsity
to that of symmetry. The level sets will now contain the orbits of group actions, and the
class of possible level sets will be the set of subgroups of a search group G. Thus the level set

estimation becomes one of symmetry estimation.

4.1 Introduction

Symmetries are ubiquitous across statistics in fields ranging from time series obeying season-
ality to rotation invariant protein volume estimation [Jiang and Tang, 2017]. In regression,
symmetry is taking hold across literature in neural networks [Kondor and Trivedi, 2018, Bron-

stein et al., 2021], and generalises several structures that are well studied such as covariate
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sparsity and multi-index models (see Examples 27 and 28 below). Lie groups were initially
conceived to study the properties of differential equations [Hawkins, 2012]; now in statistics
we have an opportunity to use these mathematical tools to better understand problems in

regression and beyond.

The key idea is that if G is a set of differentiable bijections ¢ : X - X of the d-dimensional
covariate space X, and the regression function f: X - R is G-invariant, i.e., it obeys the
invariance rule f(x) = f(¢(z)) for all ¢ € G and = € X, then we can use estimates of each
f(p(x)) for ¢ € G to construct a lower variance estimator of f(z) without introducing bias.
We call the set {¢(z) : ¢ € G} the orbit of z under G, written [x]g, and when this set is
smooth and has positive dimension' d° we might hope that the new estimate has a worst
case risk decay with d replaced by d — d®. This is a special case of the structure in the

previous section, as the orbits are contained in the level sets of any G-invariant f.

To construct an estimator with the rate corresponding to the lower dimensional space,
we apply a symmetrisation operator to any existing estimator f, satisfying some optimality
conditions akin to local polynomial regressors. These operators average f,, over the orbits
[2]G using some chosen distribution on the set G. For example, f,(z) =m ™' Y7 fu(di(z))
is an estimator that averages using the uniform distribution on a set of transformations
{¢i}1", € G for a chosen m. This set could be chosen deterministically, as in Section 4.2.1 (a
slightly modified MAVE), or could be sampled uniformly from G (or a compact neighbourhood
of e € G) as in Section 4.2.4.

In an ideal world, where each estimate f,,(¢;(z)) is guaranteed to be independent, this would
cut the variance by a factor of m. When f is G-invariant, it does so without introducing bias.
This is the situation in Figure 4.1. The first results of this chapter show that this is true
even when dependence considerations are taken into account, and quantifies the asymptotic
bias introduced when f is not G-invariant. This allows us to re-optimise the bias-variance

trade-off and achieve faster convergence to f, if it is G-invariant.

However, if the symmetry G is not known, we must instead seek to estimate it from the data.
Specifically, if G is a large set of possible transformations, then can we estimate the maximal
subset G € G for which f is Gg-invariant? If Go can be estimated sufficiently quickly, then
an estimate that uses this symmetry could adapt to the symmetry of f, and provide rates of
the form:

28
sup  E([f, o~ fI3)n* "0 <C (4.1)
FeF(LB)

Lthe principal orbit theorem ensures that almost all orbits [z]e have the same dimension in many of the
cases we consider, see Section 2.3.
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Fig. 4.1 Sub-figure (a) shows a heatmap of a regression function f : R? — R.
Sub-figure (b) depicts the dashed closed ball of radius h around the point x € X
and locations of some covariates, the data inside which (filled blue circles) are used
to estimate f(x) with a local polynomial estimator f, with a kernel with support
contained in this ball. The data outside this ball (red squares) are not used to
estimate f(x). Sub-figure (c) depicts our estimator which symmetrises with respect
to G = {Rotations around 0}, using multiple balls of smaller radius with centres
¢i(z) spaced around the orbit [z]q, chosen using the method descried in Section
4.2.1. Note that these need not be evenly spaced, nor cover the entire orbit. The
symmetrised estimator uses more of the data points to estimate f(z), and excludes
one point that was previously used, shown by the colour changes.

where f ~ is an estimator symmetrised with the estimated transformations. This situation
is the focus of this chapter: we give a (two-step) M-estimator? of Gy and show that using

this estimated symmetry can achieve adaptive rates of the form of equation (4.1).

This is done through understanding the set G as a group, the mathematical objects used
to describe symmetries. We can do this because if f is G-invariant in the sense above then
f is also invariant to the sets of inverses {¢ ' : ¢ € G} and compositions {¢p o) : ¢, € G}.
This description is used to reduce the search space from the set of subsets of G' to the much
smaller set of closed, connected subgroups of GG, and to keep the language in this chapter
consistent with the machine learning and mathematical literature. We have aimed to keep
the level of group theory background required to a minimum in this chapter, introducing
any concepts needed. Most of the proofs rely only on elementary probability theory and
linear analysis, and on the geometric properties of the orbits. We now demonstrate how this

generalises many usual structures in nonparametric regression across several examples.

Example 27 (Covariate Sparsity). Suppose that X = RP and let G be the set of translations
{¢g: x> x+g}. Suppose that the regression function f: X — R is s-sparse, i.e., there are

(p—s) coordinate positions i that f does not depend on, so f(x+ae;) = f(x) for all a € R and

2In the sense of Van der Vaart [2000], chapter 5.
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standard basis vectors e; for these positions i. This is precisely the definition of invariance to

the subgroups of G given by the R-span of e, .

Example 28 (Multi-Index Models). In the context of the previous example, there are of
course many other subgroups of G that f could be invariant to, for example translations by the
hyperplane orthogonal to the vector 15 =(1,...,1). A function invariant to this subgroup must
be of the form f(x1,...,2q) = fa(z1+ - +xq), as the function’s value at off diagonal inputs
are completely determined by value at the projection to the line through 14. Thus functions
that are invariant to such subgroups are examples of the multi-index structure f(x) = h(Tx)
for a orthogonal projection T : R® — R™ as described in Hristache et al. [2001], in this case
with T =17.

Example 29 (Compact Sparsity). The previous example is not an example of a compact
group action, but is very related to this example where we consider the compact domain
[0,1]% rather than RY. Now consider the action of the d-torus T? = {¢,: g € [0,1)?} given by

translations modulo the integer grid:

dg(x) = (g1 +x1— g1 + 1), 94+ 2q — |ga + xa)) (4.2)

for all x € [0,1)¢, and ¢g(x) = = for all other x. In this case continuous functions that
are invariant to the span of ¢., are also sparse, in the sense that they do not depend on
the variable in the i*" position. The only difference to the previous examples is now the
group T? is compact (note that the topology on this set identifies the boundaries, so it is
homeomorphic to a product of two circles), which can make the search for the mazimal

subgroup computationally easier.

Example 30 (3D Rotations). Suppose that X = Bgs(0,1), the closed unit ball in R®. Let
G = SO(3) = {rotations around 0}. Any function f that is invariant to G depends only on
lz]2, such a function is not covariate sparse but does only depend on a lower dimensional
projection—a non-linear one in this case. If f is invariant to the subgroup of rotations
around the x azis, denoted S., then f depends only on x1 and \/W, a two dimensional
non-linear projection. This also generalises to higher dimensions, where the groups SO(d)

refer to rotations around the origin in d-dimensions.

4.1.1 Main Contributions

We now state the results in this chapter in technical language. All terms with definitions
contained in the background material are italicised here. Suppose that X is a closed subset
of R? with non-trivial Lebesgue volume, or any d-dimensional manifold, and let G be a
locally compact Lie group acting smoothly, faithfully, and properly on X. Let F(L,[3) be the

Hélder class of functions on X. Suppose that we have collected independent and identically
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distributed (iid) data D = {(X;,Y;)}", with Y; = f(X;) + € where E(¢;) = 0 and Var(e;) = 02,
and with X; and ¢; independent. Suppose that f, is a rate optimal estimator over the
hypothesis class F(L,3), such as a local polynomial regressor of degree ¢ = [3] - 1. Let
S, L*(X) - L?(X) be the partial symmetrisation operator given by the orbit average
S,f =E(f(g-z)) when g ~ p for any distribution p on the group G. For each f € F, let

Gmax(f,G) be the unique mazimal invariant subgroup of f. In this chapter:

1) we construct Partially Symmetrised Estimators S, f, using specific deterministic
discrete distributions p(G) on each closed subgroup G < G for which we obtain pointwise
bounds for all z € X

___ 28
sup E((Sp((;)fn(l') - Sp(G)f(x))Q) <Cggn 28+d-d¢ (4.3)
feF(L,B)

for positive constants Cg , that do not depend on f or n, and where d% is the dimension

of a principal orbit of G;

2) we show that when 2 ¢ X' is compact and p-measurable we also obtain the integrated

risk bound

___ 28
sup  E((Sp(a)fn(X) = Sp(c f(X))? | X € Q) < Cgan 2+4-1 (4.4)
JeF(L,B)

where Cg o =E(Cg x | X € Q) < oo for X ~ y;

3) we show that equation (4.3) holds when p(G) is replaced by the uniform distribution
U(G) for compact groups G, and with a the Monte-Carlo estimate with {g;}/"; sampled
uniformly from the group, when pu is G-invariant. This means in practice we do not need
the explicit distributions pg for these groups. As a special case, when f is G-invariant
this recovers the rates of Tahmasebi and Jegelka [2023] as a corollary, though in a slightly

different context;

4) we develop a metric structure on the set of closed subgroups K(G) = {G: G <G}, and
show that the asymptotic bias of the partially symmetrised estimators S, fn is locally
Holder continuous in this metric, when the distributions p(G) each has compact support

contained in G;

5) we show that when Q2 € X is compact closure of an open subset we can compute an Error
Minimising Symmetry G, an estimator of Gmax(f,G), and that the Best Symmetric
Estimator Sp(é) fn achieves the adaption property:

2/8(2CG’Q+4L)
w(Q2)(26+d)

(4.5)

28
sup E((Sp(@)fn(X)—f(X))z | X € Q)n26+i-amaxt9 < sup 20 0+2+
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achieving the goal described in equation (4.1). This requires that the action of G is

Lipschitz with respect to the chosen distance on the group.

Each result here assumes mild and standard conditions on the base estimator f,, and on
the group action, which are given explicitly in the assumption sets (E) and (Q) later. The
key assumptions of the problem are that the distribution p is not concentrated around the
singularities of the action, that 8 is at least dim[xz]g/2, and that we have a baseline estimator
frn that is sufficiently local, in the same way local polynomial estimators using kernels with

compact support are, and minimax optimal for the class F(L, 3).

4.2 Estimation using a Particular Symmetry

We now turn to the statistical problem of estimating f from within the Holder function
class F(L,B) ¢ L*(X) using an iid sample {(X;,Y;)}", with E(Y; | X;) = f(X;) and
Var(Y; | X;) = 02 < co. This will be done using the same idea as the MAVE from the previous
chapter, but the results here are extended to the random design regime and to integrated

risk using the additional structure of the orbital level sets.

Let G be any locally compact Lie group acting smoothly, properly, and faithfully on X
and let U € GG be a compact set with nonempty interior containing the identity. Suppose that
fn is an estimator for f that is minimax optimal for the class F(L,3), that we will call the
base estimator. We will first, for each point x € X', construct a discrete distribution py,
with support contained in U and consider the Partially Symmetric Estimator Sy fn(x). We

will establish point-wise bounds:

sup  E((Sps, fu(2) = Sy, [ (2))?) < Caadf " (4.6)
JeF(L,B)

G 28
where qbﬁ’d_d =n 26+d-a% and d% = dim[z]g for any principal orbit [2]g. We will then show
that these can be integrated under some conditions on the group action. Note that this estima-
tor will not converge to f unless f is G-invariant so these are not always true risk bounds, but

they are useful for understanding the convergence of these estimators to their asymptotic bias.

For G-invariant f, this is perhaps the expected rate that would be achieved by project-
ing the covariates to the quotient space X' /G and regressing the response against these orbits
(of course, proving this would require a mild treatment of the topological conditions of the
quotient space X' /G and then applications of standard theorems). For the non G-invariant f,
it is non-obvious that we can apply usual results because we do not observe iid data with
conditional mean Sz f - the distribution is very much affected by the averaging over the

orbits.
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4.2.1 Defining Partially Symmetrised Estimators

In this section, we give an explicit construction for Partially® Symmetrised Estimators, as
described above. The main choice to make is the distribution p to be used to partially
symmetrise the base estimator f,,. We will do this by constructing a set of m points ¢° € G
and take p = U({g'}). This must balance two goals: we want as many points as possible
around [z]g in order to maximise the variance reduction, but would like the estimators
fn(g® - 2) to be independent for theoretical tractability. In order to achieve this, we pick
the a large number of points m such that we can guarantee that By (g’ -z, h) are pairwise
disjoint for all 4, j for a chosen bandwidth h > 0. This is done by examining the geometry of
the orbit [z]¢, which is a smoothly embedded sub-manifold of X under our conditions on

the group action. These ¢° depend on  and h, so we add subscripts to remind us of this choice.

To construct the set {g; 5t first isometrically embed X in R? for some ¢ € N, and consider all
points in X and T,[z]¢s via this embedding. Since U € G is a compact neighbourhood of the
identity, [z]y = {g-x € X : g€ U} is a compact sub-manifold of [2]s of the same dimension.
Let W;LEI]U be the largest hypercube in Ty [x]y that is contained in the orthogonal projection
of [z]y onto Ty[x]y. Let RV be the side length of the hypercube WL If the orbit is
0-dimensional, as with the trivial group I = {e}, then we take Rg[cx]U =1. We construct the

group elements giy ,, as follows:
(i) Pick a maximal grid {a;}}"; in W such that d(ai,a;) > 2h whenever i # j;

(ii) Orthogonally (with respect to T, [x]r) project this grid onto [z]r, giving a set {u;}/* €
[]v; and

(iii) Pick any® gfc , € U such that ¢° , -z = u.

This allows us to define the symmetrising distribution p;,, as the uniform distribution on
the set {gi,h}’ which has size m (which depends on z, h, and U implicitly). This process is
depicted in Figure 4.2 for an example with G the special orthogonal group of 2D rotations,
SO(2). We use this choice of p to construct the partial symmetrisation operator S,z , and
apply this to the chosen base estimator f, to construct the Partially Symmetrised Esti-
mator S,  f,. This is only a slight modification of the MAVE from the previous chapter,
where the level set []f is replaced with the orbit [z]q.

The first step to analysing the partially symmetrised estimator requires us to prove the

following lower bound on m and confirm that the points are sufficiently spaced around [z]y.

3The name partial comes from the fact that Spe may not project f, to the space of G-invariant functions,
as noted in Section 2.4.
“Note that there can be more than one option if the stabiliser G = {g€ G : g-x = x} is non trivial.
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Fig. 4.2 The orbit of z € R? under the action of G' = SO(2), along with the points
{a;} and {u; = g. ;, - «} that will be used to partially symmetrise the estimator f,.
This is the same picture as Figure 3.1 but relabelled for the case of symmetry.

Proposition 31. For all z € X and h >0 we have m > max(1, (R:Ef]U(Qh)—l)dim[x]U), and
dx (g, h'x,gih-x) > 2h whenever i # j.

4.2.2 Pointwise Convergence Rates of Partially Symmetrised Estimators

Symmetrised estimators improve convergence because symmetrisation operators can have
minimal effect on the bias (even none when f is G-invariant), but the variance can be
dramatically reduced. This allows for a re-optimisation of the bias-variance trade-off for a
faster converging estimator. This is formalised in this section, which requires us to make
some assumptions on the base estimator f,, the bandwidth h,,, and later on the group action.

Recall from Section 3.3 assumption set (E):

Assumption set (E):

(E1) (Strict Locality) Conditioned on Dy, f,(z) and f,(y) are independent whenever
d(z,y) > 2h;

(E2) (Default Value) If the ball By (z,h) contains no X;, then f,(z) = 0;

(E3) (Optimality) There exist positive constants B,V € R,q, such that for all f € F, for

p-almost all x, and for all n:

(a) (Bias) If By (z,h) nDx is non-empty, then |E(f,(z) | Dx) - f(x)| < BR®; and
(b) (Variance) If By (x,h) nDx is non-empty, then Var(f,(z) | Dx) < W‘fi)ﬁ%'

Alongside these we introduce the further condition on optimality to ensure that the random

deign regime we now also consider are amenable.
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(E3) (Optimality) There exists a positive constant C € R, such that for all f e F, for

p-almost all x, and for all n:

(c) (Risk) E((fu(2) = f(2))?) < C(B*h** + V (nu(Ba (x,h)))™)

This is clearly satisfied by fixed design regimes and estimators that satisfy (E3a) and (E3b)
and so this is just a statement that the random design regimes do not introduce too much

variance to the estimator.

We will also require the following conditions that relate the geometry of the (partial)-

orbits [z]y to the measure p and to the smoothness of the regression function.
Assumption set (Q):
(Q1) E((RE‘(X]U)’dc) < oo, where X ~ pu; and

(Q2) d“ < 28.

Condition (Q1) says that the distribution p is not overly concentrated around any singularities
of the action. This is satisfied in many normal situations, as shown in the example below. We
also show that in some cases this is not satisfied. The second condition, (Q2), ensures that
the new optimal bandwidth selection rule does not cause the variance of f, to increase too
rapidly. When d“ > 2/ the bound on the variance of the original estimator f, in (E2) can in
fact increase with n. This is balanced by averaging over O(h’dc) more points, resulting in
the overall reduction in variance. However, if d“ > 23 then we are saying that the number
of points in each local ball B(z,h) will not increase with n when h = an™"/ (28+d-d%) fo;
some @ > 0, which causes many estimators to fail assumption set (E) (for example, a local
polynomial estimator might fail to even exist without local data). This assumption is a slight
weakening of the assumption that 8 > d from the previous chapter, and we will discuss the
effect of low [ in Section 4.5.

Example 32 (Example of Assumption (Q1)). Consider the action of G = SO(3) on X =R3
by rotations, and since G is compact we take U = G. The orbit of x € X is the sphere of
radius ||z, which means that REEI]G = 2| z|2 for all x € R3. We will consider three possible
distributions of X all centered at the singularity of this action, the origin. If u is a standard
Gaussian distribution on X, i.e., X ~ N(0,13), then | X |3 ~ x3. The regular points of the

action are the non-zero points of X, and d% = 2. Thus
E((RYI9) ) =E((V2] X[2)) = 1/2 < o0 (4.7)
using the fact that if Y ~ x2 then E(1/Y) = 1/(v = 2). If p is the uniform distribution on

the unit ball then | X |2 D3 when z ~ U([0,1]) and | X |3% =3 < oo too. If instead the law
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of X has | X2|3 ~ Cauchy,(0,1), where Y ~ Cauchy, (0,1) if it is the absolute value of a

Cauchy (0, 1) variable, and is uniform in direction, then the expectation above is infinite.

These assumptions allow us to prove the following proposition bounding the point-wise
convergence rate of the partially symmetrised estimator S,m f,,(2). This is done by separate
analysis of the point-wise bias and variance of this estimator, and the results for each of these

can be found in Lemmas 45 and 46 in Section 4.6 along with the proof of this Proposition.

Proposition 33 (Point-wise MSPE of S,z f,,). Under assumption sets (E) and (@Q), in the
random design context, with the bandwidth choice h, = an~Y/(28+d-d%) for any positive a, we

have:

sup  B((Spe fu(z) = Spe f(2))?) < Caadl® (4.8)
feF(L,B)

for all n € Zsqy, where Cq . is given by:

“ Cx \T a‘i —d% %
Cow = (2B + i) + (L V(=) ¢

) (4.9)

where ¢, () = infyer cgp. In the fized design regime these bounds hold for all sufficiently large
n such that |Bx(z,h) nDx|>nu(Bx(x,h))/2.

