B UCLouvain

Institute for Information
and Communication Technologies,
Electronics and Applied Mathematics

Random embeddings and efficient
representations for signal processing and
subspace methods

Rémi Delogne

Thesis submitted in partial fulfillment
of the requirements for the degree of
the Ph.D. in Engineering Sciences

August 26, 2026

ICTEAM-INMA
Ecole Polytechnique de Louvain
Université catholique de Louvain
Louvain-la-Neuve

Belgium
Thesis Committee:
Pr. Laurent Jacques (advisor) UCLouvain
Pr. Pierre-Antoine Absil (chair) UCLouvain
Pr. Christophe De Vleeschouwer UCLouvain
Pr. Laurent Daudet Université Paris Cité, France

Dr. Titouan Vayer INRIA, France



Random embeddings and efficient
representations for signal processing and
subspace methods

by Rémi Delogne

© Rémi Delogne 2026

ICTEAM

Université catholique de Louvain
Avenue Georges Lemaitre, 4

1348 Louvain-la-Neuve

Belgium









Abstract

This manuscript studies random quadratic embeddings as compact
representations for signal processing and subspace learning tasks.
We first investigate how information can be extracted directly from
quadratic embeddings without reconstructing original signals. We
then construct random features for subspace-valued data on the Grass-
mannian manifold. Binary, aggregated and periodic rank-one features
are shown to approximate well-defined Grassmannian kernels, with
uniform guarantees. Finally, we investigate efficient implementations
through structured Hadamard-diagonal transformations and optical
processing units. For the latter, we develop an encoder and decoder
adapted to the binary-input constraints of the device and analyse the
effect of physical noise on the reconstructed embeddings. Numerical
experiments illustrate the approximation quality, computational gains
and practical limitations of the proposed methods.
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Introduction

Over the last sixty years, computing technology has changed beyond
recognition. If we only take a look back to 1969 with the Apollo 11 mis-
sion, which took humans to the moon for the first time in history, the
spacecraft was guided by a computer called the Apollo Guidance Com-
puter, whose memory and processing power were extremely limited by
modern standards. It had a total of 4kB of random-access memory (RAM)
and 72kB of read-only memory (ROM) [90]. Yet in spite of these seem-
ingly drastic constraints on memory by today’s standards, it played a
vital role in taking the astronauts to the moon and safely back to Earth,
making Apollo one of the most ambitious technological achievements
of the twentieth century.

Several decades later, and especially over the last decade, we have
seen a massive growth in the amount of data produced, stored and
processed worldwide. The estimated amount of stored information
increased from 2.6 exabytes (10'® bytes) in 1986 to 295 exabytes in
2007 [78]. More than ten years later, the same trend has not slowed
down. The amount of data stored globally is now of the order of
zettabytes (10?!) with data being produced and stored across scientific
facilities (such as CERN), cloud services (such as Amazon Web Ser-
vices), social networks (Meta platforms), video platforms (YouTube),
among other sources [46].

This abundance of data is essential to modern machine learning
methods. This is particularly visible in the development of large lan-
guage models, which rely on increasingly large training datasets [109].
However, the growth of data is not solely due to an increase in the num-
ber of samples. The samples themselves can also have increasingly
high dimension, which increases the storage capacity needed to save
them. This appears in many areas, including genetics, hyperspectral
satellite imaging, finance, medical imaging, biology, climatology, geol-
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ogy, neurology, biomedical data analysis, and other modern scientific
applications [61, 64, 92, 127]. Both the number of data points and the
dimension of each point contribute to this growth. As a result, datasets
become expensive to store, transmit, process and analyse.

A natural response is to keep scaling hardware and memory (and
thus also energy consumption). This has driven many of the recent
developments in IT and pushed us to massively increase computing
capacity in order to allow the training of larger and larger learning sys-
tems [138]. However, scaling resources cannot be the only answer. Data
centres already represent a significant and growing share of electricity
consumption, with projections pointing to a sharp increase in the com-
ing years [83, 139]. Hardware supply is also constrained by costly and
geographically concentrated semiconductor production chains [141,
87]. These constraints make efficiency a scientific and strategic require-
ment, not just an obscure academic side quest. This has motivated
calls for more sustainable artificial intelligence and for computation-
ally efficient hardware and algorithms [160, 142]. Another approach is
therefore to ask whether data must always be stored and processed in
its raw form, and whether a different form may be more or less effi-
cient. This leads to the idea of changing data representation, namely
the form in which an object is described before it is stored, transmitted,
compared, or processed. A signal can be described by its original sam-
ples, by Fourier coefficients, by wavelet coefficients, by coefficients in a
learned dictionary, by random projections, by binary values, or in other
forms. A collection of related images or signals can also sometimes be
described through a low-dimensional subspace.

A representation can be more economical than another when it re-
duces one of the resources required by a task. This may mean fewer
entries for vectors, fewer bits per entry, lower transmission cost, lower
memory requirements, or faster comparisons between many objects.
The challenge is then to change the representation while preserving the
information needed for an intended task. This is the general problem
we study in this manuscript.

1.1 The need for compact data representation

Compactness through sparsity. Replacing data with a more compact
representation is not a new idea. A classical way to do this is to de-
scribe an object in a system of coordinates where most coefficients are
negligible or equal to zero. For instance, many signals are well de-
scribed by a small number of Fourier coefficients, while many images
have compact representations in wavelet bases or in learned dictionar-
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ies [48, 131]. This is the principle behind sparse representations and
sparse coding. The original object may have ambient dimension n, but
its useful information is then concentrated in only k significant coeftfi-
cients, with k much smaller than 7. In such a case, the relevant size of
the representation is guided less by the ambient dimension than by the
intrinsic complexity of the object, measured here by its sparsity level.

Compressed sensing gives a related example, but at the acquisi-
tion level. Classical sparse representations start from an already ob-
served signal, then transform it into Fourier, wavelet, or dictionary co-
efficients. Compressed sensing instead bypasses this two-step route
when the signal is known to have a sparse representation. Instead of
first acquiring the full signal, we directly acquire a smaller number of
linear projections that still contain enough information for reconstruc-
tion [60, 32]. For a k-sparse signal in dimension 7, random construc-
tions will use a number of dimensions of order m = O(klog(n/k)), up
to constant factors. This again shows that the useful size of a represen-
tation can be governed by the intrinsic complexity of the signal rather
than by its ambient dimension.

Compactness through dimension reduction. The previous examples
exploit the fact that individual objects may have sparse descriptions.
Another way to build compact representations is to map data points to
a lower-dimensional space while preserving quantities that are useful
at the level of a dataset. A classical example is principal component
analysis (PCA), which projects data onto directions of largest empirical
variance in order to obtain a lower-dimensional representation while
retaining as much variability as possible [69]. This construction is data-
dependent, since the projection directions are learned from the dataset
itself.

A different route is to use random projections. The Johnson-
Lindenstrauss lemma shows that a finite set of N points can be pro-
jected into a much lower-dimensional Euclidean space while approx-
imately preserving all pairwise distances [91]. Under suitable condi-
tions, for a target distortion 0 < § < 1, the projected dimension scales
like O(6-21og N), independently of the ambient dimension. In contrast
with PCA, such random projections are data-agnostic. The projection
is drawn independently of the dataset, and probabilistic guarantees en-
sure that distances or related geometric quantities are preserved up to
a controlled distortion. Many constructions can be used for this pur-
pose, including Gaussian matrices and more structured or sparse ran-
dom matrices [1, 15].
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Compactness through learned representations. Compact represen-
tations can also be learned from data. This approach, called represen-
tation learning, aims to construct features that make a later task easier
to perform [19]. A classical example is neural networks. Their succes-
sive layers apply learned transformations (both linear and non-linear),
to create representations suited to a particular training objective [101].
Such representations need not be lower-dimensional than the original
data. Their compactness can instead come from keeping information
relevant to a task while discarding less important parts.

Although learned representations may adapt more closely to a par-
ticular dataset or task, this manuscript does not go in that direction.
We instead focus on data-agnostic representations, as explained above,
whose behaviour can be described through explicit probabilistic guar-
antees.

Compactness for pairwise comparisons. The need for compact rep-
resentations also appears when the task requires comparing many data
points. In many learning problems, the relevant information is con-
tained not only in each point separately, but also in the similarities or
distances between pairs of points. Kernel methods replace direct ma-
nipulation of the original data by pairwise similarity (or kernel) values,
allowing non-linear learning rules to be expressed through scalar prod-
ucts in an implicit feature space [136]. However, for a dataset with N
samples, exact kernel methods will therefore require the construction
and storage of an N X N Gram matrix. This creates a memory cost of
order O(N?), as well as a computational cost tied to the manipulation
of that matrix of up to O(N?) operations [2]. These costs can become
prohibitive when N is large.

Random features address this difficulty by replacing exact kernel
evaluations with scalar products between explicit random representa-
tions [125]. Each data point is mapped to a finite-dimensional feature
vector, and the scalar product between two such vectors approximates
the desired kernel value. Instead of storing all pairwise similarities, we
store one feature vector per sample and then apply linear methods in
the transformed space. The compactness is therefore not only tied to
the dimension of a single data point, but also to the cost of comparing
a large number of points.

Compactness through finite precision. Compactness can also be ob-
tained without changing the number of dimensions. Instead, we can
reduce the precision used to store or transmit each coordinate. Quanti-
sation replaces real-valued entries by values in a finite alphabet, while

4 |



Quadratic embeddings of data | 1.2

binarisation keeps only one bit per entry. This is a classical idea in sig-
nal processing [72], and it also appears in compressed sensing prob-
lems [85, 86]. Such representations can be much cheaper to store and
manipulate, especially when the number of samples is large. The price
is that the representation becomes coarser. The mathematical question
is then to determine which quantities remain accessible with good pre-
cision after quantisation, such as distances or similarities.

Compactness through subspace models. A compact representation
can also describe a collection of related data points rather than single
objects. For example, several images of the same object, several frames
of a video, or several signals from the same class may approximately
come from a single low-dimensional subspace [18]. Instead of treat-
ing each sample independently, we can represent the collection with a
low-dimensional subspace spanned by the dominant directions of vari-
ability. This is useful when the task is not to compare individual vec-
tors, but to compare groups of observations. In this case, each group
becomes an element of a space of subspaces, and the problem shifts to-
wards defining suitable ways to represent, compare, and process such
subspace-valued data.

The examples above show that compactness can take several forms.
It may come from sparsity, dimension reduction, quantisation, cheaper
pairwise comparisons, or structured models such as subspaces. In all
these cases, we replace the original data by another description, often
obtained through a map from the original space to a new representation
space. We will refer to such maps as embeddings. In this manuscript, we
are mostly interested in embeddings that preserve enough information
to perform tasks directly in the transformed domain, without first re-
constructing the original object. The next section introduces the non-
linear, and in particular quadratic, embeddings that will play this role
in the rest of this work.

1.2 Quadratic embeddings of data

Non-linear embeddings. The examples above mostly concern rep-
resentations obtained by reducing dimension, reducing precision, or
changing the geometry in which data is used. However, useful embed-
dings do not have to be linear. In many settings, the transformation
applied to the data includes a non-linear operation chosen either be-
cause it is imposed by the sensing process, or because it makes a cer-
tain task easier. Quantised and one-bit embeddings are a first example,
since they replace real-valued entries by coarse levels or signs while still

()
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preserving enough information for estimation or comparison tasks [85,
86]. Random Fourier features give another example, where random
linear embeddings are passed through non-linear periodic functions in
order to approximate shift-invariant kernels by scalar products in an
explicit feature space [125]. More generally, non-linear dimensionality
reduction methods also show that changing representation may aim at
preserving a geometry that might not be well captured by linear em-
beddings [102].

Quadratic embeddings and lifting. Among non-linear embeddings,
quadratic embeddings play a special role in this manuscript. Given a
vector x € R"” and random vectors a; € R", a basic quadratic embed-
ding takes the form

2\m
x> ({a;,x)%),_,.
This map is non-linear in x, but it becomes linear after lz'fting1 the signal

to the rank-one matrix X = xx'. Indeed, each entry can be written as

(a;,x)* = aiTxxTui = (aiaiT,xxTﬁ.
Thus, a quadratic embedding of vectors can be interpreted as a linear
embedding of lifted rank-one matrices. This interpretation is useful
because the lifted representation naturally contains second-order infor-
mation. For instance, if x, y € R", then

(xx',yy " )E = (x,y)2

Quadratic embeddings are therefore naturally connected to squared
similarities, quadratic kernels, and more generally to tasks where
second-order relations between signals are the relevant quantities.
Quadratic embeddings appear in several settings. In phase re-
trieval, the measurements are intensities rather than linear observa-
tions, so the available information naturally takes the form of squared
scalar products [13, 80, 36]. A related setting is ptychography, where
diffraction intensities are measured for different illuminated regions of
an object, also leading naturally to quadratic measurements [116, 110,
111]. Quadratic measurements also appear in radio-interferometric
imaging, where the measurements are correlations between signals re-
ceived by pairs of antennas and can be expressed as linear measure-
ments of a lifted covariance matrix [100, 97, 98]. In covariance esti-
mation, the object of interest is a covariance matrix, which describes

1 As we will explain later, this procedure amounts to a deterministic embedding of
x into the space of symmetric rank-one matrices.

6 |



Quadratic embeddings of data | 1.2

products and correlations between coordinates [41]. Matrix recovery
from rank-one projections’> (ROP) follows a related idea, since em-
beddings of the form (a;a, X)r give linear information about a ma-
trix X through rank-one matrices [29]. Finally, optical sensing pro-
vides a physical motivation for such embeddings, since optical process-
ing units can naturally produce large numbers of random quadratic
features through light scattering [133]. These examples show that
quadratic embeddings arise naturally when intensity or correlation
measurements are observed, when matrices are the objects of interest,
or when the hardware directly produces quadratic features.

Quadratic embeddings and subspaces. The same quadratic structure
also appears when working with subspace-valued data. As mentioned
above, a collection of related samples can sometimes be represented by
low-dimensional subspaces. If such a subspace is represented by an
orthonormal basis U € R"*¥, then its associated projector is

P=UU".

This projector is invariant to the choice of orthonormal basis and there-
fore gives a natural representation of the subspace itself. It is also a
matrix-valued representation built from products of coordinates of U.
Rank-one projections of this projector then take the form

(aa",P)p =a'UU"a.

Thus, random rank-one projections are also natural for subspaces. They
provide finite-dimensional representations of them, and we will see
later that their scalar products can be used to approximate kernels be-
tween subspaces [75].

Role of quadratic embeddings in this manuscript. The results pre-
sented in this manuscript use quadratic embeddings in two comple-
mentary ways. First, we study whether signal processing tasks can be
performed directly from random quadratic embeddings, without re-
constructing the original signal. In this setting, the question is whether
quantities needed for detection or classification can still be approxi-
mated directly in the embedding domain. Second, we use quadratic
embeddings to build random features for subspace-valued data. Their
scalar products are then used to approximate kernels with the goal of

2Since quadratic embeddings are equivalent to linear projections of the lifted matrix
X onto the lifted matrix A; := aiulT which has rank one, this operation is also called
rank-one projection or ROP.
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building explicit finite-dimensional representations. In both cases, the
central question is the same. We want to understand which quantities
are preserved by quadratic embeddings, how accurately they are pre-
served, and how this can reduce storage or computational costs.

1.3 Organisation of the manuscript

We describe here the organisation of this manuscript. To make it
easier for the reader to distinguish between original results and
background material, new theoretical results are shown with a
shaded background, as illustrated here.

The chapters are all connected, but they do not all depend on each
other in the same way. Chap. 2 introduces the main definitions and
tools used throughout the manuscript. Chap. 3 and Chap. 4 both rely
on this background, but can then be read fairly independently. Chap. 5
builds on the previous chapters, since it studies how the constructions
introduced there can be computed more efficiently. This is summarised
in Fig. 1.1.

Chapter 1
Introduction

'

Chapter 2
Embeddings

~
J
7
\

Chapter 4
Grassmannian

{ Chapter 3

/
Signal processing }

kernels

Y /
<

Chapter 5

Fast computations
& J

'

( 2

Chapter 6
Conclusion

Fig. 1.1 Organisation of the manuscript and dependencies between the chapters.

Chapter 2 begins the technical part of the manuscript by turning
the general idea of compact representations into more rigorous math-
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ematical ideas. We first explain in more detail why high-dimensional
data and large datasets create computational difficulties. We then in-
troduce the main ways in which the representation of data can be
changed while keeping useful information accessible. This leads nat-
urally to embeddings, random transformations, subspace geometry,
kernels, random features, quantisation, binarisation and concentration
tools. The chapter is mostly expository, but it also sets the path followed
in the rest of the manuscript. Each later chapter studies a particular
way of changing the representation of data, and Chap. 2 introduces the
language needed to understand them.

Chap. 3 studies signal processing from random quadratic transfor-
mations. The starting point is the debiased quadratic transformation
obtained by taking differences of independent quadratic projections.
We show that, after this transformation, certain quantities can be esti-
mated directly without reconstructing the original signal. In particular,
the chapter develops the sign product embedding property, which al-
lows squared scalar products with fixed unit vectors to be estimated
in the transformed domain. The same estimator is also interpreted as
a finite-query approximation of the quadratic kernel. The results are
illustrated with experiments.

Chap. 4 turns to subspace-valued data and Grassmannian kernels.
The goal is to replace exact kernel evaluations between subspaces by
scalar products between transformed representations. The chapter first
discusses dense random constructions, and then introduces more com-
pact rank-one transformations. Since raw rank-one quantities have
poor theoretical concentration behaviour, the chapter studies bounded
variants based on signs, aggregation, and periodic transformations.
This leads to several random constructions for approximating Grass-
mannian kernels, together with theoretical guarantees and experiments
on synthetic and real-data examples.

Chap. 5 studies how the previous constructions can be computed
more efficiently. The chapter first considers structured Hadamard-
diagonal transformations as cheaper alternatives to the random trans-
formations from the previous two chapters. It then turns to optical com-
puting and to the use of optical processing units for random quadratic
transformations. Since the OPU imposes binary input constraints, the
chapter introduces a quantisation and encoding procedure that allows
quadratic embeddings of a quantised vector to be reconstructed from
binary OPU calls.

Finally, Chap. 6 concludes the manuscript by summarising the ideas
presented, discussing their limitations, and outlining perspectives for
improvement and future work.
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Notations and useful
formulae

Text abbreviations

w.h.p.
ak.a.
ie.
e.g.

s.t.

With high probability.

Also known as.

Id est, a.k.a. in other words.
Exempli gratia, a.k.a. for example.

Such that.

General mathematical symbols

dom(f)
im(f)
argmax,, f(x)

argmin, f(x)

End of proof

Is defined as

Scalar.

Vector (bold lowercase).

Matrix (bold uppercase).

Componentwise application of a function.

(f ()i := f(ui).

domain of the function f
image of the function f
The value of x that maximises f(x).

The value of x that minimises f(x).
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o @ =

Sets

0O " N Z

SVl
SmX)’l

1 ifi=i
Standard basis vector. (e;) = {0 1 til 1,'
otherwise.

Identity matrix. I, if dimension ambiguous
Indicator function. {x =1} := {(1) i)ft;ejvji/se.
Absolute value.

Rounding of x to the nearest integer

Smallest integer greater or equal to x.

Largest integer smaller or equal to x.

Standard unit complex number. i := /—1.
Real part of a number in C. R(a + bi) := a.

Imaginary part of a number in C. ¥(a + bi) := b.

Order of complexity.

The set of natural numbers.

The set of integers.

The set of real numbers.

The set of complex numbers.

The set of n-dimensional vectors with entries in S.

The set of m X n matrices with entries in S.

Algebra

uT
u*
vec(U)

Transpose of U.
Conjugate transpose of U.

Vectorisation of the matrix by stacking its columns into a
single vector.



bdiag(B;...By)
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Block-diagonal matrix with entries given by the blocks
By, ..., B,.

tr(U) Trace of U.

det(U) Determinant of U.

pdet(U) Pseudo-determinant of U. If U € R"*" has rank r then
pdet(U) := lim;_,o " " det(U + ¢I).

span(U) Span of the columns of U.

(u,vyr Frobenius scalar product of U and V.
(U, vy =tr(u'v).

U] r Frobenius norm of U. ||U||r := /tr(U*U).

0 Vector of zeros with dimension clear from context, other-
wise 0,,.

(u,v) Scalar product between the vectors # and v. (u,v) :=
u'v.

1/

llul, Cy-norm of u. ||ull, == (T |x]7) 7.

[|ue]| lu|| := ||u||2, the £,-norm of u.

supp (u) Support of u, i.e., the set of indices where u is not zero.

Geometry

G(k,n) The Grassmannian manifold, containing k-dimensional
subspaces of R".

V(k,n) The Stiefel manifold, containing orthonormal matrices in
R >k

G(k,n) Projective Grassmann representation of subspaces, i.e.,
representing the subspaces with the projection matrix as-
sociated with an orthonormal basis of that subspace.

SO(n) The special orthogonal group, containing matrices in
R"™*" such that VU € SO(n),det(U) = 1.

£(u, ) Measured angle between u and v.
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Distances in G (k, n)

dp The projection distance. For P, Q € G(k, n),
k . 2,\1/2 1
dp(P,Q) = (Liysin’6;) "~ = S|P - Q|r
dpc The Binet-Cauchy distance. For P, Q € G(k, n),

dgc(P, Q) = (1 — T\, cos? 91‘)1/2 =(1- Pdet(PQ))l/z

dg The geodesic distance. For P, Q € G(k,n),

1/2

dG(Pr Q) = (Zi'(:l 912)

Probability and Statistics

r.v. Random variable.
P(X) Probability of X.
Var(X) Variance of X.

Cov(X,Y) Covariance between ther.v. X and Y.
iid. Independently and identically distributed.
X~D the r.v. X is distributed according to D.

X; ~ D The random variables X; are independently identically
i distributed according to a distribution D.

N(0,1) The standard normal distribution.
N(0,1,) The standard normal distribution in R".
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Embeddings

Vectors a;, b; are assumed random Gaussian, and U € V (k, n)

This list is intended as a cheat sheet to quickly find the definition of an embedding

l)bS

Embedding dimension

Oversampling ratio, p := m/n with n the intrinsic di-
mension of the objects to embed.

General symbol for deterministic embeddings.
General symbol for random embeddings.

Projection embedding of an orthonormal basis.

pP(U) = UU" € R ™",

Dense random embedding operator. For X € R"*",

¥(X) = ((¥i, X)), €R™

Symmetric rank-one projection embedding for vectors.
For x € R”,

Debiased rank-one projection embedding for vectors.
For x € R",

9= (x) = ((af x)* = (b/ x)?) [, € R

Dense random embedding on the projection embedding

oF.
yi(u) = ¥(gr(U) € R™.
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l)b rop

1,bopu

lpgpu

l/)st

Notations and useful formulae

Rank-one projection embedding.

PP (U) = (uiTUUTbi):.":l c R™,

Signed rank-one projection embedding.

p*(U) = (sign(a pP(U)by));, € {—1,1}™.

Aggregation parameter used in ¢*.

Aggregated signed rank-one projection embedding.
P=(U) = sign((L;2 a UU b)) € {-1,1}".
OPU version of 1 ®.

Yopu(U) = (a/ UUa;)}" € R™
OPU version of ¢ .

Popu(U) = (r;UUr; —s;UU ;)" | € R™.

Structured rank-one projection embedding using fast
structured random matrices.

Pe(U) = (a]UU D) € R™.

Periodic rank-one projection embedding for subspaces.

p°(U) = (exp(iwa] pP(U)b;));", € C™.
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Kernels and approximations

This list is intended as a cheat sheet to quickly find the definition of a particular kernel

x(x,y)

x5(x,u)

x4(U, V)

K°P (U, V)

kP (U, V)

xBC(U, V)

(U, V)

k°(U, V)

Arbitrary kernel applied to arbitrary objects x and y.
Sign product embedding kernel. For x,u € R",

x5 (x, ) == B[y~ (x),sign(y ~ (u)))] = (u,x)*.

Kernel induced by the dense random embedding ¢ d,

(U, V) = B[ (p(U), p4(V))].

Kernel induced by the rank-one projection embedding

lprop.
kP (U, V) := E[5; (p P (U), P (V))].

Projection kernel. For P = UU " and Q = VV ',

KP(U, V) = U V|} =k — dp(P, Q).

Binet-Cauchy kernel. For P=UU" and Q = VV ',

kBC(U, V) := det(U' V)% = 1 — dpc(P, Q)2

Signed Grassmannian kernel.

K (U, V) = E[ (¢ (U), p*(V))].

Periodic Grassmannian kernel.

(W, V) = E[5 (y°(U), y°(V))].
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K=(U, V)

Keo (U, V)

Aggregated signed Grassmannian kernel.

(U, V) = E[5 (p*(U), p*(V))].

Kernel associated with the aggregated signed embed-
ding. If U and V have principal angles 6y, . .., 0,

k% (U, V) := Zarcsin(} Y5 cos?6;).

Approximation of an arbitrary kernel x(x,y) using ran-
dom embeddings. For arbitrary objects x,y, and a ran-
dom embedding 1,

R(x,y) = 5 {90, ¥(y)).

The approximated kernel depends on the choice of .



Conventions

Throughout this manuscript, we use a small number of symbols consis-
tently for dimensions and indexing. The exact meaning of each quan-
tity remains clear from the context when the same symbol is used for
related model parameters. Deterministic and random embeddings are
denoted by ¢ and 1, respectively, with specific variants introduced
when needed. Their meaning is summarised in Tab. 1.2.

Symbol Meaning

n Ambient dimension of the objects under considera-
tion.

N Number of instances in a dataset.

m Number of random measurements or dimension of an
embedding.

k Intrinsic model parameter. It denotes the sparsity level
for sparse vectors and the subspace dimension for ele-
ments of G (k, n).

i,j, 0 Indices used for coordinates, measurements or ele-

ments of finite collections.
X Approximation or estimate of a quantity x.
¢ General symbol for deterministic embeddings.
P General symbol for random embeddings.

Table 1.2 General notation conventions used throughout the manuscript.






Representing and
comparing data

The introduction motivated the use of compact representations for
high-dimensional data and large datasets. We now turn this general
idea into more rigorous mathematical concepts. The goal of this chap-
ter is to introduce the objects, notations and tools used throughout the
manuscript to describe how data can be transformed while preserving
quantities of interest.

Datasets can be large in two different ways. The first difficulty
comes from the dimension of each object. We denote by n the ambient
dimension when the dataset is composed of vectors in R". As n grows,
even elementary operations such as storing a vector, computing scalar
products or evaluating distances become costly. This already appears
in standard image data. A greyscale image of resolution 1920 x 1080,
after vectorisation, is represented by a vector in R?9736%0_ A single ev-
eryday object can therefore correspond to more than two million entries
when used in its vectorised form.

This issue is not limited to data represented as vectors. Later in this
chapter, we will also consider data represented by subspaces. Such ob-
jects can be described through orthonormal bases or through projectors,
and these representations may involve large matrices when the ambi-
ent dimension is high. The cost of storing and manipulating each object
can therefore increase even before we take the size of the dataset into
account.

The second difficulty comes from the number of objects that must
be stored, compared or processed. We denote this number by N. This
parameter becomes especially important in methods based on pairwise
comparisons, such as kernel methods, where similarities between all
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pairs of training samples may be needed. Kernel methods are therefore
a natural place to begin, since they show how data can be compared
through an implicit representation. This also prepares the transition
to random features, which replace such implicit comparisons by scalar
products between explicit finite-dimensional representations.

We then discuss embeddings more generally, including the linear
and quadratic constructions used in later chapters. The chapter contin-
ues with the geometry of subspaces and the Grassmannian, before re-
turning to kernels in this structured setting. Finally, we discuss quanti-
sation, binarisation and concentration tools, which are used to describe
compact representations and analyse approximation guarantees.

2.1 From kernels to random features

In this section we turn our attention to kernels. We first give a brief
history of their development. We then define them formally and show
how they are used in practice. Finally we show that despite their deter-
ministic nature, random constructions are capable of being used to ap-
proximate those kernels and potentially improve their computational
efficiency.