4.2.3 Integrated Risk of Partially Symmetrised Estimators

The pointwise bound is true for almost all z € X', but not uniform because of the Rg[f]U

and c, terms. The inverse moments of RE?(]U can blow up to infinity on neighbourhoods
of singular points of the action. Assumption (Q1) controls this blow up, ensuring that p
is not too concentrated around the singularities of the action. This allows us to integrate
the pointwise bound to gain integrated rates over some Borel subset 2 ¢ X. When 2 € X is
compact, we can take ¢, to be a constant in x over {2, because its minimum over X works
in the required bound. Thus we can obtain the integrated risk in the following proposition.
Note that from here we sometimes drop the superscript = on py, when considering S,z ¢(x)

as a function of z € X.

Theorem 34 (IMSPE of S, fn). Suppose that 2 is a compact Borel subset of X such that
(Q2) holds when X is conditioned on X €Y, and suppose that ¢, = c >0 for all x € Q. Under
assumption sets (E) and (Q), with a bandwidth h,, = an~V28+d=d%) e haye:

sup  E((S,x fa(X) = Spx [(X))?| X €Q) < O g0t (4.10)
feF(L,B)
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where x is any reqular point of the action, and Cg .o =E(Cg x | X € Q) < oo where X ~ p. In

particular, when X is compact, we have:

e
sup (S, fn = Sp,. f13) < Ca ¢y~ (4.11)
feF(L,B)
where Cq = E(Cg x) < 0o. These results also hold in the fized design regime for sufficiently
large n that |Bx(x,h) nDx|>nu(Bx(x,h))/2

The condition that assumption (Q2) holds when conditioned on X € 2 holds in almost all
interested cases, for example, when Q is a d-dimensional unit hypercube in R? when G = R¢

acts by translation.

4.2.4 Computing Partial Symmetrisation Operators

The explicit construction of pf, is always possible given any point x € X', the bandwidth £,
the group G, and its action on X, however, it requires computational effort in the general
case—especially when the orbits are non-linear. We now show that in some cases we can

compute these averaging operators quickly by using the specific structure of the group action.

Covariate Sparsity - Linear Orbits

Recall Example 27, where we show that covariate sparsity in non-parametric regression is a
special case of a translation symmetry. Specifically, in this case G = R? acts on X = R? by
translation and the covariates that f does not depend on can be identified with subgroups of G
of the form {ae; : a € R} for the standard basis {e;} of X. When constructing symmetrisation
operators we can instead exploit the uniform structure of the orbits of all subgroups of G.
Let U = [-1,1]%, and see that T,[x]y can be identified with U precisely (as there are only
trivial stabilisers) for all x € X. Thus a (2h)-grid on [x]y is exactly the easily computable
grid for the linear tangent space. This means that we need only one computation of the

group elements ¢ for the dataset D.

Compact Groups

In the special case of a compact group G and when y is G-invariant, we can use the properties
of the full symmetrisation operator Sg to improve on the estimator S, f,. Specifically, we
can show Sg fr () = SaSpz fn(x) by the shift invariance of the Haar measure (see the proof

of the corollary below), which gives the result:

1Sc fu(x) = Safl2=15aSp fn—SaSe fl2 <[Spz fr =S fl2 (4.12)
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because Sg is an orthogonal projection with operator norm 1. Thus the fully symmetrised
estimator Sg f,, will outperform the partially symmetrised S, f, almost surely. Thus as a

corollary to Theorem 34, we obtain:

Corollary 35 (IMSPE of Fully Symmetrised Estimators). Suppose that X and G are both
compact and that p is G-invariant. Under conditions (E) and (Q), we have that:

sip E(|Sefn - Safl2) < Caplt (4.13)
feF(L,B)

for the same constant Cg as in Theorem 34.

Now we can estimate S¢ f, with a simple Monte-Carlo estimator, where we average over M

samples of g; i U(G). This gives the estimator of f:

" 1 M
(@) = 57 ; fn(gi- ) (4.14)

which is easily computable whenever we can sample uniformly from the group. The analysis
of this estimator is simple when g is G-invariant, and achieves the same rates as S,,, f, and
Sa fn when M =n.

Corollary 36. Suppose X and G are compact, and that u is G-invariant. Under assumption
sets (E) and (Q), with M <X n, the estimator fAn,G satisfies:

sup  E(| fuc - Scfl3) < (12C +12L2 + 206 )¢ (4.15)
JeF(L,B)

where Cg is as in Proposition 34 and C is as in (ES3).

4.3 Adaption to Maximal Symmetries

We can now consider the main problem of this chapter: what is the best subset G ¢ G to
use to (partially) symmetrise f,, to best estimate f7? The first step is to note that if f is
invariant to the elements of a subset A ¢ G, then f is also the group generated by A, i.e.,
the intersection of all subgroups of G that contain A, written (A). Moreover Lemma 11
ensures that f will be invariant to the topological closure m Thus our best subset will be a
closed subgroup of G—a fact with simplifies our search remarkably to just the question: How
can we estimate the maximal invariant subgroup of f, and can we do this quickly enough to

improve the estimation of f?

Given any estimator f, that satisfies the condition set (E), the rates in the previous section

hold for the distributions p’(G) constructed point-wise in z for each closed subgroup G < G.
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So a simple two step M-estimator, where we minimise & (S oz (G) fn) over the closed subgroups
G < G, would give an estimate of the unique maximal subgroup of f, and the minimising

d,dGmax(f;g) . .
2’ . In this section we

estimator might be expected to perform with the rate ¢
should that it can be approximated by minimising over a well chosen finite set of subgroups
(that grows with n), and that the minimiser over this set accomplishes the desired property

’d_dGmax(fyg)
o

of a risk that decays with the fast rate , both globally when X is compact and

locally when it is not.

This first requires three key pieces of analysis in order to do statistics when the objects are

subgroups:

1) that we can construct a metric on the set of closed subgroups in the same way that we

must with other object oriented data analysis tasks [Marron and Dryden, 2021];
2) that this set is totally bounded in this metric®; and

3) that we can bound the asymptotic bias of f,, ¢ in terms of the distance between G and
H (for which f is H-invariant).

We denote the set of closed subgroups of G as K(G). Moreover, we will be greedy in our
estimation by further reducing the problem to just connected subgroups. This is justified
because if f is G-invariant, then f is also G’-invariant where G’ is the connected component
of the identity in G, and d“ = dim[2']¢ = dim[z]¢ for the regular points of each actions.
Therefore partial symmetrisation with respect to each of G’ and G will achieve the same

_ 4G
convergence rate ¢£’d d , though perhaps with differing constants.

With these mathematical results we can define our estimator of Guax(f,G), the Error
Minimising Symmetry, and then our estimator for f, the Best Symmetric Estimator given
by partial symmetrisation by the error minimising symmetry. We then prove that the Best

Symmetric Estimator achieves the desired adaption to the maximal symmetry of f.

4.3.1 Metrising Subgroup Space

First, recall that if (X, dx) is a metric space then the Hausdorff metric between compact

subsets A, B is given by
daus(A, B) = max ( sup inf dx (g, h),supinf dx (g, h)) (4.16)
geA heB heB 9€A

If X is a compact space, then the set of closed subsets of X is compact under this Hausdorff

metric [Henrikson, 1999]. This also means that it is totally bounded, i.e., for all € > 0 there

Srecall that a subset U of a metric space (X,dx) is totally bounded if it can be covered by a finite
number of open € balls Bx (z;,¢€) for any € > 0.

73



M-Estimation of Maximal Symmetries

are a finite number of subsets A with open balls of radius € in the Hausdorff metric that

cover the set of compact subsets.

Remark 37. Note that this is slightly different to the metric introduced in Section 3.3, which
would here measure the Hausdorff distance between orbits. Instead, here we ignore the action

and consider the distance between the group elements.

All Lie groups G can be given a metric dg(g, h), given by the length of the shortest geodesic
from ¢ to h under any chosen metric® on G. Since G is locally compact groups we can
take a compact neighbourhood U of the identity e € G. We define a finite metric dyaus(v) :
K(G)x K(G) — [0, 00) given by:

dHaus(U)(Gvﬂ) = dHaus(GmU,HmU) (4.17)

Note that since G is Hausdorff we know G nU is compact for all G € K(G), so this is well
defined. Moreover, it inherits all the metric properties of dyaus with base space U, for which
the set of closed subsets, {A ¢ U}, is compact. The subgroups K(G) can be identified with
the subsets {G nU c U} ¢ {A c U}, which means that it is totally bounded (as a subset of a
totally bounded space).

Now we need to consider how a small distance dpa,sr)(G, H) allows us to understand
the behaviour of S, (for some distribution p on G with supp(p) € U n G) over the space
of H invariant functions. This allows us to bound the asymptotic bias when considering
G-invariant estimators for an H invariant regression function f. The main requirements
are bounds on derivatives of f and of the action of G. In particular, we say that G has
a Lg-Lipshitz action on X if dx(g-x,h-x) < Lgdg(g,h) for all z € X and g,h € G (with
dg(g,h) the metric on the group G we use to compute Hausdorff distances). Since the action
of G is smooth this condition only means that the derivative of g -z with respect to g is

uniformly bounded over x € X. An example of this is the following.

Example 38 (Example of Lipschitz Action). Consider G = SO(3) acting naturally on
the closed unit ball m c R3. The Riemannian distance on G is given by dg(g,h) =
2712\ log(g~ h) |, which is equal to the (minimal magnitude) angle of the rotation g~'h
(Example 4.7 in Fletcher [2010]). Thus we have:

d(g-a,h-z)=|g-a~h-xl|z=|(I-g " h)z (4.18)

Thinking of g,h € G as matrices here. This expression is maximised when ||x|2 attains its

mazimum of 1, and this chord length is bounded by the angle between x and g~ 'h -z, so we

5When G is isomorphic to the Cartesian product of a compact group and R* for some k, then there is a
natural choice given by the unique bi-invariant Riemmanian metric, see Milnor [1976], Lemma 7.5.
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have:
d(g-z,h-x) = |(I-g " h)z]z <272 log(g7 1) |2 = dg(g, ) (4.19)

Therefore the action on this space is 1-Lipschitz.

Proposition 39. Let pg, be distributions on the groups G each with support contained in
a compact neighbourhood of the identity U, and which can be distinct for each point x € X.
Suppose that G has an Lg-Lipschitz action on X. Then for all f € F(L,[3) DL%{(X), we have:

|(Spe, () = f(@)] € LLGdpas(y (G, H)® (4.20)

for all x € X, where o = min(3,1).

4.3.2 Defining the Error Minimising Symmetries

Our goal now is to construct a finite set of closed subgroups for which the minimiser of
& (S (@) fn) over this set obtains the rate of risk decay corresponding to the maximal symmetry
of f. Recall that we need only consider the closed connected subgroups of G, as noted at the
start of section 4.3. Note that for convenience we suppress the scripts on p(G) = p7, (G). To
ensure that we capture examples for each possible rate, we first stratify the space of closed

connected subgroups of G by the dimension of the regular orbits; i.e., we define:
Ky(G) = {G € K(G) :dim[z]g =¢,G is connected}. (4.21)

Since K(G) is totally bounded under the metric di,sr) each stratum Ky(G) is totally
bounded too (as every subset of a totally bounded set is totally bounded, see Lemma 72). So
take any 6 > 0. For each ¢, pick a finite set {Gf}fﬁl such that for all G € Ky(G), there exists
a G with dy(G,G;) < 6. We then take our estimate, the (Global) Error Minimising
Symmetry of Gax(f,G) as:

Gs = argmin f(Sp(G)fn) = argmin » (V- S x/ Fa(XD))? (4.22)
Geu{GL} Geup{Gt}i=1 pm' (G)

Where the empirical error is taken from an iid copy of the dataset D used in each f,, given
by D' = {(X/,Y/)},. In the random design context this could be from a split of the data

[RE

into two iid pieces.

Example 40 (Construction of d-cover of K (SO(3))). Since dim[x]go(3) =2, there are only
three strata to cover. The easiest is Ko(SO(3)) = {SO(3)}, which is covered finitely by itself.
The subgroups in Ko(SO(3)) are all finite, and the only connected finite group is the trivial
group I. Thus we only need to really consider the stratum K;(SO(3)) which contains only
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subgroups isomorphic to the circle S*, acting rotationally around the axes u in the unit sphere
S%, s0 K1(SO(3)) = {S!:ueS?}.

Consider the distance between subgroups St and S*. For all g € St with angle ¢ € [0,7),
set hy € SL as the rotation around v with the same angle of rotation. Then consideration
of the real part of the quaternions representing these rotations, we can find dSO(g)(g, hg) =

27172| log(g~thy) | F = 0 where 6 is given by:
cos(8/2) = cos(¢/2)* + (u,v)sin($/2)* =1 - (1 - (u,v)) sin(¢/2)? > (u,v) (4.23)

when (u,v) > 0. This implies that 6 < 2arccos({u,v)) in this case, i.e., less than twice the
angle between u and v. Thus we have:
sup inf dgo(3)(9,h) < sup dso(z)(g, hg) < 2arccos((u,v)) (4.24)
geSt heS; geSl
Hence the 6-grid of K1(SO(3)) is easily given by {Siij} where {ui;} forms a 25/m grid of the
unit sphere S? under the angular metric. These wi; can in turn be generated from a 6/ grid of
angles in spherical coordinates (¢;,0;) € [0,2m) x [0, 7], with u;; = (sin 6 cos ¢, sin Osin ¢, cos ¢).

This is depicted in Figure 4.35.

Subsets of SO(3)

Closed Connected Subgroups

SO(3)e K»(SO(3))
Su® sl
o K:(S0(3))
5%3 o <6 oS, Slltl.
Ie Ko(SO(3))

Fig. 4.3 Example of the search space of the error minimising symmetry when
G =S50(3), as in Example 40. As 0 decreases, the middle stratum gains more points
in the d-cover.
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4.3.3 Global Rates for the Best Symmetric Estimator

We now can study the properties of the Best Symmetric Estimator of f:

A

f=5,6;)In (4.25)

where f,, is any estimator satisfying assumption set (E), the partial symmetrisation operators
are constructed as per section 4.2.1, é,, is a deterministically chosen hyperparameter, and
G(;n is the global error minimising symmetry as per section 4.3.2. We first consider the case
where X is compact, as with [0,1]¢, 57 and T¢. In this case the Best Symmetric Estimator

achieves the desired rates of adaption to the maximal symmetry of f.

8.d-d9 | 1/2min(8,1) i
%T) . Let {GE}, be

a finite 5-cover of the totally bounded sets Ko(G) € K(G) for £=0,...,dim[z]g. Let Gy be
the minimiser of £(fuc) over U {GP}. Then under assumptions (E) and (Q), the Best

Symmetric Estimator Sp(65 )fn achieves the rate:

Theorem 41. Let X be a compact space. Let 6, = Lél(

Es (IS, fn =~ F13)
d)ﬁ’d_damax(fag)

sup
feF(L,B)

<2(1+ sup Cg) (4.26)
GeK(G)

Under many circumstances it is possible to bound C¢ uniformly over the subgroups in K(G)
as in the example below. For this to be true, it is sufficient that ¢, (xz) = ¢ for all x € X and
E((RgﬁqU)’dc) < A for all G € K(G) for some constant A > 0.

Example 42. Consider the case of G = SO(3) acting naturally on the unit sphere S* with
a uniform p=U(S?). As shown in Example 32 we know that E((RECJSO(S))‘dim[x]sow)) =2.
The identity group has this expectation equal to 1 because R is constant. The closed connected
subgroups with dimension 1 orbits are the groups S} each isomorphic to SO(2). For reqular
points x we have R;?ll‘ = m because the orbits are circles of this radius around u. The
inner product has the same distribution as the first coordinate of X by rotational symmetry,
which is uniform on [-1,1] (a special case for U(S?)). Thus the distribution of Rf} is
triangular, with P(\/1-(z,u) < a) = a®/2 for a € [0,v/2] and thus has a linear density

function over this region. The reciprocal expectation is thus simply

1 V2 V2
E((Riﬂ)fl):j(; 2a1fRf(5(a)da:/0 2daz\/§ (4.27)

This constant is greater than for the larger action because it has more singularities (i.e., the

line through u rather than just the origin).
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4.3.4 Local Rates for the Best Locally Symmetric Estimator

In the case that X is not compact, we can still establish a similar local integrated rates.
Instead of minimising the empirical risk, we minimise over a local estimate of the integrated
error of SP@(S frn over a compact set Q= A € X for a non-empty open set A. This is slightly
more technical than the global case, but only because we have to account for the “no data”

case. Specifically, we define the Local Error Minimising Symmetry as:

A argmin éQ(Sp(G)fn) it Yy 1yreq >0
Gs(Q) = { Geu{GP} (4.28)

I otherwise

for every x € X', where:

! 7 2
0 (Y150 (X)) 1xrea
SQ(Sp(G) fn) = Z?:l lxl{esz
L otherwise

Y7 1xe0 >0 (4.29)

and all other terms are as for the global error minimising symmetry. The conditions on
our covariate design and bandwidth ensure that the number of terms in € is expected to
grow with nu(€), so with high probability (i.e., exponentially increasing in n) we will have
an estimate in the first case of equation (4.28). When Q = By (xz,h) this is effectively a
Nadaraya-Watson estimator of the pointwise risk. This then leads to the Best Locally

Symmetric Estimator, SP(GJ(Q)) fn which obtains rates in the following theorem.

Theorem 43. Let Q) be a compact subset that is the closure of an open subset of X. Let

¢B,d—d9 1/2min(p,1)
n ) (4.30)

-1
(S = Lg ( 2L2

Let {Gf}fﬁl be a finite §-cover of the totally bounded sets K;(G) ¢ K(G) for{=0,...,dim[z]g.
Let G5 be the local error minimising symmetry. Under assumptions (E) and (Q)), we have

that
E((S sy f(X) — FO)? | X € Q)

sup — <Cy (4.31)
FeF(LB) plid-domax (i)
where the constant Cy is given by:
2
C[) = Ssup 2CG7Q +2+ (2CG7Q + 4L)W§ﬁ+d) (432)

GeK(G)

and Cgq 15 as defined in section 4.2.5.
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4.4 Finite Sample Performance

We now examine the finite sample performance of best symmetric estimators using synthetic
data in the contexts of the main examples of this chapter, namely 3D Rotations and
translations. All code can be found in the supplementary material [Christie and Aston,
2024b].

4.4.1 3D Rotations

Suppose that X = Bgs(0, 1), the closed unit ball in R3. Let G = SO(3) (a well known compact
Lie group) act naturally by matrix multiplication on & as in Example 30. Suppose that p is
the uniform measure on X, so that ¢, is the reciprocal of the Lebesgue volume of X for all x.

To estimate the global error minimising symmetry we need:
1. to show that this action is Lgo(s)-Lipschitz; and
2. to construct a d-cover of each Ky(SO(3)).

For this group and covariate space these are done in the examples 38 and 40 in the previous

sections.