A bit of history

Kernel methods appeared well before their use in machine learning.
The word kernel already appeared in functional analysis, integral equa-
tions, harmonic analysis, and statistics, where kernels were used to de-
scribe functions, integral operators, covariance structures, and inner
products between functions [8, Intro.]. Classical results such as Mer-
cer’s theorem [114] (1909) played an important role in this develop-
ment. Very roughly, Mercer’s theorem gives conditions under which
certain kernels can be decomposed into sums of products of functions.
Such a result helped establish the idea that a kernel can encode an
inner-product structure, even when the corresponding space of func-
tions is not written down explicitly [136, Prop. 2.11].

In 1950 Aronszajn produced a paper on reproducing kernels [8]
where he unified these ideas through the theory of reproducing kernel
Hilbert spaces. A few years later in 1962, Parzen used this framework
in statistics and signal processing contexts [120]. In that setting, using
a kernel made it possible to express estimators and detectors through
inner products in a function space.

The connection with modern machine learning came in 1964 in pat-
tern recognition with the paper Theoretical Foundations of the Potential
Function Method in Pattern Recognition by Aizerman, Braverman and Ro-
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zonoer, where they used positive kernels to introduce the idea that non-
linear classification in the original space could be treated as linear clas-
sification after passing to a suitable “linearisation” space [6]. This idea
was later taken up in the support vector machine framework of Boser,
Guyon and Vapnik, where nonlinear classification was done through
kernel evaluations rather than through an explicit construction of the
feature space [25]. In this more recent setting, a kernel is therefore not
only a similarity function between two objects but also a way of mak-
ing linear methods available in a transformed space, while keeping that
space implicit.

2.1.1 Positive-semidefinite kernels

Let us now define kernels. Let X be a set of objects. In standard Eu-
clidean settings, we often compare two elements x,y € R" through
their scalar product (x,y). Kernel methods allow us to generalise this
idea by replacing the scalar product with a function

K: X xX =R,

that measures similarity between two objects in X'. The set X may be a
Euclidean space, a set of signals, a set of matrices, or other things such
as a Grassmannian manifold.

A key property for a kernel to be valid is its symmetry and positive-
semidefiniteness (PSD). This is not just a technical condition, it means
that we will be able to interpret the kernel as an inner product that has
to be symmetric and PSD after embedding the data into another space.

Definition 2.1.1 (PSD kernel). Let X be a non-empty set. A symmetric
function k : X x X — R is called a PSD kernel if, for every N € IN, every
choice of points x1,...,xN € X, and every choice of coefficients c1,...,cN €
R, we have

™=
=

cicix(x;, x;) > 0.

Il
—_
~.
Il
—_

Equivalently, for any finite collection of points x1,...,xy € X, the
matrix K € RN*N defined by

K,‘]' = K(xi,xj), 1 < l,] < N

is symmetric PSD. This matrix is called the Gram matrix associated
with the points x, ..., xy and the kernel «.

The importance of this condition is that a PSD kernel behaves like
an inner product. Recall that a Hilbert space is a vector space equipped
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[ X,y € R" J—q){ <o<x>,<o<y>eﬂ

kernel evaluation scalar product
Y Y

{ x(x,y) } { {9(x), 9(y))n }

{K(x,y) - <qv(x),¢(y)>a}

Fig. 2.1 The feature map ¢ sends the original vectors into a feature space. Computing
the scalar product in this feature space can be done implicitly using the kernel function
xin R™.

with a scalar product, in which distances, angles, and orthogonal pro-
jections can be defined as in Euclidean space. The space may however
be infinite-dimensional, which makes it flexible enough to represent
very rich features. More precisely, there exists a Hilbert space H and a
map

p: X —H,

such that
k(x,y) = (o(x), ¢(y))n, 2.1)

for all x,y € X and where (x,y) is the scalar product defined in H.
The map ¢ is called a feature map. It represents each object x as a vec-
tor ¢(x) in a possibly high-dimensional or infinite-dimensional feature
space, where the kernel is simply the scalar product.

This is referred to as the kernel trick [136]. The idea is that, whenever
an algorithm only depends on scalar products between feature vectors,
we do not need to construct the feature representation ¢(x) explicitly.
We can instead replace each scalar product (¢(x), ¢(y))# by the kernel
value x(x,y). The kernel therefore gives access to the geometry of the
feature space through pairwise evaluations only.

Classical examples include the linear kernel

k(xy) = (xy),
the polynomial of degree p kernel

x(x,y) = ((x,y) +c)F,



From kernels to random features | 2.1

or the Gaussian kernel

k(x,y) = exp(—7llx — y|3),

withc > 0, p € N, and v > 0. In the linear case, the feature map is
simply the identity. In the polynomial and Gaussian cases, the corre-
sponding feature space is richer, and the kernel allows us to use this
richer geometry without explicitly writing all the features.

We can also go in the other direction and design a feature map
first, then define the corresponding kernel as the scalar product be-
tween the embedded points. For instance, if we take points in R?, with
x = (x1,x2), we can define the embedding

p(x) = (23, V2x1x5,13).
Then, for y = (yl,yz),

(p(x), p(y)) = x{y; + 2x12201Y2 + X315

This is exactly
(x1y1 + x292)* = (x,y)%

Thus the feature map ¢ induces the kernel

K(x,y) = (x,y)

Equivalently, this kernel can be viewed as computing a scalar product
between quadratic features without explicitly treating those features as
the original data representation.

This example is interesting because it shows explicitly how a non-
linear kernel can correspond to a scalar product after embedding. It
also shows why explicit feature maps may become expensive. Indeed
if we now work in dimension 1, the full quadratic feature map has
on the order of n? dimensions. Random features will later provide a
way to approximate such kernels without constructing the full feature
representation as well as accelerate the whole kernel method procedure
by circumventing the need for a Gram matrix. We will explain this in
detail in the next two sections.

In the next sections, we will show how these kernels can be used in
learning algorithms, why they become computationally expensive for
large datasets, and how random features can give explicit and finite-
dimensional approximations of implicit feature maps.
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2.1.2 Kernel machines and Gram matrices

Suppose that we are given a labelled dataset
(i y)ll C X x Y, 2.2)

where X represents the input space and ) represents the labels as-
signed to every instance. If x is a positive semi-definite (PSD) kernel
with a feature map ¢ : X — H, then learning with x can be seen as
learning a linear model in the Hilbert space H.

Once a linear model with weight vector w € H has been learned,
the prediction function f : X — ) for a new instance x is obtained
by taking the inner product with its feature vector: f(x) = (w, p(x)).
The question is then how this can be evaluated without explicitly con-
structing the potentially high-dimensional feature vector with ¢.

The representer theorem [134] provides the answer. It states that if w
is obtained by minimising a regularised empirical risk functional, the
optimal weight vector lies entirely in the span of the embedded training
samples. Thus, it can be expressed as:

w =L aip(x),

for some learned coefficients «; € IR. Substituting this back into the
prediction function yields:

Fx) = (T aip(xi), @(x)) 0 = LiLy aire (i, x)- (23)

Consequently, the model is linear in the feature space H, even though it
may be (highly) non-linear in the original input space X'. Most impor-
tantly, the learned model can be evaluated solely using kernel values
between the new instance and the training samples, completely avoid-
ing the explicit construction of the feature representation.

The advantage is that we do not need to construct the feature vec-
tors @(x;) explicitly. The algorithm can instead work only with pair-
wise kernel evaluations. For the training set, these evaluations are
stored in the Gram matrix

K e ]RNXN, Ki]‘ = K(Xl‘, x])

This matrix stores the pairwise scalar products needed by algorithms
that operate on the data after the implicit linearisation induced by the
kernel trick. This is useful because linear models are easier to anal-
yse with easily solvable optimisation problems [136, Chap. 7]. Kernels
make it possible to use this linear machinery in a richer feature space
without explicitly constructing that space [9].
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The drawback is that the Gram matrix becomes expensive for large
datasets. Storing the Gram matrix K requires O(N?) in storage, and
constructing it requires O(N?) potentially costly kernel evaluations
x(x;,xj). In addition, solving the resulting optimisation or linear al-
gebra problem may introduce further costs of up to O(N?3) operations
depending on the learning algorithm used [2].

Prediction can also be costly. Evaluating the prediction function
from Eq. 2.3 on a new point may require comparing x with many, or in
the worst case all N, training points. This situation appears naturally in
support-vector machines. In the binary case, with labels y; € {—1,1},
a kernel SVM learns a decision function of the form

f(x) = LN, ayix(xi, x) + b, (2.4)

where b € R is a learned bias term. Only the indices with a; # 0
contribute to the sum. These training samples are called support vectors.
Denoting their index set by Zsy := {i : a; # 0}, the decision function
can therefore be written as

f(x) =Y asysr(xs, x) +b.

SE€ELsy

In the worst case, all training samples may be support vectors, so that
|Zsv| = N.

Taken together, these costs make exact kernel methods difficult to
scale to datasets with a large number of instances N. This shows that
problems in large dimensions and with large number of instances re-
quire simplification along two axes. The first is tied to the ambient
dimension 7, since representing each object, transforming it, or eval-
uating a single similarity may already be costly when the objects are
high-dimensional. The second is tied to the dataset size N, since meth-
ods based on pairwise comparisons require a number of similarities
that grows quadratically with the number of objects.

These two goals are often connected. In the kernel setting, the
implicit feature map associated with x avoids constructing a possibly
very large feature representation, but it replaces this construction by
the need to store and manipulate the Gram matrix. A natural objec-
tive is therefore to keep the benefit of working in a richer feature space
while avoiding the explicit construction of all pairwise kernel values. In
particular, we would like to replace the dependence on the full N x N
Gram matrix by computations involving explicit representations of in-
dividual objects.

The next subsection explains how random features provide one way
to do this.
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2.1.3 Random features

Random features introduced in [125] provide a way to approximate
kernel methods by replacing the implicit embedding associated with
a kernel by an explicit finite-dimensional random embedding. Instead
of working only with the kernel values «(x,y), we construct a random
map

Pp: X - R"

such that inner products between embedded points approximate the
desired kernel:

R(x,y) = 5 W), $(y) = x(x,y).

The parameter m defines the number of random features and as we
will see can be used to improve the approximation, at the cost of larger
storage and computation.

The embedding ¢ is chosen so that the empirical kernel ¥ is unbi-
ased, meaning that

Ex(x,y) = x(x,y)

for all x,y € X. This identity only states that the estimator is correct on
average. To obtain an actual approximation result, we need to control
the probability that the random error is large. For fixed x,y € X, this
means proving bounds of the form

P{[x(x,y) —x(x,y)| > 6} < n(m,3), (2.5)

for some probability #(m,d) depending on m and ¢, typically found
using concentration inequality results. Equivalently, we want to deter-
mine how large m must be so that |K(x,y) — x(x,y)| < ¢ with prob-
ability at least 1 — 5. In stronger results, the same control is required
uniformly over aset S C X:

P| sup [®(x,y) = x(x,y)| > 8| <y(m,3), (2.6)
x,yeS

for some probability #(m, §) depending on m and J. The concentration
tools used to prove such results will be explained in Sec. 2.6.

More concretely, random features are built by drawing independent
random parameters wj, ..., wy and defining the features z,, (x). The
random embedding then takes the form

P(x) = (2, (%), - 2w (X)),

so that
f(x/y) = % zmzl Z‘Ui(x)zwi(y)'
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If the random features are chosen so that

Eo [z (%)20(y)] = k(x,y),

then ¥ (x, y) is a Monte Carlo estimator of x(x,y).

This changes the structure of kernel methods described so far. In-
stead of forming and storing the full Gram matrix K € RN*N, we com-
pute the feature matrix

Pxg) "
Z = : c RN>m,

P(xn) "

The cost of storing the data representation becomes O(Nm) instead of
O(N?). The approximate Gram matrix is formally given by

1 T
K=1z7T,

but it does not need to be formed explicitly. Instead, we can train di-
rectly on the rows of Z, using linear methods in IR". This avoids storing
the full N x N Gram matrix and avoids computing all pairwise kernel
evaluations. When m < N, this can substantially reduce both memory
and computational cost.

The prediction stage is also more compact. A kernel predictor usu-
ally requires evaluations of x(x;, x) against many (up to N) training
points. With random features, the learned model can instead be repre-
sented by a vector w € IR, and prediction takes the form

f(x) = (w,9(x)).

Thus prediction depends on the embedding dimension m, rather than
directly on the number of training samples.

In the original work on random features by Rahimi and Recht [125],
random feature approximations are developed for shift-invariant ker-
nels such as the Gaussian kernel. The key tool is Bochner’s theo-
rem, which says that continuous shift-invariant PSD kernels are Fourier
transforms of non-negative measures. This allows the kernel to be writ-
ten as an expectation over random Fourier frequencies. Sampling a fi-
nite number of such frequencies gives an explicit feature map whose
inner products approximate the kernel. Many other methods involv-
ing this idea were subsequently developed in all sorts of contexts but
always with the same underlying idea of constructing explicit approx-
imations of implicit embeddings [126, 107].
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More recently, random feature approximations have also been used
in modern neural architectures, for example in transformer models.
Their attention mechanisms involve many pairwise comparisons be-
tween vectors, which can become computationally expensive for large
inputs. Some of these comparisons rely on the softmax kernel «(q, k) =
exp((g, k)), up to a scaling of the vectors. Approximating this kernel
by an explicit random feature map,

(g, k) =~ (Y(q), ¥(k)),

can reduce this cost by avoiding the explicit computation of all pairwise
similarities. This idea is used in the Performer architecture through the
FAVOR+ construction [45]. Subsequent work has developed alterna-
tive positive and hybrid random feature constructions to improve such
approximations [44, 106]. These developments suggest possible exten-
sions of the structured or bounded random features developed later in
this manuscript to attention mechanisms and other large-scale models.

2.2 Embeddings as changes of representation

The term embedding can have different meanings in mathematics and
machine learning. Mathematically, in loose terms, an embedding is an
injective map that places one object inside another in a way that pre-
serves structure. Thus, different points must remain different, and the
important relations between them must still be visible after the map.
For example, a curve may be placed inside a plane, or a surface inside
three-dimensional space, without tearing it or gluing distinct points to-
gether. Results such as Whitney’s embedding theorem and Nash’s em-
bedding theorem show that very general abstract geometric spaces can
be represented inside Euclidean spaces while preserving the appropri-
ate geometric structure [156, 117]. In this classical sense, an embedding
is therefore a faithful representation of one mathematical object as part
of another.

In machine learning and data analysis, however, the word is used
in a broader sense. An embedding is usually understood as a change of
representation. Objects are mapped to vectors in a space where they are
easier to compare. This is especially useful when the original objects are
not naturally Euclidean, or when their comparison is not straightfor-
ward. For example, texts, words, graphs, or subspaces can be embed-
ded into vector spaces so that standard geometric tools become avail-
able. Word embeddings such as Word2Vec are a typical example where
words are represented by vectors whose relative positions encode se-
mantic relations [115]. Unlike their strict mathematical counterparts,
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machine learning embeddings are not necessarily injective. Depending
on the context, this change of representation can have different pur-
poses. Sometimes the goal is to represent non-Euclidean data in Eu-
clidean spaces, sometimes it is to reduce the dimension of objects by
replacing high-dimensional data with lower-dimensional vectors that
preserve the most useful information, and in other cases the data points
can be mapped to a richer feature space where comparisons become
simpler or more meaningful. Kernel methods, introduced in the pre-
vious section, are an important example of this last situation, since a
non-linear kernel can be interpreted as a scalar product after applying
a possibly high-dimensional or infinite-dimensional feature map. This
is also relevant for the Grassmannian kernels studied later, where ran-
dom features will be used to approximate non-linear kernels beyond
the projection kernel.

Random features are one example of a broader family of random
embeddings. Instead of designing the representation deterministically,
we design random strategies which guarantee, with high probability,
that certain geometric quantities such as distances, scalar products, or
kernel values are preserved up to a controlled error.

The rest of this section develops this language more precisely. We
first introduce a general notation for embeddings, then discuss deter-
ministic examples, and finally turn to random constructions.

2.2.1 Changing the representation space

We will use the word embedding in the broad sense introduced above.
Formally, this means that we consider a map

p: X =),

where X is the original space containing the objects to be embedded,
and ) is the representation space. An element x € X is then replaced
by ¢(x) € Y. A very simple example is vectorisation. If we look back
to the image example, an image with resolution 1920 x 1080 can be
represented as a matrix X € R190%1920, The vectorisation embedding
maps this matrix to a vector x := vec(X) by stacking the columns of
X on top of one another, with x € R?%736%, Note that this specific
example does not reduce the amount of information, but it illustrates
that an embedding can simply change the form in which an object is
represented.

The original space X depends on the nature of the data. In the sim-
plest case, X = R" and the objects are vectors. In other situations, the
objects may be matrices, signals, images, datasets, or structured objects
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such as subspaces. The representation space ) may also take different
forms. It may be a Euclidean space R™, a complex space C", a matrix
space, or a discrete space such as {—1,1}™.

The formulation of an embedding depends on the task we want to
perform after changing representation. In some settings, the relevant
quantity is a distance. In others, it is a scalar product or a kernel value.
The choice of embedding is therefore guided by the quantity we want
to preserve.

The change of space can make some quantities easier to access.
For example, correlations or covariances are more naturally described
through matrix-valued representations than through raw vectors alone.
Similarly, a subspace is often better represented through a (unique) pro-
jector than through a particular choice of basis (of which there are many
for one particular subspace). In such cases, the embedding is part of the
representation on which the subsequent analysis is built.

The role of an embedding is therefore not limited to compression.
When the representation space ) has smaller dimension than the orig-
inal space X, the embedding acts as a dimensionality reduction map.
When Y is larger than X, the embedding may instead be a form of
feature enrichment which can make a task easier. This is common in
learning problems, where data may become easier to separate after be-
ing mapped to a richer feature space. An embedding may also be task-
adapted, when it is designed for a particular estimation or classification
problem, or hardware-adapted, when its form is chosen so that it can
be computed efficiently on a specific device.

It is also useful to distinguish explicit and implicit embeddings. In
an explicit embedding, the vector ¢(x) is actually computed and stored.
Random features, introduced in the previous section, provide one ex-
ample of such constructions. The linear and quadratic random embed-
dings introduced below will provide further examples. In contrast, ker-
nel methods often rely on implicit embeddings. The embedded vectors
are not necessarily computed directly, but their scalar products are eval-
uated through a kernel function. This was discussed in more detail in
Sec. 2.1.

2.2.2 Deterministic embeddings

Before turning to random embeddings, we briefly discuss a few clas-
sical deterministic embedding methods. Here, deterministic should
be understood in contrast with the random embeddings studied later.
These methods may be learned from the data, and some implemen-
tations may involve random initialisation or approximate numerical
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steps. However, the randomness is not part of the mathematical def-
inition of the embedding in the same way as is the case for random
ones.

A standard example is principal component analysis (PCA). Given
a dataset, PCA defines a linear embedding by projecting the data onto
directions of maximal variance, and is commonly used for dimension-
ality reduction [69]. Linear discriminant analysis (LDA) gives another
example, but with a supervised objective. In this setting, the dataset is
labelled, and the goal is then to build a representation in which these
classes are easier to distinguish. LDA uses the labels to find directions
along which the classes are well separated. The resulting embedding
is therefore chosen for discrimination rather than for reconstruction or
variance preservation. These examples show that an embedding may
be chosen according to different criteria, such as variance preservation
or class separation.

More broadly, learning methods can learn non-linear embeddings
directly from data. Deep neural networks provide the most common
example, with successive transformations producing features adapted
to a supervised, reconstruction, or self-supervised objective [19, 101].
Although their training may involve random initialisation and stochas-
tic optimisation, once their parameters are fixed, the resulting embed-
ding is deterministic. They therefore belong to the present discussion
rather than to the random embeddings studied later.

There exist other non-linear methods such as Isomap and Laplacian
eigenmaps which aim to represent high-dimensional data in a lower-
dimensional space while preserving geometric or neighbourhood in-
formation [102]. There are also visualisation-specific methods such as
t-SNE or UMAP which follow a similar motivation, although their prac-
tical implementations often involve random initialisation or stochastic
optimisation. They are therefore not deterministic in every computa-
tional detail, but they are also not random embeddings in the proba-
bilistic sense considered later in this chapter.

Kernel methods, discussed in Sec. 2.1, give another important ex-
ample of representation change. A kernel can be interpreted through
a feature map into a space where the geometry is more suitable for a
learning task. For instance, data that is not linearly separable in its orig-
inal vector form may become easier to separate after being mapped to
a richer feature space. In many kernel methods, this feature map is not
computed explicitly. It only needs to exist, and may even take values in
a high-dimensional or infinite-dimensional Hilbert space. The method
can then be applied through kernel evaluations, which give scalar prod-
ucts between embedded objects without explicitly constructing the em-
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bedded representation (see Eq. 2.1).

These examples show that embeddings may be designed for differ-
ent purposes, including dimensionality reduction, visualisation, dis-
crimination, or implicit feature enrichment. The rest of this section
focuses on random embeddings, where the representation is defined
through random objects and the quality of the approximation is con-
trolled probabilistically.

Throughout this manuscript, we denote a general deterministic em-
bedding by ¢. Variants of this notation, such as ¢ P, will be introduced
later for specific deterministic embeddings.

2.2.3 Linear random embeddings

We now turn to random embeddings, which are the main mathematical
object studied throughout this document. In contrast with the deter-
ministic embeddings discussed above, randomness is here part of the
definition of the embedding itself. We will use the notation ¢ for ran-
dom embeddings, with variants such as ™P, %, 1t or Popy for the
specific constructions introduced later.

The most classical example of random embedding is the dense lin-
ear random embedding. Given a random matrix ¥ € R™*", we define

Y:xeR"— ¥(x) =¥x € R
A standard choice is to take ¥ as a Gaussian matrix, with entries

(¥)ij ~ N(0,1/m)
iid.
forl1 <i<mand1 <;j < n. With this normalisation, the embedding
is isotropic, meaning that it preserves the squared norms in expectation.
Mathematically, for every fixed x € R",

E|[¥x||* = |||

Equivalently, we can draw entries with distribution A/(0,1) and in-
clude a factor 1/+1/m in the definition of the embedding. The param-
eter m controls the dimension of the representation space. Increasing
m gives a larger representation, while decreasing m gives a more com-
pressed one. A larger m usually improves the quality of the approxi-
mation, but also increases storage and computational cost. A key part
of the study of such embeddings is precisely to determine how large
m has to be in order to guarantee that some quantities are preserved
up to a controlled distortion, with failure probability decreasing as m
increases.
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A first fundamental result is the Johnson-Lindenstrauss lemma [91].
It states that a finite set of N points in IR” can be embedded into R™
while approximately preserving all pairwise distances, with m depend-
ing logarithmically on N.

Lemma 2.1 (Johnson-Lindenstrauss lemma for Gaussian embeddings).
Let S C R" be a finite set with |S| = N, and let0 < 6 < 1. Let ¥ : R" —
R™ be defined by ¥ (x) = Yx, where the entries of ¥ € R™*" are independent
Gaussian variables with distribution N'(0,1/m). Then there exist universal
constants C,c > 0 such that, with probability at least

1 —2N?exp(—cé*m),
we have
1=0)x—yl> < [[¥(x) —¥W)I* < 1+6)[x—yl?

forall x,y € S. In particular, for a failure level 0 < n < 1, it is enough to
take
m > C5*1log(N /1)

up to a change of the universal constant C.

This result gives a first mathematical justification for dimensionality
reduction through random linear maps. In the rest of this manuscript,
we will use the expression with high probability (w.h.p.) for this type of
guarantee, where the failure probability decreases exponentially in the
number of measurements.

The previous statement applies to a fixed finite dataset. A stronger
type of result is sometimes needed when the embedding must work
not only for a set of observed samples, but for every possible object in a
given model class. We call this a uniform guarantee. For example, rather
than preserving distances only between the points already present in
a dataset, we may want the same embedding to preserve the norm of
every vector, or the distance between every pair of vectors in a given
subspace.

Such guarantees require some control on the complexity of the
model class. This smaller effective complexity is often called the in-
trinsic dimension, or the number of degrees of freedom of the model. It
measures the number of parameters that are really needed to describe
the relevant objects, as opposed to the ambient dimension 7 of the space
in which they are represented.

A basic example is the set of k-sparse vectors, i.e., vectors with at
most k non-zero coordinates. Denoting by supp (x) the set of indices
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where x is non-zero, this model is written as
Y= {x € R": [supp (x)| < k}.

This assumption is central in sparse representations and compressed
sensing [68, 60, 33, 16] and is not limited to vectors that are sparse in
their original representation. In many applications, signals are instead
sparse after a change of representation. Images, for example, are often
well represented by a small number of wavelet coefficients, which is one
of the motivations behind the use of wavelet bases in signal and image
processing [48, 112].

We can express this mathematically with what is called the restricted
isometry property (RIP) [37, 34]. A linear map ¥ satisfies the RIP on ¥
with distortion 0 < ¢ < 1 (a.k.a. RIP(6, X)) if

(L= )lx* < ¥ ()| < (1 +0)lx]? 27)

for all x € Y. Equivalently, the embedding approximately preserves
the Euclidean norm of every k-sparse vector. By applying this property
to differences of sparse vectors, with the sparsity level replaced by 2k,
we can also obtain approximate preservation of distances within sparse
sets. Random Gaussian matrices satisfy such restricted isometry prop-
erties with high probability when the number of measurements scales
as

m = O(klog(n/k))

up to constants and distortion factors [15, 67].

The Gaussian construction is mathematically convenient, but it is
not the only possible random linear embedding. Since a dense Gaus-
sian matrix requires storing mn real numbers and applying it costs
O(mn) operations, several works have proposed more compact con-
structions. Sparse and sign-based random projections can replace
Gaussian entries by simpler discrete variables while retaining Johnson-
Lindenstrauss like guarantees [1]. Other constructions combine ran-
dom sign changes, fast orthogonal transforms such as the Hadamard
transform, and subsampling to reduce the cost of applying the embed-
ding [4]. These examples show that the random embedding principle
is not tied to dense Gaussian matrices. The same geometric guarantees
can be pursued with more structured maps that are cheaper to store
and faster to apply. Related deterministic constructions are also of in-
terest, although obtaining explicit deterministic matrices satisfying the
RIP with guarantees comparable to random matrices remains a difficult
problem [14].
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The Johnson-Lindenstrauss and compressive sensing frameworks
therefore show the same general principle, i.e., that random linear em-
beddings can reduce dimension while preserving important geometric
quantities, provided that the set of objects being embedded has con-
trolled complexity.

The following sections move beyond the purely linear setting and
introduce quadratic embeddings, which can be interpreted as linear
measurements after a suitable lifted representation.

2.2.4 Quadratic embeddings

Linear random embeddings are the classical model for random dimen-
sionality reduction. However, there are also important embedding
models whose measurements are not linear with respect to the signal.
A central case in this manuscript is that of quadratic embeddings, where
the observed quantities depend on squared scalar products with mea-
surement vectors. Such models appear in phase retrieval, where in-
tensity measurements can be written as squared magnitudes of linear
measurements [11, 12, 13, 93, 80, 36]. Related quadratic structures also
appear in imaging problems such as radio interferometry [100, 97], in
covariance estimation from quadratic samples [40, 41, 89], in matrix re-
covery from rank-one projections [29], and in optical random feature
models [133].

The simplest quadratic random embedding considered here is the
symmetric rank-one projection (ROP) embedding. Given independent
Gaussian vectors a; .~ N(0,1,), fori=1,...,m, we define

1.1.d.

PpSix €R" = p(x) = ((a;,x)) € R™. (2.8)

Each entry of ¢%(x) measures the squared alignment of x with a ran-
dom direction a;. The map is therefore nonlinear in x. It also remains
data-agnostic in the same sense as the linear random embeddings in-
troduced above. We do not need to know what the data we are consid-
ering looks like or whether it is a finite dataset.

A key way to understand this construction is through lifting. We
can indeed embed x € R" into the set of rank-one matrices by defining
the matrix X = xx'. With this in mind, each quadratic measurement
can be rewritten as

(a;,x)* = a] xx"a; = (a;a] , X)E, (2.9)

where (A,B)r = tr(A"B) denotes the Frobenius inner product be-
tween matrices. Thus, although ¢*° is quadratic as a map of the vector
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x, it is linear as a map of the lifted matrix X = xx". In other words,
quadratic random embeddings of vectors can be interpreted as linear
random embeddings applied after the deterministic lifting x — xx'.
The measurement matrices A; := aiaiT are rank-one, which explains
the terminology of rank-one projections [29].