We have used a local constant estimator (LCE), defined explicitly in 2.1, originally pro-
posed in Nadaraya [1964], Watson [1964]), with a rectangular kernel as our f,. We consider
the Holder class F(L, = 1) and simulated draws of datasets with Y; = f(X;) + ¢; where
€ i N(0,0%) and X; i U(X), for sample sizes n € {30,50, 75,100, 150,200,300}. We sample
two independent copies of the dataset for each simulation, one used to estimate f and the
other used to estimate Gax(f,G) for the symmetrised estimator. The baseline LCE uses
the union of these datasets to estimate f. We have used a bandwidth h$ = p1/(2B+d-d%)
for each partially symmetrised estimator depending on G < G = SO(3), and the minimax
optimal h = A for the baseline LCE. When sampling from any subgroup of G we use the
uniform distribution, as per the results in section 4.2.4. We have used 3 choices of f, with

varying levels of symmetry:

Regression function ‘ Maximal Symmetry
fi(@) = cos((|]2) 50(3)

fa() = cos(\/a3 +23) | S,

f3(x) =25 + 22 -0.623 | I

Note that f; does have other symmetries (for example it is invariant to the supergroup O(3))
though these are not contained in the search group G = SO(3). We compared an estimated
risk of the baseline LCE, + SEL(f(XD) - f(XD))? for K = 200, against the symmetrised
LCE, + ngl(S@fn(Xi') - f(X]))? for X! i p that are independent of both the data used to
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the iid copy used estimate f,, and Gs. The average results of 30 trials for each sample size

are plotted on a log-log scale in Figure 4.4.

Generalisation Risk: f1 Generalisation Risk: f2 Generalisation Risk: f3

-1.00 —— Baseline — Baseline

\ Symmetrised symmetrised
-125 25

Log Risk
|

Log Risk
Log Risk
Lol

35 40 55 35 4.0 55 35 4.0

45 50
Log Sample Size (log n)

(a) f1 (b) fa (c) f3

Fig. 4.4 Estimated risk for a baseline Local Constant Estimator f, in blue against
the symmetrised Sy, fn in orange, as well as 95% Wald confidence intervals for the
3

4as 50 45 5.
Log Sample Size (log n) Log Sample Size (log n)

true risk. Plots are on a log-log scale.

We see that the true regression function has some level of symmetry, then our estimator does
indeed obtain a faster rate than the baseline LCE. When there is no symmetry within the
search group G our estimator performs slightly worse because of the variance in the estimated
group and the half sized sample for estimation of f, but does obtain the same rate of risk

decay. Note that the slopes slightly increase with n as the boundary effects diminish.

4.4.2 Translational Symmetry

Consider the situation of Example 29, where X = (R/Z)? is the (flat) 2-torus and G = (R/Z)?
acts by translation. Recall that if f is invariant to subgroups of translation along an axis
then f does not depend on this coordinate of the covariate vector X, so captures sparsity in
the covariates. As in the previous example, we first establish the required Lipschitz bound

and J-grid:
1) The action is 1-Lipschitz because addition is Lipschitz; and

2) A 6-grid can be constructed by considering the angles of lines through the origin. All
closed one dimensional subgroups have this form with a rational angle 8 measured from
the z-axis, and the distance between them (under the natural metric on G), is bounded
as:

dg(G,H) <V2sin(0g - 0x) < V2(0c - 0g) (4.33)

Thus a é-grid is given by lines of angle 6; where 6; = 360°/I, I = [360/(1/26)] and

i1€{0,1,...,I}. In practice we would like lines with low denominators so we take the
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union of these grids over J < I, i.e.:
Ik d 1 .
{Gj}j1 = H{S?)GO%/J 11=0,...,J} (4.34)

where S(} is the 1 dimensional group given by the line through the origin in T? with angle
6.

We have used the same base estimator as in the previous example, and simulated draws in

the same regression model for three choice of regression functions f:

Regression function ‘ Maximal Symmetry
fl(x) = 1 g = TQ
fa(x) =sin(2wzy) Gy = 591:0

fa(z) = cos(2m(x1 —x2)) | G3 = S;:_%

The average estimated risks across 100 simulations are plotted in Figure 4.5, where we see that
the symmetrised estimator outperforms the baseline LCE in terms of rate for all scenarios,
and so has lower absolute performance for n > 150. At very low sample sizes the performance

of the Best Symmetric Estimator is reduced by the variability in the estimated group.

Generalisation Risk: f1 Generalisation Risk: 2 Generalisation Risk: f4
-10 — Baseline

—— symmetrised -25 AN —— symmetrised

-15

-30
-15 -20

35

-25
-80 z 2z
8 8

- 35

-85 -5.0 -4.0

35 40

Log Risk

Log Risk
Log Risk

50 55 35 40

4 50 55 35 40
Log sample Size (log n)

45
Log Sample Size (log n)

(a) f1 (b) f2 (c) f3

Fig. 4.5 Estimated generalisation risk for a baseline Local Constant Estimator f,
in blue against the symmetrised Sﬂc5 fn when the same data is used in both steps of

45 5.0 55
Log Sample Size (log n)

the M-estimation, as well as 95% Wald confidence intervals for the true risk. Plots
are on a log-log scale.

For low sample sizes we sometimes see that the symmetrised estimator performs worse than
the baseline, which is likely due to a sub-optimal choice of bandwidth that creates instances
where Dx n B(g; -z, h) is empty.

4.5 Discussion

In this chapter we have given sufficient conditions for the adaption to the symmetries present

in a non-parametric regression function f. This means that we can learn patterns present in
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our non-parametric regression functions and use these patterns to better generalise. This
answers the question posed in the previous chapter in the positive for the class of symmetric
level sets. It has used the manifold averaged estimator but used the additional structure of
this situation to prove stronger results: we can show it works in the random design context
and remove some log factors. We now mention a few avenues for future work, and make a

few remarks.

4.5.1 Low Smoothness Case

We have assumed (Q2), that d¥ < 26, so that the optimal bandwidth % decays slowly enough
that each ball By (g;-x) will contain increasing numbers of X;. It would be ideal to remove this
assumption by somehow combining the data from all m balls into one, i.e., use the “quotient
space local data” DY = {(g; - X;,Y;) : g; € Supp(pZ,(G))} and taking the estimate of f(z)
as fn(x; D). This would ensure that we can use approximately O(mnh®) = (n?*/(?8 +d_dG))
datapoints for the local estimation at x giving optimal variance. This is essentially what
happens for a local constant estimator symmetrised by S, if we only average over the
points f,,(g; - «) for which Bx(g; - ©) n Dx is non-empty. This would allow us to achieve
mini-max optimal symmetry adaptive estimation even when § =1 for any dimension of the
orbit. For f € (1,d%/2) one would hope that we could establish the same result, however
the story becomes more complicated. If f is not G invariant and we use the dataset DY
then the introduced bias will change based on the method of estimation used; we might lose
the fast decay of | f,(z; DY) S,

m

(G)f(:z)H% that allows us to construct the M-estimator of
unknown symmetries. We conjecture that there is a class of G-stable base estimators f, that
satisfy both assumption set (E) and ensures this convergence property for these intermediate

smoothness classes.

4.5.2 Local Symmetries

Whilst the requirement that f has a global compact symmetry may be common, it can be
restrictive. A much more general condition is that f obeys a local symmetry, where the
level set of f(z) and the orbit [z] intersect on a compact connected subset of the orbit
containing x. This captures situations such as digit classification, where we cannot rotate
a 6 arbitrarily before it becomes a 9 but we can make small rotational perturbations. The
theorems in this chapter, even relating to the local error minimising symmetry, require that
the local orbits are the same everywhere, which means that they must be able to be patched
together into a global symmetry. It would be interesting to understand how the best locally

symmetric estimator performs when the requirement of global symmetry is dropped.
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4.5.3 Improvements on the Constants

One problem with the method presented is that it can be wasteful with the split between
data used to estimate f and used to estimate Gumax(f,G), which means we see worse finite
sample performance when f has no symmetries. Alternatively, a leave one out cross-validation

approach could also be examined.

Secondly we have ignored non connected subgroups of G in our search for Guax(f,G).
Such groups allow for further reduction in variance and potentially increased performance, at

the cost of a much larger search for the error minimising symmetry.

4.5.4 Lower Bounds on the Estimation of Maximal Symmetries

A natural question that arises in this chapter is “does E(dHaus(U)(G, Gmax(f,G))) converge
uniformly to 0 for all f € F(L,f), and if so, how quickly?”. Unfortunately, this question
has a negative answer because we can have a sequence of non-G-invariant functions that
approximate a G-invariant f arbitrarily well in L?(X), and distinguishing the symmetries
is at least as statistically challenging as distinguishing the functions. This is explicit in the

following example.

Example 44. Suppose that X = Bgs(0,1) and p = U(X). Consider the functions f3(x) =
exp(—(22 +23)) and fo = exp(~(22 +x3)), which are invariant to rotations around the z-azis
(S) and y-awis (S;) respectively, as well as reflections through the xz-y plane (R1) and x-z
plane (Ry) respectively, giving their maximal symmetries. Both are in the Holder class

F(L,2) for some L. This is also true for any multiple of these functions by c € (0,1].

Suppose we have normally distributed noise of standard deviation 1, so Y; | X; ~ N(f(X;),1).
Consider that we can create hypotheses Py : f = cfs and Py : f = cfo with KL(Py, Py) arbi-
trarily small Kullback-Leibler divergence K L(Py, P1) = %fo — fyl3. This is can be seen by
using the fact that KL(N (p1,1), N(p2,1)) = (1 — p2)?/2 and writing ¢ for the density of a
standard normal. So taking c = \/n71| fz — fy[5%1log(4) ensures KL(Py,Pi) <n 'log?2, and
thus Le Cam’s lemma [Tsybakov, 2008] implies

, 5 1
H}f sup IEf(dHaus(SO(3))(Gy Gmax(f))) 2 EdHaus(SO(?)))(Gmax(fO)) Gmax(fl)) (4-35)
G feF(L,2)

where the Guax terms have the second argument SO(3) suppressed. Since this bound is a

positive constant, we see this problem is essentially intractable.

This is not to say that the convergence is not possible for any particular regression function
f, and it would be an interesting question of future study as to how this convergence behaves

for different classes of symmetries.
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4.5.5 A remark on equivariance

In this chapter we have considered only invariant functions, for which f(g-z) = f(z). In the
machine learning literature there is often consideration of the class of equivariant functions,

for which
flg-X)=g~*f(X) (4.36)

for some action  on the domain of Y [Bronstein et al., 2021]. However, in terms of statistical
theory, these functions behave very similarly to invariant functions. This is because the
function f can be decomposed into a G-invariant function f : X /G - Y/G with f(z) = [f(z)]q
(i.e., a function which picks the output’s orbit) and another G-invariant function r : X/G - G
(that picks “starting” points) such that f(z) = r(z) * t,(f(z)). Both pieces are easier to
learn than the original function, both because the input space is reduced to X' /G and the
output space is split into J/G and G. However, because we are still estimating both pieces

the errors will still combine - obscuring any additional benefit from the quotient on ).

4.6 Proofs

4.6.1 Proofs in Section 4.2

Proof of Proposition 31. Each side length can afford at least [R,(2h)™!] points with 2h
spacing, and we can do this in each of the dimensions of T, M. This gives the first inequality

in:

m = [{ai} ] > [REI (20) e > [(REW (20) 71 W0 ] > max(1, (REFW (2m) 1) mlelv)
(4.37)
The second then follows as a basic fact about ceiling functions, as if {x} =2 — || = 0 this is

trivial and otherwise:

=20 (1) %Ll x b ] 30 (1) ¢ Lol sk 1€ 3 (1) Lo < 1=l (439)

k=0 k=0 k=0

Now the points {u;} have dx(u;,u;) > 2h. To see this, let n; be the normal vector for which
u; = a; +n; and (n;,a; —x) = 0 for each ¢ in the embedding space R?. Then we have (with d

the metric on the embedding space R?),
d(ug, ui)? = d(ai, a)? + d(ni,n;)? > d(aq, aj)* > (2h)? (4.39)

by the orthogonality conditions. Then the isometry of the embedding of X into R? ensures
that the minimal path lengths in & connecting u; and u; are at least as long as the euclidean

paths in the ambient space, giving the result. O
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We now provide the proof regarding the pointwise risk of partially symmetrised estimators,
which is best analysed by considering the squared bias and the variance of the estimator

separately. We will use the shorthand p, », = u(Bx(x,h)), and ¢* = gfc,h.

Lemma 45 (Point-wise Bias of Sz fy,). Under the conditions of Proposition 33, we have:

[E(Sys, fu(x)) = Sy, £ ()] < BR + sup exp(-npyg )| f]o (4.40)

i€[m]

when h = an‘l/(%*d‘dc), for all n in the random design regime. In the fired deisgn regime

these bounds hold for sufficiently large n.

Proof of Lemma 45. Using the definition of the symmetrisation operator, we see:

[E(S s, fu(2)) = S ()] = [B( f;mgf @)= f(g" )| (4.41)
- [£ 2B (e ) - 1) (4.42)

< S B0 - 16 ) (4.43)
= §|E(E(fn(9i .z) | Dx) - f(g' - @) (4.44)
< S B(E( ()| Dx) - £(6" 1) (4.45)
= iE(\E(fn(gi -2) | Dx) = f(g" - 2)|| Nyigp > 0))B(Nyiyp > 0)+
(4.46)
E(|E(fa(g"-2) | Dx) = (4" )| | Nyio = 0))P(Ngizp, = 0)
(4.47)
<o iBhﬁ +|£(g" x)| exp(—npyipp) (4.48)

where N, = |[Bx(x,h) N Dx|. This uses assumption (E3c) and Lemma 71. In this fixed
design regime these bounds hold for sufficiently large n. O

Lemma 46 (Point-wise Variance of S,z f,,). Under the conditions of Proposition 33, we
have:
Var(Spz fn(z)) < % sup (L +Vexp(-npgizp/8) + mBQhw) (4.49)

=
ie[m] ¥ "Pgtwh

~1/(2p+d-d%)

when h = an This bound holds for all n in the random design regime, and for all

sufficiently large n in the fixed design regime.
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Proof of Lemma 46. First consider expanding the variance by the law of total variance:
Var(Spr, fo(z)) = E(Var(Sp: fn(z) | Dx)) + Var(E(Syz fo(z) | Dx)) (4.50)

We now consider each term. Let N, j = |Bx(z,h) nDx|.

E(Var(Sys fn(2) | Dy)) = E(Var(L ifn(gi )| Dx)) (4.51)
- E(#W(i fulg'2) | Dx)) (4.52)
- L S E(Var(fu(g' - 2) | D)) (453)

1l
—_

2

because of the strict locality of f,,, the construction of {,gi};’:‘1 which ensures 2h-spacing. Now

we expand each expectation over the Dx-events Z; = {Nyi, , = 0}.

E(Var(fa(g'-2) | Dx)) = E(Var(f(g" - z) | Dx) | Z5)P(Z:)+ (4.54)
E(Var(f,(g' )| Dx) | E7)(1-P(Z;)) (4.55)
=0xP(5;) + E(ﬁ | Nyiwn >0)(1-P(Es)) (4.56)
v
<E( N | Nyip s > 0) (4.57)
= E(Ng:; — [ 0< Nyicg.p < 1giog,nf2) JP(O < Nyi < i /2))+
(4.58)
E(ﬁ | Ngi'ib,h > npgi-x,h/2))P(Ngi~x,h > npgi~:c,h/2)) (459)
<VP(Nyipp < nPgipn/2)) + npjvh (4.60)
2V
= g + VeXp(_npgi-:p,h/S) (461)
which uses the concentration inequality in Lemma 71. Thus we have:
E(Var(Sy: fo(z) | Dx)) < 'st] (”Pi;/z - Vexp(—npgi_z7h/8)) (4.62)
For the second term, consider:
Var(E(Spe fn(2) | Px)) = Var(]E(% Efn(gi -z) | Dx)) (4.63)
i=1
=Var(L Y E(f.(¢' - 2) | Dx)) (4.64)
i=1
< sw Var(E(fu(g' - z) | Dx)) (4.65)
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For ease, let T; be the random variable E(f,(¢'-2) | Dx). Note that if Nyigp, > 0 then
T; € [f(z) - B(z)h?, f(x) - B(z)h®] by assumption (E3) and otherwise T; = 0. Thus we can
use assumption (E2) and Popoviciu’s inequality for bounded random variables [Sharma et al.,
2010] to find:

Var(T;) = E(T? | 2)P(Z;) + E(T? | Z9) (1 - P(E;)) - (E(T; | Z)P(Z;) + E(T; | ) (1 - P(E:)))?

(4.66)
=0xP(Z;) +E(T7 | Z7)(1-P(E:)) - (0x P(Z) + B(T; | EF)(1-P(Z:)))®  (4.67)
< Var(T; | 29) (4.68)
< B?h?* (4.69)
Therefore we have the variance bound:
Var(Syz fn(x)) < % sup (nPZV -+ V exp(—npgi., n/8) + mBQh%) (4.70)
i€e[m gt 7
as required. ]

Proof of Proposition 33. The pointwise error of the partially symmetrised estimator has:

E((Sys, () = Sps, £(2))) = (B(Spg, fu(2)) = Sy, () # Var(Spy, fu(w))  (471)
< B2 + sup exp(-npyig)| oo+ (4.72)

1€[m]

% sup ( V., Vexp(-npyi., 1/8) +mBzh25) (4.73)

—=
ie[m] Patwh

Now with the choice of bandwidth h = an™/ (2'B+d’dG), the bound on m from Proposition 31,
and the distribution property pu(Bx(z,h)) € [coh?, Czh%] we have that:

20 < 28 gfrd-d® (4.74)
and
-1 (2"
(mnpgizp) " < T — (4.75)
T gtz
G
2 gPdd® (4.76)

¢yi.p (REIV)aS
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Thus we can substitute these back into equation (4.73) to find:

+d@ i
E(Sps, fu(@) = Spe f(2))?) < sup (2B%a* ++%)¢g’dlm*dc+ (4.77)
ZE[’VTL] Cgi-.'c z
([flloo + V) exp(=npgi.z n/8) (4.78)
a“ im X -d%
<sup2(B(g fl?)2 26 ng(QR[z—z]‘g)dG)(ﬁgd X—d + (479)
a —2B-d% _
(Hf||oo+V)eXp( nga 26+dimX—dG) (4.80)
< sup (2(B%a? —V + 4.81
gell})( ( Cgl(R U)dG) ( )
28
d

- im X-d®
(Il + V) (oo @ )on™™ " (482)

The result follows from noting that sup,c,} = 1/infycg, and that |f|e < L for all f e
F(L,B)- O

Proof of Theorem 34. See that the pointwise bound of Proposition 33 can be used with the

conditional expectation tower law to find:

E((Sp fn(X) = Sy f(X))? | X €92) = B(E((Spx fu(X) = S f(X)? | X) | X Q) (4.83)
<E(Cex | X e Q) (4.84)

Lastly we check the integrability of Cq x. See that:

E(Cq x| X €Q) :E(Q(BQQQ/B W) (L+V)(C*(X)ad(25 dG) |X€Q)
(4.85)
- e (X)ad (28 dG) —
= 2B% 2B+2E((R—Uv)dc) (L+V)E((— | X eq) (4.86)
28
<2827 + 2 ENB((REW )1 | X e )+ (L4 V)((2C510) )

(4.87)

Assumption (Q2) and its conditioned hypothesis in this theorem then control the expectation

term, giving the integrability of C'x | X € Q. O

Proof of Corollary 35. First, note that using the shift invariance of the Haar measure we
have that if g ~ U(G), then gg° 2 g ~U(G) for all ¢°, so

56, 6(y) =m™' S E($((94") -y) | D) = m ! iw(g ) |D)=Scoly)  (488)

i=1
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for all ¢ € L2(X). Thus we can say that almost surely:

using the fact that Sg is a projection with operator norm 1 in the last inequality. Lastly, we

can then take expectations and use Proposition 34 to get the stated result. O

Proof of Corollary 36. The estimator fnyg is a Monte-Carlo estimate of Sq f,, so we have:

E| fu.c = Sc f13 < 2B| fu.c = Sa ful3 + 2E|Sc fn - Sa f13 (4.90)

using the sum of squares inequality (a+b)? < 2a? +2b? (Lemma 69). The first term describes

the Monte-Carlo error of the approximation fn,(; ~ Sq fn, which is bounded:

E| fo.c = Safals = B((fr.c(X) = Safa(X))?) (4.91)
= E(E((fn,c(X) - Safu(X))*| D, X)) (4.92)
=E(Var(fo,c(X) | D, X)) (4.93)
= LE(Var(fn(9-X) | D, X)) (4.94)
= 7E((falg- X) = Safa(X))?) (4.95)
<BE(|fno(g) = folg)3+Scfa—Scfl3+1(Saf)o(g)~folg)l3)
(4.96)
< OO+ £13) (4.97)
< 6C46L% (4.98)

using the fact that Sg f, = E(fng(X) | D, X), the independence of the g; samples, the sum
of squares inequality (a+b+c)? < 3(a®+b? +c?), the G-invariance of x, and lastly the bounds
Assumption (E3) and the Hélder ball bound on | f[3. Thus we have:

E(| fo.c — Saf13) < 2(C+ L?) + 20" (4.99)
< (12C + 1212 + 20 ) g+ 4° (4.100)
when M = n, as required. O
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4.6.2 Proof in Section 4.3

Proof of Proposition 39. Since f is continuous, we know that f = fy in the definition of

invariance. Thus for any such f € F(L,5), v € X, and g ~ p§, we have:

((Sp, 1) (@) = f(2))* =E(f(2) - f(g-2))’ (4.101)

=E( inf f(h )= f(g-2))" (4.102)

< L2E(hgilr{1£U d(h-xz,g-x)*)* (4.103)

< L2(g€sgr£)U hei};ﬁU d(h-x,g-x)*)> (4.104)

<IL? gEngUheigﬁU(Lgdg(g,h))h (4.105)

< L*LE dygaus(y (G, H)*® (4.106)

giving the required inequality. O

Proof of Theorem 41. Suppose that dim[z]q, . (r.g) = D. Let GP be any group in K with
dttaus(Gmax (f>G), GP) < 6 (of which there must be at least one). Then we have:

1Spe fn = 15 = E(Spp fu) + (IS0, f = I3 = E(Spg,, fa) (4.107)
< é(Sszp fa) + (Hspéé fu= 13- S(Sp@(sfn,h)) (4.108)
=1 Spgofn = FI3+ (E(Spgn fn) =[S f = FI2) + (1Sps, fn = FI5 = E(Spe, fa))

(4.109)

Taking expectations (over both the original data used for estimating f,, and the independent

copy used for the calculating & ) then gives:
R(S¢, fn) < R(Sgp fa) + 0% = 0” (4.110)

So we need only consider the properties of the group that best approximates Gmax(f,G). We

have:
R(Sgp fn) =E(||5pGinn—f||§) (4.111)

< 2By o = Soap S 18) + 2S5 ] - 13 (1112)

<20apef ™ w2 [ (S, 1)~ () () (4.113)

< QCGlqug’d‘dG? +2 fX L2LEdy(GP, Grax (£,6)%*) du(z) (4.114)

<2Cgp qbﬁ’d—dGiD + 202 LE 5% (4.115)
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where a = min(/3,1). This comes from the sum of squares inequality (a + b)? < 2a? + 2b2
(Lemma 69), Theorem 34, Proposition 39, and lastly the d-closeness of GlD t0 Gmax(f,G)-

Now we have:

i : i g min :

2L2Lém1n(5:1)52m1n(ﬂ,1) < 2L2Lémm(ﬁ’1)(Lél(%)l/Q (671))2m1n(6,1) (4116)
< pBdd? (4.117)
S (pg’d,dGmax(f’g) (4118)

Therefore we have:
R(Spé(s fn) S ZCngg’d,dGmax(f’g) i 2¢£’d,damax(fag) (4119)
<2( sup Cg+1)pld-dm=9 (4.120)

GeK(G)

as required. ]

Proof of Theorem 43. Let GP be the minimiser of d(GP,Gmax(f,D)) over U {G:}. First,

we have the minimisation inequality:

E((Spg g fn(X) = J(X))? | [, X €92) (4.121)
= £a(Spg, oy f) +E((Spg o Fn(X) = F(X))? | f, X € Q) = E(Spp, ) F)

(4.122)

< Ea(Spgp fn) + E((Spg, 0 o (X) = F(XD? | fu, X € Q) = Ea(Spg, o Fn) (4123)

=E((Spp fo(X) = (X)) | fr, X € Q)+ (4.124)

Ea(Spyp f) = E((Spup fa(X) = F(X))* | fu X € Q) (4.125)

E((Spg o (X) = (X)) | f, X €Q) = E(Spp,_ g F) (4.126)

Now conditioned on the event =’ that Q contains at least one X/, we have:
E(€a(Spefn) | fa E) = 0% + E((Spe fa(X) = F(X))* | fo, X € ) (4.127)
for all subgroups G € Ug{G%}. In the complementary event Z'C, we have G5(Q) = I and so:

E(€a(Spefn) | fn,E€) = L (4.128)
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Thus the integrated error splits over these events as:

E((Spg, o £ (X) = F(X))? | X € ) (4.129)
= E(E((Spg g fa(X) = F(X))? | fu, X € 2)) (4.130)
= E(E((Spg, ) f(X) = F(X))?| fus X € Q) | Ei)P(E0)+ (4.131)

E(E((Spg, ) n(X) = F(X))? | fn, X € Q) | E7)P(EY) (4.132)
<(E((Spp fn(X) = F(X))?| fr, X €Q) + 07 - 07) (4.133)
(E((Sp, 0y fn(X) = F(X))? | fo, X € Q) + L= L)P(E() (4.134)
<2060 o8 + 2B((Sp,,p f(X) = F(X))? | X € Q)+ (4.135)
sup (2Cc.ad) "+ 2E((Sye f(2) - f(X))* | X e Q)P(EC)  (4.136)
GeK(G)
<206 @0 P + 202 L% + sup (2CGadh? +4L)P(E'Y) (4.137)
v GeK(G)
<200 @24 P 4 2¢Pd-dimlzle o gup (2040 +4L)P(EC) (4.138)
v GeK(G)

using the sum of squares inequality (Lemma 69), the bounds from section 4.2, the fact that
the rates ¢£’d_£ are faster than ¢£’d for all ¢, the bound of Proposition 39, and the choice of
0. Lastly note that:

P(ZC) = (1- u(2))" < exp(-nu(2)) (4.139)

thus using Lemma 70 gives the result. O
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Chapter 5

Estimation of Maximal Symmetries

via Subgroup Lattices

In this chapter we provide a method for symmetry estimation that utilising the lattice
structure of the closed subgroups of G. This method relies on some hypothesis tests for
symmetry we construct, and so leads to natural inferential properties of the estimate of Gyax.
This is based on the work in the paper Christie and Aston [2023].

5.1 Introduction

In this chapter we present an alternative estimator for the maximal symmetry of f that avoids
estimating f direction. This avoids much of the computational load of the M-estimator in
the previous chapter. This estimator relies on a consideration of an inferential framework
for the symmetries of f. Specifically, we will construct hypothesis tests for Ho(G) : f is
G-invariant and then consider how these tests can be used to find a confidence region in the

lattice of subgroups of f.

This framework is an explicit generalisation of some techniques in variable subset selec-
tion [Mallows, 1973, Berk, 1978]. Consider a linear regression function f : RP - R given
by f(X) = XT3 for which some features i € I have 3; = 0, where f3; are the regression
coefficients in 8. We could estimate I by considering subsets A ¢ {1,...,p} and testing
whether 54 = 0 (where the set subscript indicates the vector (8, : a € A)). These subsets
can be structured in a lattice (see Section 5.2.2 and Figure 5.1), a directed graph with a
node for each subset and an edge from A - B if B ¢ A (though we omit the directions
from the figures as they always point down in this chapter). This is important because
it shows how we can avoid running tests for some of the subsets A. If we test at the
bottom of the lattice first, any rejection immediately tells us about the larger subsets con-

taining the smaller subset so we can avoid testing for invariance to these subsets unnecessarily.
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Estimation of Maximal Symmetries via Subgroup Lattices

This linear example is in fact an explicit special case of the symmetries considered here. In
this case the domain is X = RP, and the symmetries are translations &1 = {x » x+u: u e RP}.
If f is invariant to translations along a particular axis (in the standard orthonormal basis
{e;}) then B(X + ae;) = fX for all a € R, which is equivalent to ; = 0. This shows that
variable selection in linear regression is precisely a symmetry estimation problem. There
are of course many other sub-symmetries of this translation action, for example translations
along the line from the origin through (1,...,1). This is the idea of sufficient dimension

reduction [Li, 1991], which is also a special case of this symmetry estimation problem.

As in the previous section, the question we seek to answer is “Given a large set of transfor-
mations @, what is the largest subset ¥ of transformations ¥ that satisfy f = f o for all
1 € ¥ for our particular regression f7”. In the special cases above, ® is either finite (as in
variable selection) or linear (as in sufficient dimension reduction), but in our case it can be
infinite and non-linear. To answer this, we will use the lattice structure of these subgroups
to allow for the lattice testing regime as above. A lattice is a partially ordered set such that
every subset has a unique supremum and infimum. The algebraic properties of the lattice of
subgroups (where the ordering is given by subgrouping) allows us to combine the information
in a collection of hypothesis tests for Hy(®;) : f is ®;-invariant for some chosen subgroups
®; < ® into an confidence region of possible ®. We can then take our estimate of the true

maximal symmetry as the unique largest symmetry in this confidence region.

{1,2,3}
{2,3}
{3}
(%]
(a) Lattice of subsets A ¢ {1,2,3}. (b) Lattice of (some) subgroups of RP.

Fig. 5.1 Variable subset selection lattice of subsets, and symmetry estimation lattice
of subgroups. The symmetry here is the translation action of 1 on R?, and we have
taken a finite sub-lattice of the lattice of closed subgroups where R; is the translation
group along the i*" orthonormal basis vector of R3. We have also included grey and
dashed edges to other symmetries such as {z —» z +a(e2 +e3) : a € Z} and the larger
symmetry {x — x + (a/2)(ea +e3):a€Z}.
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Thus in this chapter we construct tests for the hypotheses Héi) : f is ®;-invariant for certain
subgroups ®; < ®, and show how to borrow strength from these tests to make inferences
about other subgroups of ®. The tests we present require mild technical assumptions and
trade theoretical guarantees, computational time, and statistical power. We show that these
tests lead to a natural estimate of the maximal symmetry of f that can be used as in the

previous chapter to adaptively smooth any regressor.

We describe in Section 5.2 how to structure the subgroups of the search group G into a lattice,
describe confidence regions in this lattice, and give rules for how invariance behaves over this
lattice. In Section 5.3 we then describe the estimation algorithm that searches for Guax(f,G)
by testing the invariance of f to certain nodes of the lattice, and show how we can borrow
information across tests to improve the estimation. Section 5.4 introduces two tests one
can use in the estimation algorithm, each requiring different assumptions for the statistical
problem. We then demonstrate the performance of the tests used, the symmetry estimator,
and its use in nonparametric regression in simulation in Section 5.5. We then apply these
methods to satellite measurements of the Earth’s magnetic field in Section 5.6. All proofs can

be found in the appendices, along with additional simulated and synthetic numerical results.

5.1.1 Main Contributions

We now summarise the technical contributions of this paper. All terms defined in later
sections are italicized here. Let G be a group acting continuously on X and let f be any

Holder regression function. We show that:

1) The set of closed subgroups of G forms a lattice with joins given by the closure of the
group generated by the two elements and meets given by intersections, which differs
slightly from the usual subgroup lattice which also contains non-closed subgroups and

has a different join operation;

2) We define confidence regions of lattices and give a loss function that measures the
difference between the correct region of applicable symmetries and the inferred confidence

region;

3) We define lattice bases and show that they allow us to reduce the number of tests

conducted for specific invariances;

4) We develop a method for estimating the maximal invariant subgroup of f and for inferring
the confidence region for the maximal invariant subgroups of the regression function

within the chosen subgroup lattice;

5) We show that under suitable conditions on the hypothesis tests used in this method that

the estimator is consistent; and
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6) We present two hypothesis tests for the hypothesis Hy(G) : f is G-invariant. The first, the
Asymmetric Variation Test, is shown to be a consistent hypothesis test. The permutation
variant of this test then allows us to make fewer assumptions on the noise distribution

and the function class that f belongs to.

5.2 Inference for Subgroups

We now describe the structure used to do inference on the subgroups of some group G. The
first step is to structure the subgroups into a lattice. This is a well known mathematical
result, see Schmidt [2011], Sankappanavar and Burris [1981]. We then show that the set of
closed subgroups of G also form a lattice, which is not always a sub-lattice of the lattice of
all subgroups. With this structure we are then able to ask the first statistical question: how
can one do estimation and inference on a lattice of subgroups? We also show that we can
reduce the lattice to the information stored in a particular set of subgroups, which is used to

minimise the number of tests conducted for both statistical and computational benefit.

5.2.1 Lattices

A lattice L is a partially ordered set with unique supremums and infimums. Given two
elements A, B € L the unique supremum is called their join and is written A v B, and their
unique infimum, meet, is written A A B. Joins and meets are associative, commutative,
idempotent binary operations that satisfy the absorption laws aA(avb) = a and av(aab) = a.
We say that a subset of a lattice L is a sub-lattice of L if it is closed under the joins and meets
of the original lattice. Given some set A ¢ L, we can take (A) as the smallest sub-lattice of
L that contains A and say that A generates (A)). We can arrange a lattice L into a Hasse
diagram, a directed graph with nodes given by the elements A, B € L and edges from A to
B if B< A, and there is no C' e L with B < C' < A. We typically omit the arrows on the edges
in this chapter as they all point down.

Example 47. In the context of variable selection we have a lattice of subsets of the variable
indices, where the index subsets A,B ¢ {1,...,d} have joins Av B = Au B and meets
AAnB=AnB.

5.2.2 Subgroup Lattices

The subgroups of a group G form a lattice with the order given by subgrouping [Schmidt,
2011, Sankappanavar and Burris, 1981]. We write L(G) for this lattice of subgroups. In this
lattice the join is given by the groups generated by unions, i.e., Av B = (A, B) and meet
by intersections, i.e., AN B=AnB, for A, B ¢ L. Note that in the group context we can’t
simply take unions as these are not guaranteed to be groups, but the idea is essentially taking

a union and adding in all the elements needed to form a group.
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5.2 Inference for Subgroups

Example 48. Consider the dihedral group of symmetries of the square Dy (see section
2.8.1). This group has ten subgroups, including itself and the trivial group I. These are shown
in the table of Figure 5.2 These can be ordered into the lattice in Figure 5.2, represented as a

Hasse diagram.

Subgroup  Elements Da
Dy {I, Rrj2, R, R3rj2,
Ry, R,, R/, R
Rk (R i, Fx) ey f)
(RW/Z) {Ia Rﬂ'/27Rﬂ'7R3ﬂ'/2}
(Rp,Rz)  {I,R\,R), R}
(Rn) {1, Ry}
(Ry) LR} (Rp) R (R\)
(Rr) {1,R:}
(1)) {I,R/}
() {I, R\} 7
I {1}

Fig. 5.2 The list of subgroups and their elements of the dihedral group Dy (see
section 2.3.1), and the Hasse diagram of the subgroup lattice. Each dot represents
a subgroup, with edge from A down to B if A < B and there is no other group that
can be ordered between them.

One important subset of L(G) is the collection of closed subgroups (closed in the topology
of G), which we write K(G) here. These do not necessarily form a sub-lattice of L(G) for
arbitrary G as we can generate non closed subgroups with the original join operator (G, H)
(consider two copies of high order finite rotations around distinct axes generating a proper
dense subgroup of SO(3)). It does form a lattice as it still has unique supremums (just
distinct ones from the supremum in L) and infimums, where the join is the topological closure
of the group generated from G and H, i.e., (G,—H) This is established in the following
proposition. In some cases (e.g. finite G) this is equivalent to the original join, so the lattice

in Example 48 is both L(Dy4) and K(Dy).

Proposition 49. Let G be a topological group. The closed subgroups K(G) form a lattice
with partial ordering given by subgrouping, meets given by intersection, and joins given by

the topological closure of the group gemerated by the two subgroups.

Example 50. Consider the circle group S* = {z € C:|z| = 1}. The finite subgroups are those
of rational rotations, and are of the form Cy = (exp(2mi/a)) of order a. These have subgroups
corresponding to the factors of a, and so the lowest parts of the subgroup lattice of S' are
the groups of prime order. Above these you have groups with two (counting with repetition)
prime factors, and so on. There are also subgroups of countable infinite order, for example

(exp(i)), and one subgroup of uncountable order - itself. Importantly, all of these infinite
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subgroups are all dense in S* (under the subset topology from C). Thus the key difference
between L(S') and K(S') is that these dense subgroups are missing.

5.2.3 Confidence Regions in Lattices

As statistical objects, groups typically have relationships characterised by inclusions - if a
symmetry GG applies in a particular situation then any subgroup H < G surely must also
apply. Therefore we are typically interested in confidence sets that contain all of their sub-

groups. We formalise this below, and give a measure of the optimality of these confidence sets.

Suppose we wish to estimate a group object Gy within some lattice L, and that the lattice
has a measure v. We say that a region R ¢ L is a (1 - «)-confidence region for G if it is a

measurable function of the data, contains all subgroups of all of its elements, and
Pi(GoeR)>1-a. (5.1)

The ideal confidence region would be the set of subgroups of G, which we denote A, so we

judge the optimality of the region R by the measure of the groups that are different to A:
ER)=v({GeR:G¢AyU{GeA:G¢RY)=v((RUA) (RN A)) (5.2)
where we assume that each of these is a measurable set. In our method later each lattice L

will be finite and v will be the discrete counting measure, so this will be true.

Example 51. Consider the group Dy and its subgroup Go = (Rp, Rz). In Figure 5.3, we
show three examples and non-examples of possible samples of confidence regions for Go, and

show the excess over A.

Dy Dy Dy
<Rha (Rh7 (Rh7
I 1 1
(a) E(Ry) =0 (b) E(Ry) =1 (¢) Not a confidence region

Fig. 5.3 Two examples of confidence regions for the subgroup Go = (R, Ry) of Dy
shown in blue with excess in red. Also shown is an example of a subset that is not
a confidence region, which fails because it does not include all of the subgroups of
its elements. The errors when v is the counting measure are given underneath each
picture.
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5.3 Estimation of Maximal Invariant Subgroups

5.2.4 Lattice Bases

Lastly we require a structure theorem for lattices, giving a condition on a set of subgroups
that simplifies the structure of the lattice we will work over. Importantly, it allows us to
extrapolate from ¢ tests to a lattice of size up to 2¢. This is a huge benefit of considering the

group structure of the transformations.

We say that a set of closed subgroups {Gi}le of G satisfies the intersection property (I) if
GinGj e {I,G;,G;} whenever i # j. Any set of subgroups satisfying the intersection property

will be called a lattice base.