This identity also explains why this model appears in several set-
tings. In phase retrieval, squared magnitudes of linear measure-
ments can be interpreted as rank-one measurements of the lifted ma-
trix xx " [36]. Radio interferometry leads to related lifted formulations,
where quadratic information about the observed signal is accessed
through structured measurements [100, 97]. In covariance estimation,
if X is a covariance matrix and u is a fixed direction, the variance of the

projected data satisfies
u' Tu= <uuT,Z>F,

which is again a rank-one measurement [41]. Matrix recovery from
rank-one projections studies the same measurement form directly on
an unknown matrix [29]. Optical random feature models also produce
squared random projections, leading to quadratic features of the input
data [133].

Quadratic embeddings are therefore connected to the geometry of
lifted rank-one matrices, and more generally to the study of low-rank
matrices in high-dimensional spaces [35].

Of course, explicitly forming the lifted matrix X = xx ' is expensive,
since it belongs to IR"*” thus introducing an unnecessary cost scaling
like O(n?). Quadratic embeddings give access to linear embeddings
of this lifted object without needing to ever construct it explicitly. This
explains why quadratic embeddings can be treated with tools taken
from linear random embeddings, while still producing genuinely non-
linear representations of the original signal.

This point of view also shows a connection with randomised nu-
merical linear algebra, where random embeddings are used to reduce
the computational cost of large matrix operations by performing part of
the computation on lower-dimensional representations [159, 77]. The
methods developed in the later chapters of this manuscript can partly
be interpreted from this perspective. Rather than explicitly manipulat-
ing the original high-dimensional objects, we construct compact ran-
dom representations on which later computations can be performed.
In particular, the rank-one measurements of projection matrices con-
sidered in Chap. 4 provide compressed representations of subspaces
from which their similarities, and consequently Grassmannian kernels,
can be approximated. This interpretation nevertheless differs from the

T
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usual random numerical linear algebra setting, since the objective here
is not only to accelerate standard linear algebra operations, and some of
the proposed embeddings involve non-linear transformations designed
to produce specific representations or kernels.

In the rest of this manuscript, we will use this construction in sev-
eral ways. In Chap. 3, quadratic embeddings will be used as the do-
main in which signal processing tasks will be performed directly with-
out returning to the original data, and in Chap. 4, related rank-one
measurements will be applied to projection matrices representing sub-
spaces, leading to random feature maps for Grassmannian kernels. The
specific variants of the embeddings as well as guarantees needed for
these applications will be introduced later when they become neces-
sary.

2.3 Subspaces and Grassmannian geometry

The previous section introduced random embeddings of vectors, in
both linear and quadratic forms. In Sec. 1.1 however we also mentioned
subspaces as a way to represent data points. This means that the objects
to compare are no longer individual vectors, but linear subspaces. This
of course requires different geometric tools. Thus before introducing
kernels or random embeddings for such objects, we will first need to
explain how subspaces are represented and compared in this section.

As mentioned in the introduction, the study of subspaces is moti-
vated by the fact that they provide an efficient way to represent data
when important information is not contained in a single vector, but in
the span of several observations. This appears in many settings, in-
cluding signal processing, computer vision, machine learning, and sub-
space classification, where we compare collections of signals through
the low-dimensional spaces they generate. More details on such appli-
cations will be found in Chap. 4.

A bit of history

The structure for collections of such objects is called the Grassmannian
manifold. The idea of the Grassmannian manifold as a collection of sub-
spaces came about during the nineteenth century. This era saw giant
leaps in concepts and the study of geometry shifted from the study of
individual figures (synthetic geometry) to the study of families of geo-
metric objects and the transformations that preserve their relations. In
this evolution, Julius Pliicker (1801-1868) introduced algebraic coordi-
nates to represent lines in three-dimensional space, showing that the
set of all lines forms a geometric object in its own right, embedded in
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a higher-dimensional projective space. This “line-geometry” was the
first particular case of what would later be called a Grassmannian.

In fact, a few years earlier, Hermann Grassmann (1809-1877), who
was then a secondary-school teacher in Stettin (Poland), working
largely outside academic circles, had published his Ausdehnungslehre
[71]. In it, he describes points, lines, and planes within a general frame-
work, treating them as elements of a larger “space of subspaces” thus
extending Pliicker’s construction from lines to subspaces of arbitrary
dimension and laying out the principles that would later be used as
the basis for all of linear algebra. Although his visionary work was ig-
nored for decades, later geometers such as Cayley, Clifford and Klein
recognised its importance and included it into the theory of projective
geometry and invariants. For more details about this fascinating page
of mathematical history the reader may refer to [118] for Grassmann’s
biography, to [58] for a summary of his work, or to [27] for a more gen-
eral summary of the context in which these ideas came to be.

2.3.1 Subspaces and orthonormal bases

The Grassmannian manifold G (k, n) is the set of all k-dimensional lin-
ear subspaces of R". For example, G(1,1) is the set of all lines through
the origin in R". More generally, an element of G(k, n) is not a vector
or a matrix, but a subspace.

Recall that a linear subspace is defined as a subset of a vector space
satisfying several conditions, among which the stability of its elements
under linear combination [30]. One possible way of describing a finite
dimensional subspace is through a finite set of linearly independent
vectors of the subspace called a basis, such that every element of the
subspace can be obtained by a linear combination of the elements of
the basis. The number of elements in a basis describes the dimension of
the subspace. There are infinitely many choices of different bases repre-
senting the same subspace. A subspace can therefore not be identified
with a single basis.

In what follows, we will mostly use orthonormal bases, which are
bases with the additional constraint of having elements of unit norm
and orthogonal to each other. If P € G(k,n) is a k-dimensional sub-
space, we can represent it by a matrix U € R"** whose columns form
an orthonormal basis of P. Equivalently, P = span(U) and U' U = I .
The set of all such orthonormal matrices is the Stiefel manifold

V(kn):={UcR>:u'u=r}.
If a subspace is obtained from a collection of vectors x1,...,xNy €

R”, we can form a data matrix X = (xq,...,xy) € R™N. When

40 |



Subspaces and Grassmannian geometry | 2.3

rank(X) > k, we can form an orthonormal basis of dimension k of the
subspace spanned by the columns of X using for instance a QR factori-
sation or a singular value decomposition (SVD).

It is important to distinguish the subspace from the basis used to rep-
resent it. A subspace P does not have a unique orthonormal basis. If
U € V(k,n) is abasis of P and R € SO(k) is an orthogonal matrix, then
UR is another orthonormal basis of the same subspace.

Therefore, any geometric quantity defined on G(k, n) must be in-
variant under this change of basis. If a formula is written in terms of a
basis U, it should give the same value when U is replaced by UR.

2.3.2 Representing subspaces with projectors

Orthonormal basis are not unique for a particular subspace, we can
instead use a different representation that is unique to its associated
subspace. If U € V(k,n) is an orthonormal basis of a subspace P €
G (k,n), we associate to it the orthogonal projector

P=UU".

This matrix is symmetric and idempotent, meaning that P' = P and
P? = P. It also has rank k. Conversely, any symmetric idempotent ma-
trix of rank k is the orthogonal projector onto a unique k-dimensional
subspace. This gives the projector representation of the Grassmannian,

G(k,n):={P € R"™": P> =P = P',rank(P) = k}.

This representation is invariant to the choice of basis. Indeed, if u =
UR for some orthogonal matrix R € SO(k), then

uUu'" =urRrR'U" =uu’.

Thus, while the basis U is not unique, the projector P = uu'is unique.
In the following sections and chapters, we will often identify a subspace
P € G(k,n) with its projector P € G(k, n) or with an orthonormal basis
uecvk,n).

This representation will come in handy later because it turns a sub-
space into a matrix object that can be embedded, and compared using
tools similar to those introduced in the previous section. In particular,
the map

P : U € V(k,n) — ¢P(U) =UU" € G(k,n)

can be viewed as a deterministic embedding of a basis into a matrix
representation invariant under basis rotations. Random embeddings
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of subspaces will then be built by applying random measurements to
this projector representation.

Equipped with these representations, we can now define notions
of distance and similarity between subspaces, which will serve as the
basis for learning methods on G (k, n).

2.3.3 Principal angles

The only usable quantity to define the relative position of two sub-
spaces is their principal angles. In the simplest case of G(1,n), each
subspace is a line through the origin, and comparing two subspaces
is equivalent to measuring the angle between the two lines. This case
is illustrated in Fig. 2.2. For k-dimensional subspaces, this single angle
is replaced by k principal angles.

These angles measure how well the two subspaces align in differ-
ent directions. Small principal angles correspond to directions that are
close to each other, while angles close to 71/2 correspond to nearly or-
thogonal directions. When all principal angles are equal to zero, the
two subspaces are identical and when all principal angles are equal to
1t/2, the two subspaces are perfectly orthogonal.

Let P,Q € G(k,n) be two subspaces. We can find the principal
angles by selecting pairs of vectors in the subspaces that are as aligned
as possible. They are defined recursively as follows. First, choose unit
vectors p; € P and g; € Q that maximise their scalar product, and
define

costh = max q1)
1 p1€’P,q1€Q<p1 0)
where the maximum is taken over unit vectors ||p, || = ||¢;|| = 1. Then,

fori = 2,...,k, one repeats the same procedure while forcing the new
vectors to be orthogonal to the previously selected ones:

cost = max s q;
i PiEP,qi€Q<pl,qz>,
where the maximum is taken over unit vectors ||p;|| = ||g;|| = 1 satis-

fying (p;, p;) = 0 and (g;,4;) = 0 for every j < i. The resulting angles
6; € [0, 71/2] are the principal angles between P and Q (see [70, chap.
12], [113] or [22]).

Alternatively, the same angles can be obtained directly from any
orthonormal bases of the two subspaces. Let U,V ¢ V(k,n) be or-
thonormal bases of P and Q respectively. To find the principal angles,
we compute an SVD of U' V:

UTV = Wl diag((fl,. . .,O'k)W;.
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Fig. 2.2 Principal angle between two one-dimensional subspaces Py, P, € G(1,2).
In this case, each subspace is a line through the origin, and the single principal angle
coincides with the usual angle between the two lines.

The singular values o; are then the cosines of the principal angles, so
that
6; = arccos(0;), i=1,...,k

Equivalently, 0; = cos8; for each i. Note that if P and Q do not have
the same dimension i.e., dim(P) = k # dim(Q) = k’, then we can still
use the recursive formula above with min(k, k') principal angles [113].

The recursive definition gives a more intuitive geometric interpre-
tation of the principal angles, whereas the SVD formulation is usually
the most convenient way to compute them. It also shows that the an-
gles do not depend on the particular bases chosen for the subspaces.
Indeed if we replace U and V by other orthonormal bases, it is equiv-
alent to multiplying U V on the left and right by orthogonal matrices,
which will not change its singular values. This shows the importance
of principal angles when dealing with subspaces. We will see in the
next section how these angles will allow us to define distances between
subspaces.

2.3.4 Grassmannian distances

Armed with the definition of principal angles, we can put them to good
use by defining distances on the Grassmannian of which there are many
(see [124],[162, Tab. 2], or [63, Sec. 4.5]). We present here a few that will
be useful in subsequent sections and chapters.

The first is the projection distance. Given two subspaces P and Q
represented by their projectors P = UU' and Q = VV', it is defined
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by
dp(P,Q) = [P - Qllr. (2.10)

Equivalently, in terms of the principal angles 61, .. ., 6,

1P, Q) = ( iy sin6) .

This distance is a very natural choice when working with the projector
representation, since it is simply the Euclidean distance between the
two projectors in Frobenius norm.

Another useful distance is the Binet-Cauchy distance, defined by

1/2
dgc(P, Q) = (1 — T, cos? 91-) .
Since the values cos 6; are the singular values of U ' V, we also have
[T5, cos?6; = det(U V)2

The Binet-Cauchy distance therefore measures how much the squared
volume of an orthonormal basis of one subspace shrinks when pro-
jected onto the other subspace. This squared volume is given by
det(U"V)? = [T¥_, cos? 6;, and equals one when the two subspaces are
identical. dpc is thus equal to zero when the subspaces are identical,
and increases as the subspaces become less aligned.

In projector form, this distance can also be written as

dec(P, Q) = (1 - pdet(PQ))""?,

where the pseudo-determinant of a rank-r matrix M is defined as [66,
p- 529]
pdet(M) = %irr& " det(M +t1,). (2.11)
*>

For P=UU' and Q = VV', this gives pdet(PQ) = det(U ' V).

Finally, the geodesic distance is the distance obtained by measuring
the length of the shortest path on the Grassmannian manifold between
two subspaces. It is given by

1P, Q) = (£, 62) "

It measures the length of the shortest path on G(k, 1) connecting the
two subspaces.

These distances provide different ways of comparing elements of
G(k,n). The projection distance is directly tied to the projector repre-
sentation, while the Binet-Cauchy distance is related to volume change
under projection. Both of those will reappear later when we introduce
kernels and random embeddings for subspaces.

44 |



Kernels and random features on the Grassmannian | 2.4

2.4 Kernels and random features on the Grassmannian

In this section we demonstrate how the kernel theory we developed in
Sec. 2.1 can be applied to subspaces in the Grassmannian manifold. The
different geometry of course warrants slight practical adaptations but
the philosophy behind it remains the same. Grassmannian kernels take
subspaces of G(k,n) and embed them in a richer Hilbert space where
inner products are possible. Access to those inner products is implicit,
via formulae that work directly on representations of the subspaces,
followed by learning in exactly the same way as described in Sec. 2.1,
[75]. The process is illustrated in Fig. 2.3.

2.4.1 Kernels depending on principal angles

In order to be a valid Grassmannian kernel, the functions used as such
must respect a few conditions. First, the kernel must be PSD to allow
its use in kernel machines just as explained in Def. 2.1.1.

Second, as we target kernels defined over subspace bases, they must
be independent of the orthonormal bases of V(k,n) used to represent
the compared subspaces of G (k, n).

Definition 2.4.1 (Well-defined Grassmannian kernel). A well-defined
Grassmannian kernel is a PSD function k : V(k,n) x V(k,n) — R
that measures similarity between subspaces of G(k,n) independently of the
bases chosen to represent them. Formally, given two orthonormal bases
U,V € V(k,n), « satisfies

x(U,V) =«x(UR,VR'), VR,R' €S0(k),
where SO(k) denotes the special orthogonal group in R¥.