Proposition 52. Suppose the set of subgroups {Gi}f;l of G satisfies the intersection property
(I). Then the smallest lattice (in the sub lattice ordering) containing G1,...,Gy consists only
of groups of the form Gy, v---v G, for some distinct ij € [£], as well as the empty product I.

This result allows us to identify the lattice K = ({G;}5_, ) with subsets of {1,...£}, but where

some subsets represent the same group in the lattice.

Example 53. In the variable selection lattice of Figure 5.1a, a lattice base is the singletons
set {{i} 11 < p}. Equivalently for the translation group framing in Figure 5.1b, a lattice base
is the collection {R; :i < p}.

Example 54. Consider the group Dy. One lattice base that generates the entire lattice
L(Dy) is given by:
B = {<Rh>a<Rv>a(Rﬂ'>’<R/>’<R\>’<R7r/2>} (53)

It is easy to check that all but one on the pairwise intersections are trivial; the only non-trivial
intersection being (R j2) N (Rx) = (Rx).

If we restrict our consideration to a finite sublattice of K(G) we might lose the maximal
symmetry of f from the original lattice. The following result ensures that there is a still a

unique maximal object within this restricted lattice.

Proposition 55. Suppose that G acts faithfully and continuously on X, and that f is
continuous. Let K be a finite sub-lattice of K(G) that contains the trivial group I. Then there
exists a unique node Gmax(f, K) in K that f is invariant to, and for which H < Gpax(f, K)
for all H € K where f is H-invariant.

5.3 Estimation of Maximal Invariant Subgroups

In the context of our nonparametric regression problem we seek to estimate the unique
maximal invariant subgroup for f of some search group G acting continuously and faithfully

on the domain X. We assume that f is continuous, so that this maximal subgroup is
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closed. We will estimate Gax(f,G) by considering a sequence of finite sub lattices K; that
approximate K (G). Each finite sub-lattice K, will be generated by lattice bases {G;}%; such
that {G;}%, € {Gi}5*]. Choices for this base are discussed in section 5.3.4.

Suppose that we have a test for the hypothesis Héi) . f is Gi-invariant against the al-
ternative H l(i) : f is not G-invariant for each of the groups G; in the lattice base. We will
provide two possibilities for such a test in the next section. We will test these hypotheses
at significance levels «;, such that Y ;v a; = a € [0,1]. The choice of «; will depend on how
many terms of the lattice base we wish to test, and could either have finitely many non-zero
terms or infinitely many, as long as the sum converges. Choices for «; are discussed in section
5.3.5.

We then use the information of these tests to infer whether f is G-invariant for each
G € K, using the rules for invariance of Proposition 12. We will first describe the process
when finitely many tests have been conducted, and provide theoretical and computational

results for the algorithm to that point.

5.3.1 Estimating Over a Finite Lattice

Let {G;}%_, be a lattice base, and consider the lattice K, = ({G;}%_,), which by Proposition
52 contains only groups of the form G;, v---v G;,, for some distinct i; € [¢]. The rules for
invariance (Proposition 12) guarantee that knowledge of invariance of the lattice generators
G; gives knowledge of invariance at all other groups G in the lattice K;. Therefore after we

test each of the hypotheses H(gi) , we can then define:
Ky ={G € K;: Testo,(D,G;) =1 for all G; < G}. (5.4)

where Test,, (D, G;) is the test for the null hypothesis Héi) at significance level oy, taking
the value 0 if this hypothesis is rejected and 1 otherwise. This object can be computed (after
testing) as long as we can compute the maps 1¢g,<q) for each G € K,. We describe this

computation in section 5.3.2.
Proposition 56. The region K, is a (1-a)-confidence region for Gumax(f, K¢). In particular,
for all f € F we have:

4
P (Grax(f, Ke) e Ko) 21-Y a; > 1 -« (5.5)
=1

From this confidence region K, ¢, we can take a point estimate Gy as any maximal element.
This will usually be unique, but if not then it can be chosen via any distribution on this set

(usually the uniform distribution).
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5.3.2 Computation of K,

In Algorithm 1 we provide one possible method for computation of K. The main requirement
for this is the ability to compute the inclusions G < H for G, H € Ky. This algorithm has the
advantage of being iterable; if we wish to compute K1 then we simply store the TestResults

vector as well as K| ¢ and add another term to the for loop.

Algorithm 1 Computation of K,

1: procedure CoMPUTEKHAT(D, {G;}%_)

2 Initialise Ko = {I}

3 Initialise TestResults = () as the empty tuple
4 for ie{1,...4} do

5: Compute Testy, (D, G;) and append to TestResults
6 Set Kz = {}

7 if Testq,(D,G;) =1 then

8 Set KZ‘ZKi_lLJ{GVGZ‘:GEKZ’_l}

9: for je{l,...,i-1} do

10: if TestResults; =0 then

11: Set KZZ{GEIAQG]%_G}

12: else

13: Set K;={GeK; 1:G;¢£G)}

14: Return Kg

The computational complexity of this algorithm will depend on the complexity of the £ tests
conducted. For the tests we propose in this paper, see sections 5.4.1 and 5.4.2 for their
complexities. A naive search for Gmayx would conduct up 2¢ tests for every symmetry in K.
Since the testing is usually the main computation, reducing to O(¥) tests saves significant
computational time, and also allows for each test to be conducted at higher significance levels

improving the statistical performance of the estimate.

Aside from this, we require (in the worst case) potentially O(£22°) checks of inclusion
G < H (because K, can be of size O(2%) and we might have to check inclusion ¢2 times for
each). This is entirely determined by the choice of lattice base and is independent of n and

the dimension of X.

5.3.3 Computation of G

Once K, has been computed, we need to select a point estimate of Guax(f, K(G)). This
amounts to filtering out the elements that are not maximal and then sampling uniformly

from the remainder.
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Algorithm 2 Computation of Gy

1: procedure CoMmPUTEGHAT(K)

2 Set MaxElems = {I}

3 for Ge K, do

4: for H e MaxElems do

5: if G>H then

6 Remove H from MaxElems
7 if G<H then

8 Continue the G for loop

9

Add G to MaxElems
10: Return G sampled from MaxElems uniformly

Note that it is not a problem to remove H from the maximal element set in line 6, because it
is not maximal and this will not affect whether any maximal elements are added later. The
worst case computational time can be bounded trivially by | K| x [max K/| < 2%, though it
is likely that the true worst case performance is faster because of the trade off in the sizes
between K, ¢ and max K 0

5.3.4 Choosing the Lattice Base

The choice of the lattice base {Gi}le, is fundamental to the method. We want to cover large
portions of K(G) with the lattices K; for minimal numbers of tests conducted. Recall that
the Hausdorfl distance dg gy between compact subgroups G, H <G is given by:

d G, H) = max ( sup inf d(g, h),sup inf d(h, 5.6
k(9)(G, H) X(gegheH (g, 1), sup inf d( 9)) (5.6)

when G has a metric d, as with the matrix groups we have used as examples. The choice
will depend on the goals of the lattice base selection. We have optimised for the following

objectives:

(B1) Ky contains symmetries of interest to the practitioner;

(B2) Maximise the number of groups, |Kj|;

(B3) Maximise the pairwise Hausdorff distances dg gy (G, G;) for the compact Gi;
(B4) Minimise |G;| or dim G; for all G; in the base; and

(B5) Maximise |G| or dim G for all G € K.

These goals are roughly in order of importance. If there are no symmetries of interest then the
method described can still proceed, but of course any prior interest should be the top priority.

The second goal speaks to the efficiency of this method: as the ratio |K|/2° approaches 1 we
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get maximal information about the whole lattice K(G) out of the £ tests conducted. The
third spaces the groups around K, which ensures that you don’t waste tests on groups that
the data cannot distinguish. The fourth and fifth mean that we should run the tests on
smaller groups where we can cover with samples more easily, but that they give information

about larger groups.

The following recursive method for selecting the lattice base provides a general solution that
achieves a balance of the goals above. Suppose we are given a metric group G, a desired
number of groups ¢, and some starting symmetries of interest By = {G1,...,Gk} € K(G) that
form a lattice base. Then for i =1,2,..., we pick an element g ¢ \Vgep, G such that:

1) (9)nGe{I,G,(g)} for all G € By;

2) If G is finite then [g| = minyey,_, |hl;
3) dim (g) < 1; and
4) Tlgep, dg(g,G) is (roughly) maximised.

Then set Bj,1 = B;U{(g)}. The product in (iv) encourages equal spacing between the other
groups for a given sum of the distances. This of course requires the practitioner to know
about various aspects of the group theory of G, which are well known for all of the groups in

Section 2.3.1 among many others.

5.3.5 Choice of o;

There are a few simple choices for the significance levels «; for a finite sample n. The first
is to set a; = a/m for i < m, which is a Bonferroni correction for multiple testing. This is
attractive in its simplicity but allows for only a finite portion of K(G) to be searched.

Another choice is to pick a sequence with positive values for all ¢, for example a = %
This would allow for infinitely many groups to be tested, though with likely very low powers

for the later groups.

Lastly, we can pick a fixed level « and simply test all groups in the lattice base at this level,
as is done in many practical variable selection problems [Heinze et al., 2018] (although not
necessarily recommended given issues of post model selection inference). This of course can
affect the probability Pr(Gumax(f, Kr) € K;) but in practice often seems not to increase it
beyond « because the tests run on the same dataset are not independent. See Section 5.9.2

as a continuation of Example 61 for an example of this.
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5.3.6 Theoretical Properties of Gg and Kg

We now turn to the understanding how the properties of the hypothesis test used determines
the properties of the estimate Gy and the confidence region K, for a fixed lattice base of size
L.

Theorem 57. Suppose that the hypothesis test used is consistent at every significance level

a€(0,1). For any fized significance levels «; (that do not depend on n), we have:
(1) ]P’f(@g < Gax (f, Kg)) -1 when Gy is sampled uniformly from max K.

Moreover, there exist deterministic sequences of significance levels c;(n) for which:
P
(2) (TeStai(n)(D7Gi) 1= 1, ce ,E) —f> 1- 2(1G7L§Gmax(f7Kl) 1= 1, ce ,E),‘
(8) Gy is a consistent estimator of Guax(f, K¢), when Gy is sampled uniformly from max K,;
P
(4) K —5{G € K;: G < Guax(f, K2)}; and
. Py

P
where — denotes convergence in probability under the measure Py. The sequence of signifi-

cance values can be calculated if the power of Test, has a known lower bound.

The first statement says that we are probabilistically guaranteed eventually not to over-
estimate the symmetry. This means that the method presented is robust to type I errors of
the tests used, as errors on the true symmetries of f result in missed symmetries but do not
introduce errant ones. The statements (2)-(5) are equivalent formulations of the stronger

statement of consistency.

5.4 Hypothesis Testing for a Particular Symmetry

We now turn to constructing tests for the hypothesis Hy : f is G-invariant against the
alternative Hy : f is not G-invariant for use in the subgroup estimation, where G is any group
acting measurably on X. We present two options that make trade-offs in terms of generality
and guarantees. The first requires stronger assumptions but has a theoretical guarantee of
convergence, whereas the second makes weaker assumptions but has fewer guarantees and

requires more computation.

5.4.1 Asymmetric Variation Test

This test relies on the idea that if we know how quickly f can vary locally (i.e., we have a
relationship between |f(z) - f(y)| and dx(z,y)) then we can construct a test statistic that

measures the effect of permuting the covariates in X; under random transformations from
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the symmetry to test G.

If we can assume that the regression function f is in a class F of bounded variation, then
we can define V(z,y) = supcr|f(2) - f(y)|. This bound V' is used to identify if f varies
more quickly than V(g-x,y). An example of such a class are -Holder continuous functions
F(L,B) (defined in Section 2.1) for which V' (z,y) = Ldx(z,y)™#Y . The only real choice
here is L, as the continuous f can be uniformly well approximated by Lipschitz functions
of some steepness, so in practice one would use the bound V(z,y) = Ldx(x,y) using an as-

sumed L. If this bound is unknown then it could be estimated using techniques in Section 5.9.1.

Suppose that we also have a bound p; such that P(|e; — €;| > t) < p; for the independent mean
_ 20 exp(-t*/40?)
=& Nors

for independent and identically distributed Gaussian ¢; with variance o2 (Proposition 2.1 of

zero additive noise ¢; = Y; — f(X;), for all positive t. One example of this is p;

Adams [2020]), or in general one can use a Chebyshev inequality. Let p, be any distribution
on the group G, and let g ~ pug.

We can now define the test statistic based on a resampling procedure. Let m be the number of

%)J(a‘) = Y1) = Yil = V(gj - X1¢j), X(j)), where
g;j is sampled independently from pg4, I(j) is sampled uniformly from [n] = {1,...,n}, and

resamples. First, for j € {1,...,m} set D

J(j) is the index of the nearest neighbour to g; - X;(;) in the original data Dx = {X;}}.,.

Our test statistic is then N} = \{D%j) J(j) 2t} the distribution of which is controlled by the

following lemma.

Lemma 58. Under the null hypothesis of G-invariance, and for any fixed choice of resamples
m, N} is stochastically bounded from above by a binomial random variable Z with m trials

and probability of success py for sufficiently large sample sizes n. Le.,
P(N{ >¢) > p<P(Z>c) (5.7)

for all c e R.

Using this lemma it is straightforward to calculate p-values for this hypothesis via:
m

poa= 2 ()@= pm (53)

k=N?

which are guaranteed to have asymptotic type I error control at any significance level « € [0, 1],
i.e.,

Pt(ppa <) »a<a (5.9)

for all f that satisfy the null hypothesis of G-invariance.
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Choices of ¢t and of

The test presented here works for any choice of ¢ and variable g, though particular choices of
these will affect the power of the test. For example, if we choose t such that p; = 1 then our
p-value will always be 1 (as all the mass of Z will be on Z =m). Similarly if g = e € G almost

surely then we will also only reject with probability at most .

9;
1(3)J(5)
values tg < t; < --- <t with the values of p;, spread over the interval (0,1), and then taking

For the choice of ¢, we suggest calculating N from the sample of D at some grid of ¢
the p-value of Hy as the minimum p-value of each Nt’; . This is justified as the information
of the test is entirely contained in the set {D?J('j) J(j)};”:l, i.e., since the p-value is at most

P(Z > Nf | N7) for all ¢, we can take an infimum over ¢.

For the choice of pg, we suggest using a uniform distribution only on some set of topo-
logical generators, i.e., a set A with (7) = (G. This means that we don’t sample the identity
or other elements that generate only subgroups of G to which f may be invariant, but if
there is an element that breaks the invariance then one of the generators will too (by Lemma

65 in Section 5.8.3) so we should capture that chance.

Computational complexity

The main computational work is finding the nearest neighbour to each resampled point
95 X1(j)- A naive algorithm would search across all n samples to find J(j), which means that
the algorithm would cost O(mn) distance calculations. One improvement would be to store
the feature vectors X; in a k-d tree [Bentley, 1975]. Building such a tree takes O(nlogn)
operations, but can find nearest neighbours to a new point in O(logn) time. This speeds up

the asymmetric variation to O(mlogn).

Consistency of this test

Under the conditions above and some mild conditions on the noise distribution, and when
the number of resamples m increases slower than the true sample size n, we can prove that
the asymmetric variation test is consistent. The condition on the support of yux amounts to
restricting X’ to the closure of the support as a practitioner would usually do. The condition
that the noise admits a density is satisfied in many usual cases in regression (e.g. Gaussian
noise). The condition that we can bound the concentration of the noise tightly is somewhat
restrictive, but reflects the difficulty of the problem - if the asymmetry is obscured by more
noise then it is much more difficult to identify it. The condition on 14 ensures that we sample
from enough of GG to spot points where f is not G-invariant. A sufficient condition for this is
the sample uniformly from some set of topological generators as suggested above, or from

the uniform distribution on G when this exists.
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Proposition 59 (Consistency of the Asymmetric Variation Test). Set m such that m — oo
and m/n — 0 and fixt > 0. Suppose that the law of X has a dense support on X. Suppose that
e admits a density fe with respect to Lebesgue measure on R that is decreasing in |e|. Suppose
that pg is chosen such that P¢(f(g-X) # f(X)) >0 for any f that is not G-invariant. Then

P
the asymmetric variation test is consistent, i.e. Pyql 40 for all f that are not G-invariant.

5.4.2 Permutation Variant of the Asymmetric Variation Test

The asymmetric variation test (in the previous subsection) relies on both the existence of,
and the knowledge of, the bounds V' (z,y) and p;. In this section we show that we can relax
these assumptions and sometimes gain statistical power, but with increased computational

cost and without the theoretical guarantee of consistency.

Supposeﬂfor now that”,ug is a distribution on G such that dy (g1 - X1, 92 X2) D dx(X1,X5)
when g; i pg and X; i px. If px is G-invariant, then any distribution on G suffices. Then
under the null hypothesis Hy : f is G-invariant we have the equality:

Yi-Yj| p|f(gi-Xi) +e—fgj-X;) —¢] _ |Yi - Yj|

D _ 5.10
dx (X, X;) dx(gi - Xi,95 - Xj) dx(gi- Xi,95 - X;) (5.10)

for any variation bound V for f. Thus instead of comparing outputs at transformed points
9r1(i) - X1(;) to non transformed points X ;(;) as with the asymmetric variation test we now

compare the slopes above for transformed datasets:

D® = (¢ x,, Vi), (5.11)

where gi(k) it pg for all @ and k€ {1,...,B}. To ensure independence we split in half by
uniform sampling; half gets used for a baseline computation and half gets used for the trans-
formed datasets. For any non G-invariant function f we break the second equality of 5.10, and
when there is a bound V' as with the previous test then the right hand side is frequently larger

than the left. This leads to a resampling test with minimal assumptions defined in algorithm 3.

Under the null hypothesis and the assumption that p, preserves the distances, we know
equation 5.10 ensures interchangeability of the variables A(k) and Ag, so the type 1 error of
the hypothesis test Testo(D,G) = 1-21,, <o is controlled exactly at level « in finite samples.
If we drop the assumption that i, preserves pairwise distances then we can in fact show that
this test still has a valid asymptotic size under a modified condition that holds much more

generally.
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Algorithm 3 Permutation Variant of Asymmetric Variation Test

1: procedure PERMVARTEST(D, pg4, B)

2 for ke {l,...,B} do

3 Sample Z ¢ [n] of size [n/2]

4 Compute S = {|Y; - Y}|/dx(Xi, X;) i #j € [n]\T}

5: Ao(k) <« maxSo

6 Sample g; '~ ,ug for i e [n]

7 Compute S* = {|Y; - Y; |/dX(g(k) Xi,g](.k) -X;)i+jeT}
8 Ag(k) < max S¥

9 pvalel{k:AG(k) S"Lll)(k)}|/B

10: return p,,;

Proposition 60. Suppose that pg is such that there exists a positive constant T >0 such
that:
P(d(g; - Xi, 95 X;) <t) <P(d(X;, X;) < t) (5.12)

for allt <T, when i+ j and g;, g; g fg and X;, X; i w. Suppose that f e F(L,1) for some
L €R.y. Then the permutation variant is asymptotically valid at any size a € (0,1/2).

Proof of Proposition 60. We rely on some preliminary facts:

k (o X0)~ (65" X))l 4leie;]
IP( max S” = = max GO, 79(,@ %) d ) -1 (5.13)

X; X; €;—€;
]P’( max S° = H%%X L )d(f)((i’)gj_‘;' ") -1 (5.14)
P(argmaxmesz has d(gi(k) -Xi,gj(.k) X;)<T) > (5.15)
]P’(argmaxwe[ ]\ISO has d(X;,X;) <T) -1 (5.16)

The first two statements are due to the fact that |Y; = Y;| = [f(X;) - f(X;)] + |e; — €| with
probability 1/2 (and the null hypothesis allows for any transformation of the X; inside of f)
and otherwise |Y; - Y| is the smaller quantity ||f(X;) - f(X;)| - |e; - ¢;|| with probability 1/2.
Thus as n — oo the maximum will occur for the larger p0551b1hty w1th probability converging

to 1. The second two statements are due to the fact that

|f(gi- Xi) = fgj- X5)| +|ei — €] <L+ lei — €]
d(gi- Xi,g; - X;) T d(gi- Xi,95- X5)

(5.17)

and so the maximum of S* will eventually occur for small d(g; - X;, gj - X;) (rather than for
large |e; — €|, which is has the same distribution independently of the distance term) which
takes the second term to oo, and of course the same is true for S°.

Now note that each of these four statements must also hold conditional on D with conver-
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gence replaced by convergence in probability, because the statements above guarantee the L'

convergence of these D-random variables.

Lastly note that the condition on the distribution of each g; ensures that

P55y <01d(X:, X)) < T) < Py <01 d(gi Xings- X;) <T)  (5.18)

for all § > 1/T" (noting that the noise terms are independent of the X; and g; terms).

Let A denote the intersection of the events considered in equations 5.13. We know that for

sufficiently large n:

lei—¢;]
IP’( max 5

lei—€5]
ije[n]nz UXiX5) SmaX - Ty Py ‘AD) <1/2 (5.19)

heT dg(-X,gX,)
as the maximum will occur for large arguments with high probability which then use the

above condition, and using the independence of the samples from the data splitting.

Thus conditioned on D the permutation statistics are independent trials with probabil-
ity of success ¢ > 1/2 and so Algorithm 3 gives valid (though perhaps conservative) p-values
under the null hypothesis (as F}, ,,p(aB) < Fg(aB) < a for K ~ Binom(B,1/2), see Lemma
73). O]

Note that the proof here relies on the Lipschitz bound of f through equation (5.17), but the
algorithm does not require knowledge of the particular Lipschitz constant L. This means

that we can avoid the problems of potentially having to estimate it from the previous test.

Choice of sampling distribution on the group

The practitioner has a full choice of the sampling distribution p4 from the group G; any choice
will give a valid test as long as it satisfies the condition of Proposition 60. This condition can
be examined empirically with a Q-Q plot of the empirical quantiles of {d(X;, X;) :i # g € [n]}
and {d(g; - Xi,9;- X;):i#j€e[n],g i g} If the quantiles of the original data have more
mass for lower values then we assume that the sampling distribution is appropriate. If
we know the sampling distribution of the covariates X; exactly one can instead verify the

condition theoretically.

This condition holds very broadly, but can be broken for some actions of non-compact
groups. For example, consider the action of R.o by scaling on R? (so g- X = ¢gX): if g
only places mass on the interval (0,1) then it will contract the distances between trans-

formed data points. This can of course be avoided by picking a distribution with mass on
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the values above one, which is why this testing approach can work even for non-proper actions.

Regarding the optimal choice: we want to sample from as much of the group as possi-
ble but still want to maximise the mass of d(g; - X;,g; - X;) near 0. As with the previous
test we can achieve both goals by constructing a set of topological generators of G (where
possible) and sampling uniformly from this set. Other good choices are simply to pick the
uniform distribution on G (if it is compact) or on a symmetric! neighbourhood of the identity

(if it is locally compact).

Computational complexity

This permutation method requires O(nB) samples and transformations of the inputs X;
and then the computation of O(n?B) distance matrices. The remaining computations (the
computing the maxima and the comparisons) are negligible in comparison. Thus the overall
complexity is O(n?B) which is at least B times more intensive than the Asymmetric Variation

Test (with the choices suggested in its section).

5.5 Numerical Experiments

We now demonstrate the performance of the point estimate G and of the confidence region
K, on synthetic datasets. The first simulation is a low dimensional regression estimation
where we can directly quantify the error £ (K’ ¢) directly. The second simulation then considers
the effect of using the estimated group Gy to symmetrise an estimator f of f and consider

the mean squared prediction error.

In Table 5.1 we summarise the simulations with the proportions of correct point estimates of
the maximal symmetry (i.e., where Gy = Gmax(f, K¢)) when Gy is sampled uniformly from
max K. Note that almost all of the failures are overestimation of the confidence region, so
these do not indicate type 1 failures. Also note that the permutation variant appears to
reach a plateau in power, particularly in the dimension 2 example of Example 61. This is
due to the density of samples with sample pairwise distances, which makes the test more

susceptible to noise. Where simulations were not run these are marked with a dash.

All tests were conducted locally on a 2020 13” MacBook Pro laptop with a 2 GHz Quad-Core
Intel Core i5 processor and 16GB of RAM. All code is available on GitHub at:
https://github.com/Ichristie/estimating symmetries.

'symmetric here meaning that A € G has {a™':a e A} = A.
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5.5 Numerical Experiments

Table 5.1 Proportions of correct symmetry estimation.

Example | Scenario Test | n =20 50 100 200 500
Dimension 2 AVT 0.18 0.67 0.98 1 1

PV 0.010 0.295 0.545 0.650 0.590

61 Dimension 4 AVT 0 0.015 0.010 0.180 0.910
PV 0 0.015 0.150 0.755 0.930

Dimension 6 AVT 0 0 0 0 0

PV 0 0 0.005 0.110 0.715

Spherically Symmetric PV 1 1 1 1 -

62 Rotationally Symmetric PV 0 0.6 1 1 -
Totally Asymmetric 1Y% 0 0.02 095 1 -
Misspecified Lattice PV 0 0 0.05 0.87 -

Example 61 (Finite Group in Low Dimensions). Consider the regression functions:

fa:(z1,...,2q) ~ exp(=|z1]) (5.20)
for each dimension d = 2,3,4,... and suppose that X; i N(0,41;) and ¢; i N(0,0.05%).
Consider the group D4 acting by rotations and reflections of the x1-xo plane. We consider

the lattice base:

(G}, = {(BA), (R (R (R)), (R, (Repa)) (5.21)

which has Ky = L(Dy4). Note that Ry, reflects through the xo line in this x1-xo plane, and R,
through the x1 line etc. Then the symmetries Ry, R,, and R, all apply to fq as they only
change signs of x1 and x3. However R;, R\, and Ry, do not because they exchange x1 and

x9 (as well as change signs). Therefore the correct object we wish to estimate is:

Gmax(fdaKZ) = (Rh7RT(') (522)

for every dimension d, and the correct test result vector would be (1,1,1,0,0,0).

We tested each null hypothesis Héi) 1 f is Gi-invariant at the a; = 0.05 significance level.
This means that K; will be a 0.7 confidence region for Gumax(f, Ky) per Theorem 57, but
we see that it contains this object much more frequently in section 5.9.2. FEach sampling
distribution from the groups are uniform on the group. The asymmetric variation tests had
t=2,0=0.1, pr = %"%, and the number of resamples equal to the number of samples.
The permutation variants used B = 100. Both tests assume that f € F(1,1), the class of

1-Lipschitz functions.

The results of these simulations for dimensions 2 and 4 are plotted in Figure 5.4 for the
performance of the confidence region Ky. Note that if 5(Kg) =0 then Gy = Gmax (f, Kp).
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These plots show that the Asymmetric Variation Test can detect this asymmetry reliably,
though this performance decays with higher dimension as the X; become spaced with further
distances. The permutation variant interestingly struggles more in low dimensions, exhibiting
moderate errors even when n = 300, though outperforms the AVT in dimension 4 and above.

Results for the higher dimensional simulations are available in section 5.9.2.

In this example computations of the asymmetric variation test when n = 100 and d = 4

each took 0.004s and computations of the permutation variant each took 0.118s.
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Fig. 5.4 This figure describes the results of the simulations in Example 61. Subfig-
ures (a) and (b) track the confidence region excess £(Ky) for each test used (black
for the asymmetric variation test and red for the permutation variant), in dimension
2 for (a) and dimension 4 for (b). The error bars are Wald 95% Confidence Intervals
for the true expected excess.

Example 62 (Simulation of Symmetrised Estimators). We now consider an example of
estimating continuous symmetries. Suppose that the domain X is R® and let G = SO(3,R)
act on X by matriz multiplication. Let K, be the sub-lattice of K(SO(3,R)) with lattice base:

(G}, ={S}.5L,.5L, 5.

err~er~es3r ur)

, Ss» SO(3) }- (5.23)

Here the azxes u1,...ug (given explicitly in appendiz 5.9.2) correspond to non-parallel unit
vectors through the vertices of a regular icosahedron, rotated such that the distances to the
standard basis vectors are roughly maximised (as with section 5.3.4). We consider three

possible regression functions with differing levels of symmetry:
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Regression Function Mazimal Symmetry

fi(z) =sin(]z|2) Gmax(f1,K¢) = SO(3)  Spherically Symmetric
fa(z) =sin(|z1]) + COS(\/W) Grmax(f2, K¢) = SL, Rotationally Symmetric
fa(x) =sin(|z1]) + 0.224 — cos(x3) Gmax(f3, K¢) =1 Totally Asymmetric
fa(z) = fa(Ro.1,e5) Gmax(f3, K¢) =1 Symmetry not in K,

where Ry 1., 15 the rotation matriz of 0.1 radians around the z axis. This means that f4
has symmetries that are isomorphic to those of fa, but are not included in the lattice K.
This demonstrates the usefulness of these methods even in the case when the lattice K, is

misspecified.

We simulate regression data D = {(X;, f(X;) + €}, and D' = {(X], f(X]) + €, }I*, where
X; M N(0,213), X! N(0,213), and €, €, "™ N(0,0.012). We again assume that f € F(1,1),

1

the class of 1-Lipschitz functions.

We estimate Gy using the permutation variant of the asymmetric variation test with B = 100
and pg sampled uniformly from each group. We then consider the problem of estimation
of f, using an estimate that has been symmetrised by Gy In particular, we consider three

regressors:

(A) A standard local constant estimator (LCE) f(x,D) with bandwidths selected by cross-
validation (the default in the R-package NP [Hayfield and Racine, 2008]);

(B) A symmetrised LCE fg(ﬂé(x), {(WG(Xi),Y;)}?:l) (utilising data projection); and

(C) A symmetrised LCE that splits D into independent pieces half the size of D, then using
the first half to estimate Gy only and the second half to estimate f afterwards as with

(B).

Here mg : X - X[G is the natural projection given by mwi(x) = x, mso3y(z) = ||z|2, and
msr(3)(*) = 1zz0. The natural projection for the circle groups are given by ﬂ'si(x) =
(x - u, \/W) We have chosen local constant, rather than local linear for ex-
ample, estimators because of computational time and because we do not have boundary effects

with the domain.

The mean squared prediction errors are plotted in Figures 5.5 and 5.6. We see that for
scenarios 1 and 2 the MSPE decays rapidly and is able to correctly generalise once G is
more likely than not to estimate the correct symmetry. When there is no symmetry present,
as with scenario 3, the we quickly see convergence of fg - f]P;J; 0. Interestingly, we see no
empirical benefit from splitting the data into independent pieces, suggesting that the errors of

the group estimation and the functional estimation are uncorrelated. In the fourth scenario at
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low sample sizes, using the errant symmetry to symmetrise the estimator reduces the variance
more than it increases bias resulting in smaller MSPE. At higher sample sizes it correctly

rejects the Sc}l symmetry and the estimator converges to the baseline.
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Fig. 5.5 Mean squared prediction errors for the three estimators, under scenarios 1
and 2. The averages over 100 simulations are shown in black for f, in blue for f2,

and in red for f é . The error bars are Wald 95% Confidence Intervals for the true
mean squared predictive error.

5.6 Applications to Real Data

We now demonstrate these methods on two real world datasets. The first is from geophysics,
where we seek to estimate the Earth’s magnetic field. In this example, we show that our
confidence region built from satellite readings contains the identity only. This supports the
practice of modelling an asymmetric magnetic field, as in Thébault et al. [2015]. The second
example explores the spatio-temoral relationship of sunspots. We show that in this example
our estimated maximal symmetry of this relationship is rotational, and consistent with the
phenomenon known as Sporer’s law [Babcock, 1961] for most of the 12 available solar cycles.
The other four cycles have Gy = I, which indicates that there are longitudinal effects along

with the latitudinal effects in Sporer’s law.

5.6.1 Satellite Based Magnetic Field Data

The European Space Agency (ESA) launched the SWARM mission in 2013 to measure the

Earth’s magnetic field and other related properties. This consists of three satellites orbiting
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Fig. 5.6 Mean squared prediction errors for the three estimators, under scenarios 3
and 4. The averages over 100 simulations are shown in black for f, in blue for f2,

and in red for f é . The error bars are Wald 95% Confidence Intervals for the true
mean squared predicted error.

between 450km and 530km above the Earth’s surface. These measurements complement the
observations at ground based observatories to better model the field for use in navigation and
geospatial modelling. This vector field B : R? - R? is generated primarily by the rotation of
the inner core, but is also affected by: magnetised material in the Earth’s crust; electrical
currents in the upper atmosphere caused by solar winds; and the interaction of the sun’s
magnetic field. Without these additional effects it is reasonable to model the field as one

would a bar magnet, with a rotational symmetry through the magnetic poles.

Given these effects can break this symmetry, the vector field B on and above the Earth’s

surface at time ¢ is typically modelled as the gradient of a potential field B = VV where:

13 n n+l

Vio.an=ay > (2) (670 cos(me) + B ()sin(me) )P (cos(0))  (5:24)
n=1m=0 \T

in the International Geomagnetic Reference Field (IGRF) [Thébault et al., 2015]. Here

a =6,371.2km is the Earth’s radius, 6 is the geocentric co-latitude, ¢ is the east longitude.

The functions P as the Schmidt quasi-normalised associated Legendre functions of degree

n and order m. The Gauss coefficients g)* and h]" are then fitted using observational data

from ground based stations.
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Using the data of the ESA SWARM satellites, accessed via the VirES client (https://
vires.services/), we can estimate the symmetries of the field. A full description of the data
source is available in appendix 5.9.2. We use 1000 measurements of the field intensity |B||2
as the response variable chosen uniformly at random from the observations on the 25th of

February 2023. These measurements are plotted in Figure 5.7.
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Fig. 5.7 A visualisation of the measurements of the Earth’s magnetic field, using
the 1000 samples on February 25, 2023. In subfigure (a), red dots represent the
high intensity measurements that occur towards the poles, and blue dots the regions
of lowest intensity towards the equator. Red numbers indicate longitude and blue
numbers represent latitude. In subfigure (b) intensity high magnetic field intensity
is displayed in light blue and low intensity in dark blue.

We have used the same symmetry estimation procedure of Example 62, with six additional
symmetries in the lattice base (corresponding to vertices of a further offset icosahedron).
These axes of these S! rotational symmetries are given explicitly in Section 5.9.2. We have
used the permutation variant because we do not know the noise distribution explicitly. Unlike
Example 62, the data is not distributed symmetrically around the sphere, but examinations
of the Q-Q plots in Section 5.9.2 show that the condition of Proposition 60 holds empirically

for the uniform distribution on all tested subgroups.
All symmetries were rejected at the a = 0.05 significance level, so the estimated maxi-

mal symmetry is just trivial group I. This supports the modelling approach of the IGRF

and rejects the simpler bar magnet model of the Earth’s magnetic field.
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5.6 Applications to Real Data

5.6.2 Sunspots and Sporer’s Law

The Sun’s photosphere has small regions of low intensity, known as sunspots. These sunspots
occur due to complex interactions between aspects of the inner and outer solar magnetic
fields, as described in Babcock [1961]. As noted in Garcia-Portugués et al. [2020], the distri-
bution of the locations of these spots over each orbit is approximately symmetric around the
rotational axis of the sun. However, this distribution depends on time within each solar cycle
(the period between reversals of the polarity of the magnetic field) - the latitudes decrease
over the course of the period. This phenomenon, known as Spdrer’s Law, is explained by

an intensification of the twisting that causes the sunspots that culminates in a polarity reversal.

Records of the sunspots over the last 13 solar cycles (cycles 12 - 24) are readily avail-
able in the R package rotasym [Garcia-Portugués et al., 2020]. This was originally collected
in Debrecen Photoheliographic Data (DPD) sunspot catalogue [Baranyi et al., 2016]. We
have taken a uniform sample of 250 sun spots from the 21st solar cycle and taken a local
average of time of occurrence of sunspots from the entire catalogue of that cycle. This data
is represented as the vector (x;,y;, 2, t;) with x? + yf + 212 = 1. The locations of the spots
in this orbit are shown in Figure 5.8. The plot of time vs. latitude shows the Sporer’s law
seems valid—the sunspots closest to the equator do appear later in the cycle than the ones

away from it.
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Fig. 5.8 Locations of all sunspots during the 21st recorded solar cycle, from the
rotasym R package. The colours represent the time with the cycle, with blue towards
the start and red towards the end. The blue numbers in subfigure (a) indicate
latitude, the red longitude in degrees. Also shown is a marginal of time against
latitude in subfigure (b) for 250 points uniformly sampled from this cycle.

117



Estimation of Maximal Symmetries via Subgroup Lattices

We can examine the symmetries of this relationship between the locations X = (z,y, z) of the
observed spots and the mean time of occurrence conditioned on locations f(z,y,z) = E(¢|
x,y,z). Whilst this is not the usual regression situation, where we would predict location
given the time, it is mathematically equivalent. Specifically, if the spatial distribution condi-
tioned on time is invariant to G, then the conditional mean E(t | z,y, z) must be too?, and
so we can use the symmetry testing and estimation techniques to give the largest possible

symmetry of this conditional distribution.

We have conducted tests on the same lattice base as in the previous application, so the lattice
base is:
{Gi}i2 = {Su1s Suzy - -+ Sy Sy, 2, SO(3)} (5.25)

The vectors u; are given in Section 5.9.2. We used the permutation variant with B = 1000
because we do not know the noise distribution. Sampling from each group was done by
sampling an angle uniformly on [0,27) and constructing the rotation around the axis by
this angle. As suggested in Section 5.4.2, we checked Q-@) plots between the original and
transformed pairwise distance distributions, which showed that these sampling distributions

are suitable in light of Proposition 60. These are available for cycle 21 in Section 5.9.2.

For this cycle and all others with data available in rotasym, the confidence regions for the
maximal symmetry of E(¢ | X) are shown in table 5.2. Four of the cycles are consistent
with rotational symmetry of the conditional mean around the z-axis. This is in agreement
with the symmetries of the distributions of Garcia-Portugués et al. [2020], where all cycles
except for the 22 have a symmetric marginal distribution of locations around the z-axis.
Interestingly the rejection of symmetry of the conditional distribution suggests that perhaps

there is a unique conditional mean location that follows a spiral pattern in towards the equator.

5.7 Discussion

We have given methods for finding and using symmetry in regression function estimation.
We have shown that we can generalise the idea of variable subset selection into selection of
non-linear combinations of the variables by placing them within the framework of subgroup
lattices. We have developed methods for testing and used these to estimate the maximal in-
variant symmetry of a regression function. We have demonstrated the power and applicability
of these tests across several numerical experiments, showing that when the symmetry exists

our methods do detect this consistently and that this can significantly improve estimates of

2This is seen by considering first the marginal of the spatial distribution (which must be G-invariant), and
then applying Bayes Law and the invariant of the conditional and the marginal as required.
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Table 5.2 Confidence regions for each solar cycle

Solar Cycle | Confidence Region

12 {1}

13 {I,GH,G15}
14 {I}

15 {I}

16 {I,G15}

17 {I}

18 {I}

19 {I}

20 {I,G15}

21 {1}

22 {I}

23 {1}

24 {I,G15}

the regression function. The estimation of the maximal symmetry using this method has two
main advantages over the M-estimation in the previous chapter. It has built in inferential

properties and it is often much faster computationally because it avoids estimating f directly.