Note that here we defined the functions for representations by or-
thonormal bases of elements of G(k,n). This could also be done via
other representations such as the projectors.

Finally, the kernel must not change if both compared subspaces are
similarly rotated in IR" [158].

Definition 2.4.2 (Rotational invariance). A Grassmannian kernel x :
V(k,n) x V(k,n) — R is rotationally invariant if, given any two bases
U,V € V(k,n) of the subspaces P, Q € G(k,n),

x(U,V) =«x(RU,RV), VR € SO(n).

A direct consequence of the rotational invariance is the following
important fact.
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Subspaces of R™ Grassmannian G(k,n)

Fig. 2.3 A kernel function can be defined on the Grassmannian manifold to compute
similarity scores between subspaces.

Theorem 2.1. A rotationally invariant Grassmannian kernel x : V(k, 1) x
V (k,n) — R only depends on the principal angles of the compared subspaces,
i.e., given two bases U,V € V(k,n) of the subspaces P, Q € G(k,n) and
their k principal angles {0;}_,, there exists a function f such that x(U, V) =

f(61,...,6p).

Proof. This theorem is a direct consequence of [158, Thm. 3] (see also
[47]). O

2.4.2 Projection and Binet-Cauchy kernels

Two examples of well-defined, PSD, rotationally invariant kernels on
G(k,n) are the projection kernel «P [74] and the Binet-Cauchy kernel
xBC [157]. Given two subspaces P, Q € G(k,n) related to projectors
P, Q and with bases U, V € V(k, n), respectively, both kernels relate to
their homonymous distances:

kP(U, V) := |U"V|2 =k —dp(P,Q)? (2.12)
kBC(U, V) := det(U V)2 =1 — dpc(P, Q)% (2.13)

Both kernels are linked to a classical embedding of the Grassmannian
manifold allowing us to prove that they are PSD, i.e., there exists an em-
bedding ¢ : V(k,n) — R?, with a possibly very large dimension d, such
that the considered kernel x can be recast as x(U, V) = (¢(U), p(V)).
In particular, the projection kernel arises as the Frobenius inner prod-
uct between orthogonal projectors, corresponding to the projection em-
bedding

P : U € V(k,n) — ¢P(U) =UU" € G(k,n), (2.14)

with d = n2. Similarly, the Binet-Cauchy kernel is given by the inner
product of the Pliicker embedding which represents each basis of V (k, n)
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by its d = (}) possible k x k minors [75]. Such an embedding is never
constructed explicitly in practice due to its high computational costs.

Let us also mention that beyond these two standard kernels, a larger
family of PSD, rotationally invariant Grassmannian kernels can be con-
structed by composing classical Euclidean kernels with the projection
or Pliicker embeddings. In particular, [75] shows that applying radial
basis function (RBF), Laplace, polynomial or binomial kernels to those
embeddings yields well-defined Grassmannian kernels. A great exam-
ple is the projection RBF kernel

xrer(U, V) = exp (— 7||P — QJ|3), withy >0, (2.15)

which depends only on the Frobenius distance between projectors and
is PSD on G(k,n). As we show in Sec. 4.5, the periodic kernel «° in-
troduced in this work recovers this projection RBF kernel in the small-
frequency regime, thereby providing a random-feature approximation
that naturally interpolates between linear and RBF-type Grassmannian
similarities.

2.4.3 Random feature approximations on the Grassmannian

The random features method described earlier in Sec. 2.1.3 also applies
to kernels defined on the Grassmannian. In this setting, the objects are
subspaces P € G(k,n) represented by orthonormal bases U € V (k,n)
or, equivalently, by projectors P = UU'. Since the basis U is not
unique, a random feature map for Grassmannian data must respect this
representation issue.

A natural way to do this is to build the random features from the
projector representation. Given random parameters wy,...,w,, we
may define features of the form

P(U) = (zo,(UUT),..., 2o, (UUT)) € R™.

Because the construction depends on U only through UU ', it is invari-
ant to the choice of orthonormal basis. If U’ = UR for some rotation
R € SO(k), then U'U'" = UU', and therefore y(U’) = y(U). The
resulting features are therefore well suited for G(k, n).

This invariance is especially natural for the random quadratic em-
beddings described in Sec. 2.2. Indeed, a rank-one quadratic measure-
ment of the projector takes the form

z,(U) = a'UU " a.
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If the basis is replaced by U’ = UR, with R € SO(k), then

za(U')=a ' URR'U a
—a'UU"a
=z,(U).

Thus these measurements are not just compatible with the Grassman-
nian representation, they are measurements of the projector itself, and
are therefore invariant to the choice of basis. This will be explained in
more detail later.

The associated empirical kernel is

R(U, V) = S {pU), (V).

The goal is then to choose the random measurements z, so that this
quantity approximates a well-defined Grassmannian kernel «(U, V).
As before, the desired guarantees can be pointwise (for a fixed pair
of subspaces) or uniform (over a subset of G(k,n) or over the whole
manifold).

This can be seen as a parallel construction of the deterministic em-
beddings introduced above. Instead of explicitly constructing a pos-
sibly large projector or Pliicker representation, we only compute a fi-
nite number of random measurements of the subspace representation.
This makes it possible to replace the full Gram matrix by explicit ran-
dom feature vectors, while preserving the Grassmannian invariances
needed for the resulting inner products to be useful.

The detailed constructions used later in Chap. 4 follow this princi-
ple. In particular, the Grassmannian chapter introduces random feature
maps based on rank-one measurements of the projector UU ', together
with non-linear transformations that yield bounded approximations of
Grassmannian kernels [53].

2.5 Quantisation and binarisation

So far, we have discussed representation changes obtained by embed-
ding objects into new spaces. This is only one part of the story since the
cost of a representation does not only come from its dimension, but also
from the numerical format used to store and manipulate it. A vector
with real-valued entries may be accurate, but it can also be expensive
to store, transmit, compare, or process on specialised hardware.

A second way to simplify data is therefore to reduce the precision of
the representation itself. Quantisation replaces real-valued coordinates
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by values from a finite alphabet, while binarisation pushes this idea to
the extreme by keeping only one bit of information per entry. These op-
erations incur loss of information, but they can still preserve enough for
a given task. Again the goal is not necessarily to reconstruct the origi-
nal object perfectly, but to keep the quantities needed for comparison,
estimation, or classification.

This improvement will be useful in later chapters. Some of the
embeddings considered in this manuscript will be explicitly binarised,
while others must be adapted to quantised or binary inputs because of
computational or hardware constraints. We will therefore present the
basic ideas of quantisation, binarisation, and asymmetric comparisons,
where two objects may be compared even though they are not repre-
sented in exactly the same way.

2.5.1 Quantised representations

A real-valued representation stores each coordinate with a certain nu-
merical precision. In mathematical models, we write vectors as ele-
ments of R”, but in actual computations their entries must be repre-
sented with a finite number of bits. Quantisation formalises this step
by replacing real-valued coordinates with values from a finite alphabet
[72].

In the quantisation procedure we consider, each entry of a vector
is quantised separately by a scalar quantiser. It is specified by a set of
thresholds

h<thy<---<ftrp

and a set of quantisation levels
lh ey q L-
The thresholds define the quantisation intervals
G = [ty 1)
forj=1,...,L. A scalar value x is then mapped to the level associated
with the interval containing it:

Q(X) = {q; if xe C]

Applied componentwise to a vector x € R"”, this gives a quantised vec-
tor

Qx) = (Q(x1),-- -, Qlxn))-
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The number of levels L determines the number of bits needed to
store each coordinate. If L levels are used, each quantised coordinate
can be encoded using

B = [log, L]

bits, where [x]| denotes the closest integer greater than or equal to x.
Conversely, a quantiser using B bits per coordinate can represent at
most 25 levels. Standard floating-point formats typically use 32 or 64
bits per coordinate [81]. Although these formats are already finite-
precision representations, they can still be expensive when either the
ambient dimension 7 or the number of stored objects N is large. Quan-
tising to a smaller number of levels reduces this cost since each coordi-
nate is no longer stored as a floating-point number, but as the index of
a level in a finite dictionary.

A particularly useful case is uniform scalar quantisation which is
defined as follows.

Definition 2.5.1 (Uniform quantisation). Let 6 > 0 denote the quantisa-
tion step and let L € IN be an even number of levels. We define the uniform
quantiser as

q(t) = o([t/6] +1/2),
followed by clipping to the interval

[—(L/2—1/2)8,(L/2—1/2)é].

Here, clipping means that values above (L/2 —1/2)é are replaced
by (L/2 —1/2)d, while values below —(L/2 —1/2)¢ are replaced by
—(L/2 —1/2)4. The output therefore belongs to a finite alphabet of L
equally spaced levels. The parameter J controls the spacing between
consecutive levels, while L controls how many levels are available be-
fore clipping occurs.

Quantisation creates a trade-off between precision and compactness
of representation. The quantised vector Q(x) is cheaper to store, trans-
mit, and process, but it no longer contains all the information in x. The
important question is whether this loss of information affects the task
we consider. In many situations, exact reconstruction of x is not re-
quired. It may be enough to preserve approximate similarities, classifi-
cations, or estimates.

In compressed sensing, for instance, the ideal model first forms lin-
ear measurements y = Ax, but these measurements cannot be stored
or transmitted with infinite precision. They must eventually be coded
with a finite number of bits. This leads to quantised CS, where the ob-
servation model includes both the measurement process and the quan-
tisation step [26, 161, 165]. These works emphasise that quantisation is
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a part of the sensing model itself. They study how the choice of quan-
tiser, sensing matrix, and reconstruction method affects the information
that can still be recovered from finite-precision measurements.

2.5.2 Binarised embeddings

Binarisation is the most extreme form of quantisation. Instead of repre-
senting each entry by one of several levels, we keep only a single bit. In
the setting of measurements or embeddings, this often means replacing
a real-valued vector by its signs. Given an embedding ¢ : X — R", its
binarised version takes the form

sign(p(x)) € {-1,1}",

where the sign is applied componentwise.

This operation has an immediate cost advantage. A real-valued em-
bedding with m entries must store numerical values, while a binarised
embedding stores only m bits. Binary vectors can also be compared
efficiently. For example, their Hamming distance counts the number
of disagreeing signs, and for vectors in {—1,1}" this is equivalent to
computing their scalar product. This makes binarised representations
attractive when many embedded objects must be stored or compared.

The price is that binarisation discards all magnitude information.
In particular, if we replace Ax by sign(Ax), then multiplying x by a
positive scalar does not change the binary measurements. The scale of
the signal is therefore lost. This is not necessarily fatal, because many
tasks depend more on directions, angles, or similarities than on abso-
lute magnitudes. The central question is then whether the binarised
representation preserves the information needed for the task.

This question is central in one-bit compressed sensing. There, a sig-
nal is measured through

y = sign(Ax),

so that each embedding records only whether a linear observation is
positive or negative. In such a drastic context, it is still possible to
extract stable information on signals despite the loss of information
caused by binarisation [86, 122, 121, 3]. A key geometric idea is that
the Hamming distance between two binary measurement vectors can
reflect the angle between the original signals. Thus, even very coarse
measurements can preserve useful geometry.

A related line of work is locality-sensitive hashing (LSH), where
random projections are used to construct compact binary representa-
tions that preserve similarity between vectors [82, 38]. These binary
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representations are obtained from the signs of random linear projec-
tions, and the probability of a sign disagreement depends directly on
the angle between the vectors. Random Ferns provide another example
of cheap binary representations, where several randomly chosen pair-
wise comparisons of local measurements, such as pixel intensities in an
image patch, are grouped together and their outcomes are used to es-
timate probabilities for efficient classification [119]. These approaches
are related to the embeddings considered in this manuscript through
their use of compact binary representations, but the objective is differ-
ent. The binary embeddings developed later are designed to approx-
imate similarities or kernels with controlled accuracy, rather than for
indexing or classification.

This geometric interpretation is closer to our needs than exact signal
reconstruction. In later chapters, binarised embeddings are not used to
recover the original object. They are used because their scalar products
(or Hamming distances for binary cases) can approximate quantities of
interest, such as similarities or kernel values. In that sense, binarisa-
tion is another way to change the representation while keeping enough
information for the desired task.

Recent work also studies learning directly from binary measure-
ments, both in statistical models such as one-bit linear regression [79]
and in signal reconstruction from binary measurements [144]. Other
applications include matrix completion when only 1-bit noisy observa-
tions are available [50]. This reinforces the message that binary repre-
sentations are not just a storage trick. They can be the normal output
of some measurement device, or the representation deliberately chosen
because it is cheaper and still informative.

We will also use binarisation in asymmetric comparisons, where
only one side of an estimator is binarised. For example, instead of com-
paring two objects through two identical embeddings, we may con-
sider quantities of the form

4(x,y) = 5 (sign(y(x)), (y))-

Such expressions do not necessarily define symmetric kernels, but they
can still provide useful estimators when the two objects play different
roles. This idea will reappear in Chap. 3 when we estimate quantities
directly from embedded or binarised measurements.

Finally we will also use binarisation to make real-valued vectors
compatible with efficient computational devices whose inputs are re-
stricted to binary representation, thus warranting a special algorithm to
decompose quantised vectors into binary inputs. Increasing the num-
ber of levels L improves the accuracy of the representation, but also
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increases the number of bits or elementary components needed to en-
code it. This is developed in Chap. 5.

2.6 From concentration to uniform guarantees

The previous sections introduced several random constructions whose
purpose is to approximate deterministic quantities such as kernel func-
tions or scalar products. In each case, the same question appears: how
many random measurements or features are needed for the approxi-
mation to be reliable? We will answer this question using concentration
inequalities and uniform approximation arguments.

In this section we thus introduce the probabilistic language used
to answer this question i.e., concentration inequalities. We do not aim
to give a full exposition of this from head to toe. Instead, we present
elements that will often return when we evaluate the quality of our
estimates later. We first explain how to move from expectation to high-
probability approximation for a fixed pair of objects. We then recall
the role of tail behaviours of random variables, since bounded, sub-
Gaussian, sub-exponential, and heavier-tailed random variables do not
give the same result quality. Finally we explain how fixed pair es-
timates are upgraded to uniform guarantees through covering argu-
ments and union bounds.