A limitation to this method is that by restricting to a finite sub lattice of K(G) we might
miss some true symmetries of f that are not within this lattice. If the sub lattice chosen
is also an d-cover of K(G) (in the metric of the previous chapter), then we would hope
that the symmetries close to the true maximal symmetry would not be rejected because the
power of the tests would be lower. It would be interesting to bound the power of this test
in terms of the symmetric gap ||f — Sgf|3 (under the conditions that G is compact and p
is G-invariant) and then investigate the behaviour of the lattice estimator when the base is
chosen as a §-cover using the § from Theorem 41. Increasing the size of the lattice base in
this case worsens the multiple testing problem but could still lead to consistent estimation if

P(pyar > @) = 1 under the null hypothesis for appropriate choices of .

The main limitation of this method is that Gy is biased towards more symmetry because
it relies on a hypothesis test that does not always have power. This can help alleviate the
sub-lattice problem because we can still end up with an estimate ideally close to the true
symmetry rather than simply rejecting everything because the only true symmetry in the

lattice is the identity. This is observed in the misspecified lattice in Example 62.
This method could be improved by a more thorough treatment of the multiple testing

effects. We have taken perhaps the most conservative approach of just using the Bonferonni

correction, but there are many other methods to control the family wise error rate such as
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Holm’s step-down procedure [Holm, 1979]. We could also look to adapt the DAG testing
approach used in Miiller et al. [2023] as mentioned in Section 2.8, noting that the lattice we

use also forms a directed acyclic graph (DAG).

It is also worth considering methods akin to forward selection and backwards elimina-
tion in the variable selection literature. One could, for example, look to minimise residual
sum of squares of the smoothed models fG over the lattice K at each level as with forward
selection. This would extend the M-estimation strategy of the previous chapter to make use

of the lattice structure of the subgroups.

One issue with the hypothesis tests used is that the power of the tests depends highly
on sampling data with small distances d(X;, X;) for X;, X; i i. As the dimension of
the covariate space increases this distribution can shift right—if X; oy ([0,1]*) pairwise
distances will be closer with greater probability than if X; My ([0,11%) whenever a < b. This
is more a problem with an “effective dimension” of the distribution p rather than the space
we observe the data in: if p is concentrated on a low dimensional submanifold then the

pairwise distances can remain small and the tests retain power.

5.8 Proofs and Further Mathematical Details

5.8.1 Proofs in Section 5.2

Proof of Proposition 49. We need only show that K(G) contains supremums and intersections
(with respect to the subgroup ordering) of arbitrary pairs G, H € K(G), and that these are
given by the join and meet operations in the statement. If G, H € K(G), then consider that
G n H is still the infimum as with the subgroup lattice. For the supremum, consider that
G,H < (G, H) by definition, so this is an upper bound. If G,H < A€ K(G) then (G,H)< A
and so m < A=A, and so m is in fact the least upper bound and we are done. []

Proof of Proposition 52. First, note that (G1,...G¢) g (g) must contain all groups of the spec-
ified form by the definition of a lattice. Thus we need to show that the set of such groups
forms a lattice. Let G = G;, v---Vv G;, and H = G, v---v Gj, be two groups in the set
considered. The supremum G v H is also of the form specified because of the commutativity,

associativity, and idempotency of the operation v [Schmidt, 2011].

For the infimum, first define Z = {i € [¢]: G; < GnH}, and let A = ;7 G;. See that A<GnH

by definition. Take any element g € G n H, and take sequences {5} nen € (G4, @ a € [m])
and {g} ey € (G, : a € [a]) both convergent to g. If there is a subsequence of either in
(G :i€T) then g € A. If not, then by the pigeon hole principle there must exist a subsequence

of {g$} contained in some G, for i, ¢ Z, and similarly for {gX’} in some G, , for jo ¢ Z.
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But then g € G;, n G, as both are closed groups. However, since i, jo- ¢ Z we know that
Gi, nGj, = I (as if one were contained in the other then the index of the smaller group
would be in Z), and so g = e € A. Therefore A =G n H and so the set described contains all

infimums and so is a lattice. O

Recall from section 2 that Proposition 13 required proof, which we now do here all with a

few supporting lemmas.

Lemma 63. Let G be a group with subgroups G, H < G. Suppose that f : X - R is G-invariant.
If H <G then f is H-invariant. If f is H invariant then f is (G, H)-invariant.

Proof of Lemma 63. The first claim is clear: if f(g-X) = f(X) for all g € G almost surely
then it is true for all g € H ¢ G. For the second, take x € X and a € (G, H). Express
a= a’f---ai’“, where a;j € G or a; € H and i; € N for all j € [k]. Then see that

fla-z) = f(ay - (a5}t - X)) = f(az il - X) (5.26)
almost surely so the second claim follows by an induction on k. ]

Lemma 64. Suppose that f is not G-invariant for some subgroup G < G. Then f is not
H-invariant for any H with G < H <G. If f is H invariant then f is not G' invariant for
any G" with (G',H) = (G, H).

Proof of Lemma 6. The first result is just the contraposition of Lemma 63. The second part
also follows as if f were G’ invariant, then it would be G < (G', H) = (G, H) invariant.  [J

We can now prove Proposition 13.

Proof of Proposition 13. Let Gumax = (H < G : f is H-invariant), noting that f is I-invariant
and so there is at least one such H. Then the previous lemma gives the first condition of

maximal invariance, and the second is trivial and implies also uniqueness. ]
Proof of Proposition 12. These rules are simply a restating of the Lemmas 63 and 64. [

Proof of Proposition 55. This follows from exactly the same reasoning as Proposition 13,

except here we need only consider finitely many groups H and have to take a closure operator:

A=(H ¢ K : f is H-invariant) (5.27)

Since I € K, we know A > I. Since K is a finite lattice, A must also be in K. Lastly note
that Lemma 63 implies that f is A-invariant and so A < Gax(f,G). O
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5.8.2 Proofs in Section 5.3

Proof of Proposition 56. We check the conditions (R1) - (R3) in order. The first is trivial

because each test is a measurable function.

For the second condition, suppose that G € K, has subgroup H. Then if G; < H, we
must have G; < G. Thus we must have Test,,(D,G;) =1 for all G; < H< G, so H € IAQ.

Since K ¢ always contains the trivial group I we need only consider the case where Gax(f, K) >
I. Let Z={i€[l]:G; < Guax(f, K)}. If Gax(f, K) is not contained in Ky, then at least
one of the hypotheses Hél) is rejected for some ¢ € Z. Thus:

P(Grmax(f, K) ¢ K;) = P(Testq, (D, G;) = -1 for some i € T) (5.28)
< 3 P(Testq, (D, G;) = -1) (5.29)
i€l
{
SEaaiSZmSZai:a (5.30)
ieZ i=1 ieN
which gives condition (R3). O

Proof of Theorem 57. First note that Py(Testq,(D,G;) =0) — 1 for all G; £ Guax(f, K¢) by

the assumption of consistency of the test. Thus:

P(Gy ¢ Guax(f, K1) <Pp(Testa, (D, Gi) = 1 for some Gy ¢ Grmax(f, K¢)) (5.31)
< > 1 -Ps(Testq,(D,G;) =0) -0 (5.32)
GiiGmaX(vaZ)

giving the first statement. Now let P, be a lower bound on the power of the consistent test
used, which must be an increasing sequence (with respect to n) for each fixed o converging
to 1. We first construct the sequences of significance levels. Simply take some fixed starting
points a;(1) for i € {1,...,£} and set a;(n) = a;j(n—1) until P,,,) > 1-a;(n)/2, then set

ai(n) = aj(n—-1)/2. With this sequence of significance levels, we have the convergences:

IEDf(TeStozi(n) (Da Gl) = 1) -1 VG < Gmax(f7 Kﬁ) (533)
Pf(TeStai(n) (D, GZ) = 0) -1 VG ,{- Gmax(f7 Kf) (5'34)

From these it is clear that TestResults (as defined in algorithm 1) converges in probability to

the vector of subgroups of Gax(f, K¢).

This then implies that P;(G € Ky) — 0 for each G ¢ {G € K; : G < Guax(f, K¢)}, s0
we have the convergence in probability of K; to {G € K;: G < Guax(f, K¢)}. Since this set
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has only one maximal element, Guax(f, K¢), we know that Gy converges in probability to
this. 0

5.8.3 Proofs in Section 5.4

Proof of Lemma 58. Under the null hypothesis of G-invariance, we know that

Y = Yj| = [f(Xi) - f(X;) + e — g (5.35)
=1f(g-Xs) = f(X;) + € — ¢ (5.36)
<|f(g-Xi) = F(X))] + lei — €] (5.37)
<V(g-Xi, Xj) + e — €, (5.38)

so we know that DY, = |Y; - Yj| - V(g- Xi, X;) <|e; —¢j| for all 4,j € {1,...,n} and g€ G. In
particular, this is true for j chosen such that d(g- X;, X;) is minimised. If we then count
how often Df’j is larger than some threshold ¢ € Ryg, we can bound the probability using the

concentration of |e; — €.

For fixed m, the D?Zj) J(j) are asymptotically independent (because it is vanishingly un-
likely that we sample the same g; - Xp(;y or that two g; - X;(;) share a nearest neighbour).
Thus under the null hypothesis, N/ is eventually stochastically bounded by a Binom(m,p;)

variable. 0

We require the following result to simplify the sampling distributions when testing for

symmetry in section 5.4.

Lemma 65. Suppose f : X - R is continuous and G acts continuously on X. If G is
topologically generated by a finite set {g1,...,grx} and [ is not G-invariant, then f is not

invariant to at least one group generated by a topological generator (g;).

Proof of Lemma 65. Let g € G be such that P(f(g-X) = f(X)) <1, and let {h;};2; be a
sequence in (g1, ..., gx) that approximates g. Suppose for the sake of contradiction that f is
invariant to every (g;). Then f(h;-X) = f(X) almost surely (as h; is a finite product of only
g; terms) for every i € N. But then the continuity of f (noting that X is a first countable

metric space) implies

f(X) = lim f(h;- X) = f(lim h; - X) = f(g- X) (5.39)
almost surely - a contradiction. O

The proof of proposition 4.1 relies on several supporting Lemmas. In the following we use

P
the notation X — x to indicate that the random variable X converges in probability to x.
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Lemma 66. In the context of Proposition 59, if the support of ux is dense in X then
P
dx(g9- X1y, Xs0y) = 0 (5.40)

Proof. For any n € Ryq, the probability that dy (g - XI(l),XJ(l)) >n given I, g is equivalent
to a binomial variable K with n trials and probability of success p = px (X ~ B(g- X(1),7))
being 0. Since the support of py is dense in X, ux(B(g-Xy(1),7)) >0, and so

P(dx(9- X1y, X)) 2n) <P(K=0)=(1-p)" (5.41)
As n — oo, this clearly goes to 0 for all , and for all I, g. O

In the following let Fx(x) be the distribution function of the real valued random variable X.

Lemma 67. If X and Y are independent real random wvariables, and Y is symmetrically
distributed around 0 (so Fy (t) = 1-Fy(-t) for allt € R) and admits a density fy with respect
to Lebesgue measure on R that is decreasing in |y|. Then P(|X +Y|>t) > P([Y] > ¢).

Proof. First note P(X +Y >t) =Ex(P(Y >t - X | X)) =1-Ex(Fy(t-X)). Thus

P(X +Y|>t)=P(X+Y >t) + P(X +Y < ) (5.42)
ZQ—EX(Fy(t—X)-i-Fy(t-i-X)) (543)

Let ¢(x) = Fy (t—x) + Fy (t+x). Since Y is absolutely continuous (w.r.t. Lebesgue measure)
with density function fy, we can see that ¢; has a critical point at x = 0. Moreover, if z >0
then

dp(z)=fy(t+az)-fy(t-z)=fy(t+z) - fy(~t+z) < fy(t+z) - fy(-t-2)=0 (5.44)

as fy is decreasing in |y|. Similarly ¢;(x) >0 if  <0. Thus z =0 is a maximum and so we

have
P(|X+Y| > t) = Q—Ex(Fy(t—X) +Fy(t+X)) > 2—Ex(Fy(t) +Fy(t)) = ]P)(|Y| > t). (545)

as required. O
Lemma 68. If X ~ Binom(n,p) and Y ~ Binom(n,q) with p<q , then Fx(Y) 51

Proof. First note that Fx(Y) = FX(\/%) where X = \/%, which has X 3 N(0,1)
by the de Moivere - Laplace theorem (DLT). Then we also set:

v__ Y-np ( Y -ng q-p )\/Q(l—Q) (5.46)

J(-p) \/nq(l—q)Jr\/ﬁ\/Q(l—Q) Vp(l-p)
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Again by DLT, the first term converges to N (0, (;((11:33 ), but the second term diverges to +oo

(as ¢ >p). Thus Y 2 o and so clearly FX(?) 5 1, as required. O
We can now return to the proof of Proposition 59.

Proof of Proposition 59. Since the support of ux is dense in X', Lemma 4 gives dx(g -
X1y X50)) £ 0. Now consider

Ditiyicy =Yty = Yol = V(- Xiggy: Xa) (5.47)
=1 (X15y) +ergy = F(Xugy) —eanl = V(g X1y, Xs65)) (5.48)

We have that V (g-X1(;), X 5(;)) = 0 as the distance goes to 0, and also f(X ;(;))~f(9-X1(;)) B
0. Thus with X as a variable with the same law as each X; and g with the same law as each
9j,

D06 BN +e0) = g+ X) el =69, X) + 1 (5.49)

where ¢(g,X) = f(X) - f(g-X) and 1 = ¢ — €;. Definitionally, this means

P(Diij)J(j) >t) > P(l¢(g, X) +n| 2 1) (5.50)

Under Hy, ¢(g,X) =0 almost surely, so this probability is given by PP = P(|n| > t). Under
H,, ¢ must take non zero values with some positive probability (using the condition on the

distribution ug). Thus we can use Lemma 67 to say that

P =P(lo(g, X) +nl >t Hy) > P} (5.51)
Let N be large enough that P(Di]Zj)J(j) >t)> (P} - P%)/2> P for all n.> N.
Now consider that under the alternative hypothesis, N/ ke Binom(m,]P’(D?J('j) 1G) 2 t)),

which is stochastically bounded from below by A ~ Binom(m, (P! - P?)/2) for n > N. This
gives, using Lemma 68, with A’ ~ Binom(m, P), that

Poat = 1= Far(N?) <1- F4(N?) 50 (5.52)

as required. ]

5.9 Related Topics

5.9.1 Estimating Lipschitz Constant of f

As noted in section 5.4.1, if the bound V is not assumed then we may need to estimate it

from the data. In the same vein as this test a natural estimate for V is ﬁd(m, y), where Lis
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the smallest positive L such that Ny < Qp, p, (o) where Ny is the same tests statistic before
but where p, only has support on the identity e and @, p, () is the a-quantile of a binomial

variable with m trials and probability of success p;.

Of course, such an estimate is very much not independent of the asymmetric variation

test so this could be estimated using a data-splitting approach if needed.

5.9.2 Further Details on the Experiments and Applications
High dimensions for Example 61

As in Example 61, we plot the confidence region excess & (K ¢) for dimensions 6 and 10 in
Figure 5.9. We see that the asymmetric variation test is unable to reject any symmetries in
these higher dimensional settings, but that the permutation variant can. This is mostly due to
the large spacing between the datapoints in these high dimensions. Note that X; N (0,21)

so the data points are spaced further in higher dimensions.
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Sample Size (n) Sample Size (n)
(a) E(K;) when d =6 (b) £(K;) when d =10

Fig. 5.9 A replica of Figure 5.4 for dimensions d = 6 and d = 10.

Effect of using a fixed «; in Example 61

As mentioned in Section 5.3.5 and in the variable selection literature [Heinze et al., 2018],
one might choose to conduct all tests at the same significance level, i.e., a; = a. We can use
the experiments in Example 62 to examine how this choice affects the confidence region. In
Figure 5.10 we plot the proportion of the confidence regions that contain the true maximal

symmetry Gmax(f, K¢). Each test was conducted at the significance level «; = 0.05, which
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guarantees that K is a 0.7-confidence region for Giax (using the Bonferroni correction).
However, we see in all trials the tests were conservative enough to keep the containment

proportions within 1 — «; for all simulations.
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Fig. 5.10 Plot of the frequency with which Gmax(f, K¢) € K¢ in the 200 simulations
of Example 61. The black squares represent the results when using the asymmetric
variation test and the red triangles for the permutation variant. The lower and upper
blue lines represent the 0.7 and 0.95 confidence region error thresholds respectively.

Power and size of the hypothesis tests

We now provide the results of each test conducted in Example 61 in order to gauge the
empirical size and power of the asymmetric variation test and the permutation variant. These
are summarised in tables 5.3 and 5.4. Recall that for each dimension d, the function fy
is invariant to the groups G1 = (Rp), G2 = (R,), and G3 = (R,) and is not invariant to
Ga=(Ry), Gs = (R\), or G = (Ry2).

The results show that both tests have the correct size empirically, and are conservative.
The asymmetric variation test is shows its consistency in dimensions 2 and 4, but lacks power
at these sample sizes in dimension 6. The permutation variant never rejects a null hypothesis,
but has interesting behaviour under the alternatives in dimension 2. We see that the power

reaches a plateau at around 0.6 indicating that this approach is potentially not consistent.

Icosahedral vertices

In Example 62 our lattice base consisted of circle groups Sii around axes corresponding to

the vertices of a regular icosahedron. To be precise, these axes are given by the normalisation
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Table 5.3 Proportions of rejections for the asymmetric variation test in Example

6.1.

Dimension | Hypothesis Group | n=20 50 100 200 500
(Rp) 0.005 0 0 0 0

Hy (Ry) 0.02 0.01 0 0 0

9 (Rr) 0.025  0.02 0 0 0
(R/) 0.345 0.775 1 1 1

H (R\) 0.375 0.785 0.985 1 1

(RW/2> 0.295 0.735 0.980 1 1

(Rp) 0.005 0 0 0 0

Hy (Ry) 0 0 0 0 0

4 (Rr) 0 0 0 0 0
(R/) 0.005  0.04 0.050 0.33 0.930
H,y (R\) 0 0.02 0.050 0.29 0.940
(RW/Q) 0 0.02 0.045 0.29 0.915

(Rp) 0 0 0 0 0

Hy (Ry) 0 0 0 0 0

6 (Rr) 0 0 0 0 0
(R/) 0 0 0 0 0

Hy (R\) 0 0 0 0 0

(Rr/2) 0 0 0 0 0

Table 5.4 Proportions of rejections for the permutation variant in Example 6.1.

Dimension | Hypothesis Group | n=20 50 100 200 500
(Rp) 0 0 0 0 0
Hy (Ry) 0 0 0 0 0
9 (Rr) 0 0 0 0 0
(R/) 0.00 0.300 0.525 0.64 0.590
H; (Ry) 0.01 0.295 0475 0.64 0.580
(Rrj2) 0.00 0.285 0.550 0.63 0.565
(Rp) 0 0 0 0 0
Hy (Ry) 0 0 0 0 0
4 (Rr) 0 0 0 0 0
(R)) 0 0.015 0.155 0.730 0.915
Hy (Ry) 0 0 0.185 0.675 0.935
(Rrs2) 0 0.020 0.155 0.720 0.920
(Rp) 0 0 0 0 0
Hy (Ry) 0 0 0 0 0
6 (Rr) 0 0 0 0 0
(R/) 0 0 0.010 0.120 0.685
H; (Ry) 0 0 0.000 0.155 0.725
(Rr/2) 0 0 0.005 0.095 0.675
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of:

up = (07 1, 90) Uz = (07 L, _90) us = (17 12 0) (5'53)
ug = (1,-¢,0) us = (¢,0,1) ug = (¢,0,-1) (5.54)

where ¢ = %(1 +1/5) is the golden ratio. In the real world data applications (Section 5.6, we

also tested for the circle groups around the additional six axes:

ur = (1,0,¢) ug = (1,0,-) ug = (¢, 1,0) (5.55)
u10 = -, 1,0) u11 = (0,¢,1) u12 = (0,¢,-1) (5.56)

Downloading magnetic field data from VirES

The data in the file “SWARM _ DATA.CSV” used in section 5.6.1 was downloaded from the
European Space Agency’s VirES client (https://vires.services/). The variable names as in
our csv file correspond to the variable names that can be selected using the custom download
parameters, i.e., Fyp is the magnetic field intensity and Fg,o is their reported standard
error on this measurement. We have downloaded only the data from satellite “A” on the
25th of February 2023. This data is contained in a csv file in the GitHub reposository linked

above.

Q-Q plots in section 5.6.1

Here we check the appropriateness of the sampling distributions for the real data example
in Section 5.6.1. As suggested in Section 5.4.2, we examine the @Q)-Q) plots of the marginal
distributions of d(g; - Xi, g; - X;) against the original d(X;, X;) where the angle of rotation is
sampled uniformly on [0, 27]. These plots are supplemented by the p-values of Kolmogorov-
Smirnoff tests for the equality of these distributions. We see that the uniform sampling
angles in Figure 5.11 shift the pairwise distances right (i.e. the black line is above over a
neighbourhood of the origin) and so are suitable for use in this case. In these figures the

“Group Number” corresponds to the index of G; in the lattice base.

Q-Q plots in section 5.6.2

Here we check the appropriateness of the sampling distributions for the real data example
in Section 5.6.2. As suggested in Section 5.4.2, we examine the Q-Q) plots of the marginal
distributions of d(g; - X, g; - X;) against the original d(X;, X;) where the angle of rotation is
sampled uniformly on [0,27]. These plots are supplemented by the p-values of Kolmogorov-
Smirnoff tests for the equality of these distributions. We see that the uniform sampling

angles in Figure 5.11 shift the pairwise distances right (i.e. the black line is above over a
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Fig. 5.11 Quantile-Quantile plots of dx(X;, X;) vs dx(gi- Xi,g;- X;) for each of
the groups in Section 5.6.2. Here the sampling of the group elements is from the
uniform angle regime, where g; has an rotational angle sampled from U([0,27]) in
radians. Also presented are p-values for Kolmogorov-Smirnov tests for equality of
the distributions.

neighbourhood of the origin) and so are suitable for use in this case. In these figures the

“Group Number” corresponds to the index of (G; in the lattice base.
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Fig. 5.12 Quantile-Quantile plots of dx(X;, X;) vs dx(gi- Xi,g;j - X;) for each of
the groups in Section 5.6.2. Here the sampling of the group elements is from the
uniform angle regime, where g; has an rotational angle sampled from U([0,27]) in
radians. Also presented are p-values for Kolmogorov-Smirnov tests for equality of
the distributions.
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Chapter 6

Conclusion

In this thesis we have examined the benefits of estimating the level sets of regression functions,
which can allow us to find adaptive dimension reduction and achieve faster convergence of
our estimators. This allows us to generalise the benefits of searching for sparsity to a natural

non-linear context.

In Chapter 2 we have summarised the relevant background material on nonparametric
regression, differential geometry, and group theory. We also introduced some mathematical
results about G-invariant functions and their maximal invariant subgroups. We explored how
symmetries have been used in statistics and machine learning, both explicitly and implicitly
in many cases. Lastly we briefly covered the previous tools used to estimate sub-level sets of

densities and regression functions.

In Chapter 3 we presented the manifold averaged estimator (MAVE) and showed that
it reduces dimensions from the regression problem when the level sets are known. This works
for every sparse function and can often bring pointwise convergence rates up to the speed
of additive regression but without introducing asymptotic bias. When the level sets are
unknown we explored a simple method for estimating them that can lead to adaptive dimen-
sion reduction in some circumstances. We demonstrated this behaviour in some numerical
experiments where we see an order of magnitude improvement in pointwise MSE relative to

a local polynomial baseline even when estimating the level set.

In Chapter 4 we restricted ourselves to searching for particular structure in the level sets:
orbits of group actions. This is a still a generalisation of covariate sparsity, which is equivalent
to a translation invariance of the regression function. We showed that using the MAVE
for level sets that contain these orbits can be strengthened to give integrated risk with
rates corresponding to (open manifold part of) the lower dimensional quotient space. We

developed a metric structure to the space of closed connected subgroups and use this to show
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that we can construct an M-estimator of the maximal symmetry of the regression function.
This estimator works quickly enough to achieve adaptive dimension reduction, removing
dimensions of the orbits even if we do not know them ahead of time. This is demonstrated

on some numerical simulations where we see these faster rates occur.

Lastly in Chapter 5 we considered an alternative estimator of the maximal symmetry
of a regression function. This approach is based on the lattice structure of the closed sub-
groups of G. We show that we can construct a lattice base and conduct hypothesis tests for
G-invariance along this base in order to build a confidence region of applicable symmetries
of the regression function. We present two options for these tests that trade off theoretical
guarantees for general applicability. These methods are demonstrated on synthetic data and
are applied to two real world data sets: to the strength of the earth’s magnetic field and to

the locations of sunspot occurrences within solar cycles.

This means that symmetry provides a natural non-linear extension of sparsity into a non-linear
framework where we can achieve the same adaptive dimension reduction. However it is still
a relatively rigid framework with restricted class of structures within level sets. We now
give some extensions to this work that: extend this framework by considering coordinate
transformations; consider alternative methods of learning the level set; and use alternative

tests for symmetry.

6.1 Future Work

6.1.1 Coordinate Transformation Invariance

Many symmetries are not invariant to changes in the representation of the data. As an example,
consider the usual action of SO(3) on R? and the regression function f(z) =z + 23 +0.2523.
This function is not SO(3) invariant under its usual action, but if we scale the third coordinate
(so we have & = (x1,z2,2r3)) then the function in this rescaled coordinate system is the
SO(3) invariant f(Z) = #2 + #3 + #2. This can be viewed as a problem of the choice of action:
we could simply have said that SO(3) acts by first applying this coordinate transformation,

rotating in this new basis, and inverting the coordinate transform.

To avoid having to make a “good choice” of action we can look to a special case of this
problem in covariate sparsity: if f is sparse in some other basis for the covariate space then
this might be missed if we only consider the basis we receive the data in. This problem is
often solved by considering multi-index models, as considered in Example 28 earlier. In the
same way, we might ask whether f o R is G-invariant for some coordinate transformation R.

Methodologically, this could mean minimising the loss function in equation (4.22) over R
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6.1 Future Work

in the M estimation. This would add a large computational load (if using the M-estimator
direction) but this could be reduced by only considering symmetries up to equivalence under
the transformation. For example, rotations around differing axes would be equivalent because

we could choose R such that the rotation axes become aligned.

Estimating the level set directly avoids this problem: if the coordinates are transformed then
the level set changes appropriately. This may affect the average performance of the estimator
of the level sets but won’t affect the worst case (for the class of functions with smooth level

sets - any smooth coordinate transform will preserve these).

6.1.2 (G-Stable Estimators

In chapter 4 we discussed that the smoothness assumption (Q2), that 28 < d® limits the
ability of symmetrised estimators to achieve optimal dimension reduction in all cases. The
main work that needs to be done to overcome this is to find base estimators that satisfy
both assumption set (E) and have the property that symmetrising the data (rather than the
estimator) leads to the same asymptotic behaviour. We know that local constant estimators
satisfy this for the case that 8 = 1, but not for higher order 8. For local polynomial estimators
it may be the case that we have to change the basis of the polynomial space from the usual
monomial basis to another with G-invariant polynomials and orthogonal ones. This is in fact
what happens with local constant estimators, where the polynomial basis is just the always
invariant e;(x) = 1. However for higher degree polynomial spaces (which are required for

assumption set (E) for 5> 1) this basis will be different depending on the symmetry used G.

6.1.3 Other Methods for Estimating the Level Set

As ho — 0, the level-set near = will converge to its tangent space in the metric d, . Thus
really we could consider only an estimate of the tangent space by looking at the (estimated)
derivatives of f on the ball B(x,ho). The true level set 2] will have minimal angle between

V fl. and the normal to this tangent hyperplane, which leads to the estimator for this normal

vector:
7 = argmin f M du (6.1)
neSd ueB(z,ho) ”V.ﬂuHQ

and then taking [Tn]\f ={x+wv:(v,n) =0}, where m is some appropriate estimator of
the gradient vector of f at the point u. If the direction of this gradient can be estimated
sufficiently quickly we might hope to be able to prove that this estimator achieves dimension
adaptive rates. This is essentially a local single index model, that uses global information
about the derivatives of f to estimate the projection matrix. This estimator of [x]; could be

extended to higher order approximations if needed.
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6.1.4 Other Tests of Invariance

The asymmetric variation test and the permutation variant have two main limitations: they
require many samples with small pairwise distances which is sometimes unlikely in high
dimensional situations, and they can lack power when the noise level is much greater than

the signal. There are two potential solutions to these problems that we discuss here.

Covariate Projections

In order to shorten pairwise distances we could project the data to a chosen submanifold of
X. For example, if we wish to test for invariance to rotations about the x-axis (S1.) when
X =R3, we could project the covariates to a hyperplane orthogonal to this axis and test for
invariance to the conditional mean of the response given these projections (i.e., we forget
the z-coordinate). If the original regression function were S!-invariant then this conditional
mean would also be invariant to the rotations of this hyperplane. In general this would
work for any p-measurable idempotent map ¢ : X - X with ¢(g-z) = ¢g-¥(x), as the
conditional mean E(Y; | ¥(X;) = z) will be G-invariant whenever E(Y; | X; = x) is. This
means that we would retain a valid test in these cases, as rejection of the G-invariant of the
the projected conditional mean is sufficient for rejection of the underlying regression function.
However there are some non G-invariant function with G-invariant projected conditional
means (consider f(x,y,z) = (y*+22%) +xsin(y+2z) which is not Si-invariant but the projection
above creates an Sl-invariant conditional mean). This means that this idea would remove

power against some alternatives as a price for gaining power in others.

Convex Hull Area

The tests in Chapter 5, particularly the permutation variant, can be heavily affected by pairs
of samples with large noise |e; — €;| and small pairwise distances d(X;, X;). This is because
the maximum essentially looks only at such points and ignores all of the rest. Instead of
computing the maximal slopes Ag(k) and Ag(k) we could instead look to a convex hull of
the points (d(X;, X;),|Y; - Y;]) € R? (perhaps with a fake point (oo, max;;|Y; - Y;|) added).
The area of this hull (integrated with respect to some probability measure on the z axis that
might depend on n and the empirical measure of the d(X;, X;)) would make more use of
points with larger pairwise distances and so would measure more of the data. This could

help overcome the power plateau observed in Figure 5.4.
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6.2 Open Questions

6.2 Open Questions

6.2.1 Which Estimators are Sufficiently Local?

Assumption (E1) that f,(z) and f,(y) are independent conditioned on {X;}* for sufficiently
large n, is used heavily in the analysis of the MAVE to reduce the variance. This assumption
is trivially satisfied for local polynomial estimators using a kernel of compact support, but it,
or the variant (E1)’ is also likely to hold for other estimation procedures. It would be an
interesting question to see whether wavelet basis projection estimators, smoothing splines, or

neural networks with appropriate designs have this property as well.

6.2.2 Rates of Estimation of Maximal Symmetries

In the discussion of Chapter 4 we noted that symmetry converge is not bounded uniformly
because of the near invariance of some asymmetric functions. If we instead consider the
non-uniform rate for the specific regression function f we may find that maximal symmetries
can be estimated at a parametric rate (in the local Hausdorff loss function we have considered).
This would mirror the results of Ichimura [1987] showing the parametric rate consistency of

single index models.

6.2.3 Which Symmetries and Distributions Satisfy Proposition 607

The permutation variant of the permutation test requires the condition that the pairwise
distances “spread out” when the covariate distribution is convolved with the group action,
ie.,

P(gi- Xi,9;- Xj) <t) <P(d(Xs, X;) <t) (6.2)

for g, g; i pg and X;, X it u for all t <T for some positive constant T'. This condition is
likely to hold very broadly because the symmetrisation of the distribution will lessen regions
of high density where these small pairwise distances are most likely to occur. It would be
interesting to have a complete characterisation of the distributions and groups this works for

so that we would not have to judge the suitability from the empirical distributions.
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Appendix A

Other Useful Lemmas

Lemma 69 (Sum of Squares Inequality). For any a € R™, we have:

(gai)Qémga? (A.1)

Proof. This is a basic application of the Cauchy-Schwarz inequality: consider

m Y ai=Yabi < (Y a) (D82 = (T a2) P ()P (A.2)

where b; = m™!, then simply square and rearrange. O

Lemma 70. For any positive constants A, B,a,a, 3 we have:

B
An™? + Bexp(—an®) < (A + B(%) a=T)p 8 (A.3)
if o #1, and otherwise:
An~? + Bexp(—an®) < (A + Bg)n_ﬁ (A.4)
1

Proof. First, note that exp(—an®)n® is maximised when n = n* = (%)0‘—1 ifa#1,s0
An~? + Bexp(-an®) = An™? + Bexp(—an®)n’n"? (A.5)
< An7P + Bexp(-a(n*)*)(n*)’n? (A.6)
<An P+ B(n*)Pn™" (A7)

B

<(A+B(Z)aT)yn™” (A.8)

as required. Similarly if a = 1 then the maximum of exp(-an®)n” occurs at n = 3/a giving
the second bound. O
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Lemma 71. In the random design context, where X; i w, we have:

B(|Bx(2,h) nDx]| = 0) < exp(-npa.s) (A.9)

P(|Bx(z,h) nDx| < &) < exp(—npy p/8) (A.10)

where pyn = w(Bx(x,h)). In the fized design context these bounds also hold under the

conditions in Chapter 4 for sufficiently large n.

Proof. We can use the Taylor expansion of In(1 - x) around z = 0 to bound the first term:

P(|Bx(z,h)n Dx|=0)=P(X; ¢ Bx(z,h)VX;) (A.11)
=(1=pzp)" (A.12)
=exp(nIn(l -pzp)) (A.13)
= exp (n( - ki p§7hk_1)) (A.14)
-1
< exp(—npg.p) (A.15)

For the second, we note that By (x,h) n Dx| ~ Binom(n,p, 5) and take the Chernoff bound:
P(N < np/2) < exp(-npy.n/8) (A.16)

for N ~ Binom(n,p), a proof of which is in Mitzenmacher and Upfal [2017]. O

Lemma 72. Let (X,dx) be a totally bounded metric space. Any sub metric space (Y,dy) of
(X,dx), where Y € X and dy (y1,y2) = dx(y1,y2) for all y1,y2 €Y, is also totally bounded.

Proof. Let € > 0 and let {z;}]"; be such that X ¢ U, Bx(x;,€/2), which exists by the
definition of total boundedness. Let Y be any subset of X and pick y; € Bx(z;,€¢/2) nY if

this set is non-empty and pick any other y; € Y otherwise. Then for all y € Y we have:
d(y,yi) <d(y,z;) + d(zs,y:) < 5+ 5 (A.17)

where x; is any such that y € Bx(x;,€/2). Thus {y;}}?; forms an e-cover of Y as required. [

Lemma 73. Let n>9 be an integer and p € (0,0.5), and suppose that A ~ Binom(n,p). The

cumulative distribution function of A satisfies:

Fa(k) <

SIS

(A.18)

for all 1 <k <[n/2].
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Proof. Counsider first the alternative variable Z ~ Binom(n,1/2). We know that

Fy(k) - 2%: (”) (A.19)

o\

so the result reduces to showing that ¥¥ _, (:1) < %(k‘) for all 1 <k <|n/2]. Now note that
the left hand side is a convex function in k& so it suffices to show that this is true at the

endpoints. See that when n > 5
L (n n n
E( ):()+():1+n32”/n (A.20)
m=0 \1N 0 1
for the first endpoint. For the second, see that if n is even then:

]

n 1 2(n n
=— - A.21
mZZ:O (m) 2((77;0 (m)) (n/2)) ( )
_gn1_ 1( n ) (A.22)

2\n/2

2" n n n
N L A.23
n (2 gn+l (n/2)) (A.23)

So if 271%(”72) > 1 we have the other end point. This is equivalent to

2n+1

logQ( " ) > log, (A.24)
n/2
which is true for n > 8. If n is odd then |n/2| - 1.

If n is odd then we consider the end point k = |n/2] - 1:

2 ()3 ()-C) (23

m=0 \T m=0 \T1

n—-1 n
= - A .26
(&) (420

2" n n(n

-2 (= A27
n * ( 2 2n (kz)) ( )
See that the bracketed term is less that k for n > 10 giving the result. O

Lemma 74. Let n > 8 be an even integer and let k = |n/2] —1. Then

n n (n
o <k A.28
2 2n+l (n/?) B ( )
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n%) > 1, which follows from the fact that it is true for

n =8 and that it is a increasing function of n. Indeed consider that:

Proof. This only requires that Qn%(

n_+2(n+2)_n+2><2n+1x(n+2) (A.29)
2n+3 \n/2+1 nf2+1
_4n nl(n/2+1)/(n/2 +1)! (A.30)
“n+2 (n/2)!(n/2)!(n +2)! '
_ 4n (n/2+1)? (A.31)
n+2(n+1)(n+2) '
_n (n+2)? (A32)
n+2(n+1)(n+2) '
=< (A.33)
n+1
O
Lemma 75. Let n>9 be an odd integer and let k = |n/2] —1. Then
no n(n
- <k A.34
-5 () (A3
Proof. First note that k = (n - 3)/2. Now the statement is equivalent to
3 n n
3.n A.35
2 2”((71—3)/2) ( )

Again this is easily verified for n =9 and the right hand side is an increasing function as the

ration of sequential terms decays:

2%((71—%)/2) _on 22 ((n—g)/2)

+ n+ - n n+ (A.36)
2731_}2((11—1%/2) n+2 2 ((n—1§/2)
_ dn nl((n-1)/2)(n-(n-1)/2)!
- (n+2) (n+2)!((n-3)/2)(n-(n-3)/2)! (A-37)
_ dn ((n—-3)/2+ )!(n - (n—1)/2)! (438
n+2)(n+1)(n+2)((n-3)/2)!(n-(n-1)/2+1)!
_d4n ((n-3)/2+1)
T (n+2)(n+1)(n+2)(n-(n-1)/2+1) (4.39)
n 2n -2
T+l (n+2)2(n)2+3/2) (4.40)
n 2
“n+ln+2 (A.41)
<1 (A.42)
for all n > 9. O
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