The resulting conditions on the number of random features should
be understood as order-of-magnitude bounds rather than exact thresh-
olds. This is enough for our purposes, because the main question is
how the required number of measurements scales with the failure prob-
ability of the approximation. Throughout this manuscript, constants
such as C,¢,C’,... denote positive absolute constants that do not de-
pend on the main parameters, and their value may change from line to
line.

2.6.1 From expectation to concentration

The estimators considered in subsequent chapters are averages of in-
dependent random quantities. Given two objects x and y belonging to
an arbitrary space, and for a deterministic target g(x, y), we construct a
random estimator of the form

7(x,y) = 3 Ty Xi(x,y),

where the variables X;(x, y) are independent copies of a random feature
or random measurement depending on x and y. The first property we
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will prove is its expected value

Eg(x,y) = q(x, ).

This identity simply says that the estimator will be correct on average. It
does not say that a single draw of the random embedding gives a good
approximation, or how many random features are necessary to make a
good approximation.

If we now take a fixed pair of objects x, y, the next interesting state-
ment is a high-probability bound of the form already introduced in
Eq. 2.5 for kernel approximation:

P{|7(x,y) —q(x,y)| > 6} <n(m,é),

with 77(m, §) a probability depending on m and ¢. Equivalently, with m
trials of X;(x,y), the absolute error will be at most § with probability at
least 1 — 17(m, §). This statement is the first step to go from an identity
about the expectation of our approximation to a guarantee over a larger
continuous space. It says that a single random draw of the embedding
is likely to produce an estimator close to the target quantity, rather than
being correct only after averaging over infinitely many independent
draws. This statement is also useful for seeing the role of m. Indeed
by increasing the number of measurements, we will push the failure
probability #(m, §) down for a given target accuracy of J.

A typical concentration bound for a fixed pair of objects (x,y) will
take the form

P{[7(x,y) — q(x,y)| > 6} < Cexp(—cmé?),

for 0 < 6 < 1 and where C,c > 0 are absolute constants. Such
a bound says that the failure probability decreases exponentially fast
with md?. If we want to make the failure probability smaller than a
pre-determined value 7 > 0, it is then enough to take m of the order of

5 2log(n").

We repeat that here, and throughout the manuscript, statements of the
form m > C5~2log(n~!) give an order of magnitude for m rather than
an exact threshold. The constants C, ¢, C/, ... do not depend on the main
parameters such as m, §, or 77, and may change from line to line.

2.6.2 Tail behaviour and concentration inequalities

The strength of a concentration bound depends on the tail behaviour
of the random variables being averaged. The tail of a random vari-
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—— Gaussian
- - - Heavy tails
Bounded

Fig. 2.4 Illustration of tail behaviour. Heavy-tailed random variables are more likely
to produce large deviations, while bounded transformations cut off extreme values.

able describes how likely it is to take values far from its mean. Ran-
dom variables with lighter tails lead to stronger concentration, while
heavier-tailed variables give weaker concentration results.

A useful way to describe tail behaviour is through bounds on the
probability of large deviations. We say that a random variable X has
sub-Weibull tails of order & > 0 if there exists a parameter K > 0 such
that, for every t > 0,

P{|X| > t} < 2exp(—(t/K)"). (2.16)

The parameter K controls the size of the variable, while « controls the
speed of the tail decay. Larger values of a correspond to faster decay.
This is illustrated in Fig. 2.4: heavy-tailed variables are more likely to
produce large values, while bounded variables cannot exceed a fixed
range.

The case & = 2 corresponds to sub-Gaussian behaviour, where the
tails decay like Gaussian tails. The case « = 1 corresponds to sub-
exponential behaviour, which allows larger deviations but still gives
useful concentration results. These two regimes are especially impor-
tant because they give access to standard concentration inequalities
such as Hoeffding and Bernstein bounds. When & < 1, the tails are
heavier, and the resulting concentration estimates are weaker [24].

An equivalent way to describe the same behaviour is through ¥,
norms [148, Ch. 2]. For « > 0, the ¢, norm of a random variable X is
defined as

| X||y, := inf{t > 0 : Eexp(|X|*/t") < 2}.

This norm measures the scale beyond which the tails of X decay like
a sub-Weibull tail of order «. Finiteness of | X||y, is equivalent to the
tail bound above. A random variable with finite ¢, norm is therefore
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called sub-Weibull of order « [24]. In the cases where & = 1 the ¢;-norm
is referred to as the sub-exponential norm and when a = 2 the ¢,-norm
is referred to as the sub-Gaussian norm.

Once the tail behaviour of the variables is known, we can choose the
corresponding concentration inequality. For i.i.d. centred sub-Gaussian
variables, concentration gives the basic quadratic regime

]p{‘% " Zi| > 8} < 2exp(—cmd?/K?),

where K depends on the 1, (or sub-Gaussian) norm of the variables.
This is the regime we obtain for all random variables satisfying the tail
condition in Eq. 2.16 with & = 2 which includes bounded variables.
For ii.d. centred sub-exponential variables (i.e., satisfying the tail
condition in Eq. 2.16 with « = 1) with K depending on their ¥; (sub-
exponential) norms, we can use Bernstein’s inequality which gives

P{|L ", Z;| > 6} < 2exp(—cmmin(6%/K?,6/K)).

For small deviations, the first term dominates and the bound again
behaves like exp(—cmd?/K?). For larger deviations, the second term
shows the heavier sub-exponential tail.

2.6.3 Uniform approximation and covering arguments

So far the concentration inequality we derived controls the approxima-
tion error for a fixed pair of objects. However, since we want a result
that holds for any pair of objects over a certain space, i.e., a uniform ap-
proximation result, we must get to a stronger statement. If the objects
of interest belong to a set X, given a subset S C X, the desired estimate
has the form introduced in Eq. 2.6,

P{sup |7(x,y) —q(x,y)| > 6} <n(m,d),
X yeS

with 7(m, ) a probability depending on m and é. Equivalently, with
probability at least 1 — #(m, §), all pairs x,y € S are approximated with
error at most J by the same draw of the random embedding.

This distinction is important whenever the embedding is used as a
replacement for the original instances. The first concentration bound
says that the embedding works for a fixed pair chosen in advance. A
uniform bound on the other hand says that, after the random construc-
tion has been drawn, all comparisons inside the class can be made with
controlled error. The set S may be a finite dataset, a structured signal
model, or a manifold of subspaces. The required number of random
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features then depends not only on the accuracy J, but also on the size
or complexity of S.

For a finite class, going from a fixed pair to uniform control follows
from the union bound. Suppose that S contains M elements and that,
for every fixed pair x,y € S,

P{g(x,y) —q(x,y)| > 5} < no.

Since there are at most M? pairs in S x S, we obtain
P{3x,y € S:[q(x,y) —q(x,y)| > &} < M1,

If
o < C exp(—cm&z),

then the uniform failure probability is bounded by
CM? exp(—cmé?).
To make this smaller than 7, it is enough to take m of the order of
5 %(log M +log(n™1)).

For infinite classes, we first reduce the problem to a finite one. Let
d be a metric on S. A finite set AV C § is called an e-net if, for every
x € S, there exists xg € N such that

d(x,x9) <e.

An illustration of an e-net is provided in Fig. 2.5.

We then prove the approximation on all pairs of points in the finite
net, apply a union bound over N, x N, and extend the approximation
from the net to the full set S. This last step uses some property of the
quantities involved, such as Lipschitz continuity or a separate stability
argument. Such arguments can be found in [125, 135].

The size of the net will influence the probability bound term in
the final inequality. If the fixed pair failure probability behaves like
C exp(—cmé?), then the union bound over the net produces terms in-
volving

INe|? exp(—cmé?).

Thus m must be large enough to cancel out log |Nel, up to the desired
accuracy and failure probability.
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Fig. 2.5 Illustration of an e-net Ne = {x1,...,x¢} for aset S. Every point x € S lies
within distance at most € of a point x; € Ne.

2.7 Conclusion

This chapter presented the preliminary context for the rest of the text.
We started from the general problem of representing high-dimensional
data and large datasets in a way that preserves the quantities needed
for estimation, or comparison, while reducing storage and computa-
tional costs. This led us to random embeddings, which replace the
original objects by random lower-dimensional or feature-space repre-
sentations with controlled approximation error.

We then introduced the geometric setting needed when data is rep-
resented as subspaces. Subspaces were represented through orthonor-
mal bases and orthogonal projectors, and compared through principal
angles and Grassmannian distances. This allowed us to present kernels
on general spaces, then Grassmannian kernels in particular. Random
features were also presented as explicit finite-dimensional embeddings
whose inner products approximate kernel values, avoiding the need to
form and store a full Gram matrix thus alleviating the computational
and storage costs of kernel algorithms.

We also recalled how representations can be made more compact
by reducing numerical precision. Quantisation replaces real-valued co-
ordinates by finite-level representations, while binarisation keeps only
one bit per entry.

Finally, we introduced the probabilistic language used to con-
trol random approximations. Concentration inequalities turn expecta-
tions into high-probability guarantees. Uniform approximation results
widen fixed pair estimates by requiring the same random embedding
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to work over an entire, possibly continuous set of objects using cover-
ing arguments and union bounds.

The next chapters build on these ideas. We first study signal pro-
cessing directly from random quadratic embeddings, then random fea-
ture approximations of Grassmannian kernels, and finally efficient im-
plementations based on structured transforms and optical computa-
tion.






Signal processing in the
quadratic embedding
domain

3.1 Introduction

The previous chapter introduced random embeddings as a way of
changing the representation of data while preserving quantities needed
for later processing. We now turn to the first concrete setting studied
in this manuscript. The objects of interest are signals x € R", and their
representations are obtained through random quadratic embeddings as de-
scribed in Sec. 2.2.4.

The central question of this chapter revolves around applying signal
processing tasks after the embedding and without ever reconstructing
the original signal representation. In many applications, the full signal
is not the final object of interest. We may only need to estimate whether
a given pattern is present, how strongly a signal overlaps with a region
of interest, or whether an embedded observation belongs to a given
class.

In this chapter, we show that a random quadratic embedding of any
k—sparse vector x € R" keeps enough information to estimate certain
quantities depending on (u, x), where u is a fixed unit vector. After
introducing the embedding model, we show that a debiased quadratic
embedding satisfies a sign product embedding property. This allows us
to approximate (u, x)? directly from embedded data. We then interpret
this mechanism as an asymmetric random feature approximation of a
quadratic kernel and illustrate it through numerical experiments.
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3.1.1 Motivation

The previous chapter introduced random embeddings as data-agnostic
transformations used in signal processing, numerical linear algebra and
machine learning [107, 77, 21]. Classical examples include linear ran-
dom projections for dimensionality reduction and compressed sens-
ing [91], as well as random feature constructions where random pro-
jections are combined with non-linear functions to induce kernel simi-
larities [133, 126]. For such embeddings to be useful, the transformed
representation must still preserve the quantities needed for a task at
hand. We follow this philosophy here, but for the quadratic embed-
dings introduced in Sec. 2.2.4.

Quadratic embeddings arise naturally in several inverse and sens-
ing problems. This is the case in phase retrieval, where the goal is to
recover signals from intensity measurements [13, 12, 93, 80], in covari-
ance estimation from quadratic samples [41, 40, 89], and in matrix re-
covery from rank-one projections [29]. Related lifted matrix-valued for-
mulations also appear in low-rank matrix recovery [35], quantum state
tomography [73], and compressive radio-interferometric imaging [100,
98]. These examples show that quadratic embeddings are used in con-
crete problems, where measurements of a vector x can often be inter-
preted as linear measurements of the lifted matrix xx .

The question classically attached to such measurements is whether
the original signal, or its lifted representation, can be reconstructed.
This is not the question we pursue here. In this chapter, we study what
signal processing tasks can be performed directly in the embedding do-
main generated by random quadratic embeddings, rather than focus-
ing on reconstruction methods which can prove costly [67, 29, 36, 41].
More precisely, given a signal x and a fixed vector u, we study how to
estimate quantities depending on (u, x) directly from the embeddings
of x and u, by constructing a function g(u, y) that approximates a target
function f ((u, x)). This setting is illustrated in Fig. 3.1.

The choice of the function f depends on the embedding under con-
sideration. In the random linear case, the natural function is f(f) = ¢,
since comparisons between the embeddings of x and u can be used
to approximate their scalar product. This is, for instance, the set-
ting behind the linear sign product embedding (SPE) property studied
in [85]. For the quadratic embeddings considered here, however, x and
—x have the same embedding. The sign of (u,x) is therefore lost, so
that the linear function f(f) = t cannot in general be recovered from
the quadratic embedding alone. This naturally motivates the choice
f(t) = #* studied in this chapter.
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Approximation up to a controlled distortion

Fig. 3.1 Illustration of the framework: instead of reconstructing the signal x from its
embedding y, we directly estimate a function g(#,y) to approximate f((u,x)), with a
controlled error.

This will lead us to an asymmetric and partly binarised compari-
son between embedded objects and connect the chapter to the ideas of
quantisation and binarisation discussed in Sec. 2.5.

3.1.2 Related works

Our work is closely related to signal processing with compressive mea-
surements in the linear setting [49], where several tasks can be per-
formed directly from embedded data without explicit reconstruction.
We follow the same general philosophy, but in a quadratic framework.
Similar work can also be found in [31] where the authors propose to
perform learning tasks directly in the compressed domain, showing
that classification can be carried out from random projections without
explicit signal recovery.

Our main theoretical result is also closely related to the sign product
embedding (SPE) property introduced for random linear embeddings
in [85]. In the linear setting, the SPE uses an asymmetric comparison
involving the sign of one linear embedding to approximate the scalar
product (u,x). In this chapter, we extend this principle to the debi-
ased quadratic embedding, for which the corresponding quantity is the
squared scalar product (u, x)2.

In addition, the estimator that we consider induces a comparison
between embedded signals that can be interpreted as a kernel-like sim-
ilarity. This connects our approach to random feature constructions,
where inner products in an embedding domain are used to approxi-
mate kernel evaluations, as in [125, 135, 107]. In particular, our con-
struction can be seen as generating features whose inner products esti-
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mate a function of (#, x), in a way that is reminiscent of random feature
approximations, but arising from quadratic rather than linear embed-
dings.

3.1.3 Contributions

The main theoretical contribution of this chapter is a quadratic exten-
sion of the SPE property to the debiased quadratic embedding. The
core result of this chapter shows that, after a simple debiasing step, the
quadratic embedding of a signal can be combined with the sign of the
quadratic embedding of a unit vector to approximate a function of their
scalar product with controlled distortion. More precisely, this compar-
ison gives access to the squared scalar product between the signal and
the unit vector directly in the embedding domain. The resulting guar-
antee holds uniformly over the considered class of sparse signals, and
can therefore be viewed as the quadratic equivalent of the existing lin-
ear SPE. This provides a direct way to perform basic estimation, detec-
tion and classification tasks from quadratic embeddings alone. Aside
from this signal processing interpretation, the same mechanism also
implies a kernel viewpoint since the resulting comparison behaves like
an asymmetric random feature approximation of a quadratic polyno-
mial kernel.

The rest of this chapter is organised as follows. We first introduce
the random quadratic embedding model and its debiased version, and
link them to rank-one projections. We then state and analyse the main
estimation result in the embedding domain. After that, we discuss its
interpretation, including its link with asymmetric random feature con-
structions. Finally, we illustrate these ideas on synthetic estimation
problems, localised detection in images, and simple classification ex-
periments.

3.14 Related publications

This chapter is related to the following publications, with contributions
from Vincent Schellekens, Laurent Daudet, Laurent Jacques, and the
author of the present document.

m R. Delogne, V. Schellekens, L. Daudet, and L. Jacques. “ROP in-
ception: Signal estimation with quadratic random sketching”. In:
Proceedings of the 30th European Symposium on Artificial Neural Net-
works, Computational Intelligence and Machine Learning (ESANN).
2022, [54]
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m R. Delogne, V. Schellekens, L. Daudet, and L. Jacques. “Signal
processing with optical quadratic random sketches”. In: ICASSP
2023 - 2023 IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP). 2023, pp. 1-5, [56]

m R. Delogne, V. Schellekens, L. Daudet, and L. Jacques. “Signal
processing after quadratic random sketching with optical units”.
In: International Symposium on Computational Sensing (ISCS). 2023,
[55]

m R. Delogne and L. Jacques. “Quadratic polynomial kernel ap-
proximation with asymmetric embeddings”. In: International
Workshop on Deep Learning and Kernel Machines (DEEPK). 2024, [51]

3.2 Quadratic random embedding of signals

We now introduce the random quadratic embedding model used
throughout this chapter. We start from the basic construction based on
rank-one projections, and then introduce a debiased variant that will
play a central role in the estimation results.

3.2.1 Symmetric rank-one projections

The use of rank-one projections as random measurements was intro-
duced in [29]. In this section, we focus first on a symmetric version,
which will be used as a building block for the embedding model stud-
ied in this chapter. Let us first remind the definition of ¢* as presented
in Eq. 2.8.

Definition 3.2.1 (Symmetric ROP embedding). Let x € R" and let
(a;)!", be independent random vectors in R" with a; ~ N(0,1,),Vi. The
symmetric rank-one projection embedding *(x) € R™ is defined componen-
twise as a collection of measurements

Pe(x) = (<az’/x>2);ﬂ:1, i=1,...,m.

This construction corresponds to taking quadratic measurements of
x of the form ((a;, x))?. Each measurement (or projection) reflects how
well x aligns with a random vector a;, and the collection of measure-
ments therefore captures how x interacts with many random directions.
The embedding can thus be interpreted as a representation of x through
its responses to a set of random probes.
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Recall that this can also be interpreted as a linear mapping of lifted
objects, as each quadratic projection can be rewritten as a linear projec-
tion of those lifted objects. Indeed Eq. 2.9 shows that

p(x) = ((4;, X)),
T

where X = xx' and where A; = a;a; are random rank-one matri-
ces. The embedding is thus quadratic in x but linear in the lifted space,
where it corresponds to projecting X onto random rank-one matrices.
This viewpoint explains the terminology of rank-one projections.

A key property of this embedding is that it is biased. Indeed, for any
x € R", we have

E[y*(x)] = E[{a;x)?]
E[x"a;a] x|
x'E[a;a] |x

= xTInx

=[xl

This shows that each term (a;,x)? has a non-zero mean equal to
|| x||3. This mean does not give us information about the alignment be-
tween a; and x, but only the norm of the signal. The directional infor-
mation is therefore carried by the changes of (a;, x)? around this av-
erage value. This becomes problematic when comparing two embed-
ded signals, since the raw scalar product between their quadratic mea-
surements also contains a term depending only on their norms. Con-
sequently, two orthogonal signals may still have a positive expected
similarity after embedding, which hides the geometric information we
want to preserve.

As a result, when using these measurements to compare signals
or estimate quantities depending on (u, x), the dominant contribution
comes from the norm of the signals (since it is going to accumulate
when we combine many measurements), rather than from their ori-
entations relative to the random vectors a;. This hides the directional
information which is precisely the interesting part of the embedding
that we want to preserve. This motivates the introduction of a debiased
embedding.

3.2.2 Debiased rank-one projections

In order to remove the bias effect described just above, we consider a
simple debiasing strategy based on taking differences of independent
measurements, following the approach of [41] and [99].
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Definition 3.2.2 (Debiased ROP embedding). Let (a;)?", be independent
random vectors in R" with a; ~ N(0,1,,). The debiased ROP embedding
¢~ (x) € R™ is defined as

¥ (x); = (a;, %)% — (ap.i, x)?, i=1,...,m.

This construction can be seen as the difference of two single in-
dependent symmetric ROP embeddings. In particular, it can be im-
plemented using the same basic symmetric quadratic embedding °,
which will be relevant in settings where only symmetric projections are
available such as in Optical Processing Units which will be presented
in Chap. 5.

Remark 3.1. The construction of the debiased embedding uses 2m indepen-
dent probes instead of m. This effectively doubles the number of required prob-
ing vectors, but does not change the scaling of the embedding dimension. In
particular, all results expressed in terms of m remain of the same order. As
noted in [41], this modification does not affect the behaviour of the bounds
derived for the embedding.

By construction, the debiased embedding satisfies

]E[lrb_(x)i] = E[<ai/x>2] _]E[<am+irx>2]
= |« - [Ix[3 =0,

so that the constant contribution from ||x||> present in each measure-
ment is now removed, meaning that, in contrast with the symmetric
embedding, the debiased embedding is now centred, and therefore
only shows variations due to the alignment between the random vec-
tors and the signal. This will allow us to extract useful directional in-
formation from this embedding. This debiased construction satisfies an
isotropy property, meaning that it preserves, in expectation, certain ge-
ometric quantities of the signal, as shown in the following proposition.

A more general version of this result is given in [41, Lem. 4], where
the debiased embedding is extended to matrices of arbitrary rank and
to sub-Gaussian probing vectors. For completeness, we provide here a
short proof in the vector Gaussian case.

Proposition 3.1 (Isotropy of the debiased embedding). Given x €
R, we have
Iy~ ()17 = 4]lx[*. (3.1)
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Proof. Let a,b ~ N (0,1,) be independent. By definition,
P (%) = (a"x)> = (b"x).

By rotational invariance of the Gaussian distribution, we can assume
without loss of generality that x = ||x||e;. Then

Y (x); = [|x]1*(af - b)),

and therefore
E[y~ (x)7] = |x[*E[(af — b7)?].
Expanding,
E([(af — b7)?] = E[a}] + E[b{] — 2E[a757].
Since a; and b; are independent standard Gaussian variables,
Elaf] =3,  E[a7b]] =1,
which yields
E[(a} —b7)*] = 4
Hence,
E[y~(x)7] = 4]x[*,

and summing overi =1,...,m gives

HEl~ ()7 = 4]lx[|*

L]

This result can be interpreted in the lifted space. Indeed, recalling
that X = xx", we have | X||2 = ||x||*. Prop. 3.1 therefore shows that the
debiased embedding is correctly scaled with respect to the Frobenius
norm of the lifted signal. In other words, it behaves, in expectation,
like a well-calibrated linear embedding of X.

Remark 3.2 (Connection with asymmetric projections). For complete-
ness, we note that the debiased embedding can be rewritten as

p- ()i = ((diyx)) ({si, %),

where d; = a; — ay,1; and s; = a; + ayi. Assuming a; follow a Gaussian
distribution, d; and s; are uncorrelated and therefore independent Gaussian
vectors for all i, so that ¢ ~ is equivalent to an asymmetric rank-one projection
embedding P P up to a rescaling. This idea will be useful later, in particu-
lar in connection with implementations based on optical processing units (see
Chap. 5) or asymmetric ROP (see Chap. 4).
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3.3 Signal estimation in the embedding domain

We now turn to the main objective of this chapter. Given a signal x €
R" and a unit vector u € R", we want to estimate a quantity of the form

f((u,x))

directly from y = ¢ ~(x), the embedding of x, and a unit vector u € R”",
without reconstructing x. In the present setting, we will consider the
square function

fiteER £

Our goal is therefore to construct a function g acting on y := ¢~ (x),
the embedding of x and u such that

§luy) = (u,x)*.

The key tool is a sign product embedding property satisfied by the
debiased quadratic embedding with high probability. This result relies
on the sign product embedding (SPE) framework introduced in [85].
The idea relies on the simple trick of applying the same embedding
procedure ¢ ~ to u, thus sending u to the same domain as y, with the
goal to perform the comparison between y and ¢ ~(u) in the embed-
ding domain.

In order to obtain guarantees that hold simultaneously over a class
of signals, rather than for a single fixed instance, it is necessary to re-
strict attention to structured signals. As presented in Sec. 2.2.3, such
uniform guarantees are standard in compressive sensing and random
embedding theory, where the complexity of the signal class controls the
required number of measurements (See for example [135, 15, 35]).

We will apply this idea with the set of k-sparse vectors in the canon-
ical basis,

Yy :={v e R": |supp (v)| < k}.

The role of ¥ is to provide a simple low-complexity signal class on
which uniform guarantees can be stated. It is useful because the em-
bedding dimension in Prop. 3.2 scales proportionally to k, up to log-
arithmic factors. Thus, dimensionality reduction is meaningful when
k < n, whereas in the extreme case k = n the required number of mea-
surements becomes comparable to the ambient dimension.

Remark 3.3. More generally, and as already discussed in Sec. 2.2.3, many
signals are not sparse in the canonical basis but admit sparse representations
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in an orthonormal basis, for instance images in wavelet bases. Let V. € R"*"
be orthonormal and consider signals of the form

x=Va, X € Xy

Since Gaussian distributions are rotationally invariant, for any orthonormal
matrix V, the random vectors a; and V" a; have the same distribution. There-
fore, applying the embedding to signals of the form x = Va with &« € Xy is
statistically equivalent to applying it to k-sparse vectors in the canonical ba-
sis. As a result, all guarantees stated below extend directly to vectors that are
sparse in an orthonormal basis.

We can now state the main result of this chapter.

Proposition 3.2 (SPE for the debiased embedding). Given a fixed
unit vector u € R" and a distortion 0 < § < 1, provided that

m > Co~2klog (E) (3.2)
then, with probability at least 1 — C exp(—cd?*m), for all x € %y,

| (sign(p = (), 9~ () — (wx)? <olP (33

Proof. The proof follows a three-step argument as described in Sec. 2.6.
We first compute the expectation of the estimator and show that it
matches the target quantity (u,x)2. We then establish concentration
around this expectation for a fixed signal x. Finally, we extend this
concentration to a uniform guarantee over X using a covering argu-
ment combined with a union bound. It follows the same structure as
presented in the supplementary material of [54] but has been rewritten

slightly.

Expectation: We first compute the expectation of

1 (SigN(Y ™ (1)), ¥~ (x)).

By rotational invariance of the Gaussian distribution and homo-
geneity in ||x||?, it is sufficient to consider u = e; and x = ce; + sex
with ¢ = cos 6, s = sinf.
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Leta,b ~ N(0,1,) be independent. Then

E(sign(y~ (u)), ¢~ (x))
[(car + sap)? — (cby + sbz)z]

= Esign(aj — b7) [*(a] — b) + s%(a3 — b3) + 2cs(a1az — byby)]
2
1

= c’Esign (a3 — b?) (a2 — 13),

= Esign(a? — b?)

where the terms in s? and 2cs vanish since a, b, are independent of
a1, by and centred. We then have

wE(sign(yp~(u)), ¥~ (x)) = Ela] — 6| = Elay — bi]ar + b .

Since a; — by ~ N(0,2) and a1 + by ~ N(0,2) are Gaussian and uncor-
related, they are independent. Writing

a — by = V27, a1 +b = V22,
with Z3, Z, ~ N(0,1) independent, we obtain
1E|611 — b1||ﬂ1 + b1| = 2IE’Z1HE|Z2|

Since Z; and Z; are identically distributed as N(0,1), it remains to com-
pute E|Z| for Z ~ N(0,1). We have

E|Z| L o—2/2y = 2 [ Lo 7/2y,

:fnz|z’ﬁ V2

With the change of variable u = z2/2, so that du = zdz, this gives

E|Z| = 2 [, e tdu =

I

_2
V2
Therefore,
2
Elay — by ||a; + by| = 2E|Z1 [E|Zs| = z(\/g) — 4
This allows us to conclude that
D E(sign(p~(u), ¢~ (x)) = & = (u, %)%
Concentration: We now study concentration for fixed u# and, since

Eqg. 3.3 is homogeneous, we can consider x fixed with ||x|| = 1 without
loss of generality. Let us define

5 := X (sign(p~ (), = (x)) — mlu,x)2 = T/, X,



3 | Signal processing in the quadratic embedding domain

with

Yi:=3Zi — (u,x)?, Z; = si(u)[(a] x)2 — (b x)?],

1

and s;(u) = sign[(a, u)? — (b u)?].
The variables Z; are i.i.d. and sub-exponential, with

1Zilly, < 2[[(ai 21, < 4]l x[[, < C,

see [149, Def. 5.13 & Lemma 5.14]. Hence the variables Y; are i.i.d.,
centred, and sub-exponential, with bounded sub-exponential norm.
Therefore, by Bernstein’s inequality [149, Cor. 5.17], for any 6 > 0,

P[[S| > ém| < 2exp(—cmin(6% 6)m),

that is for u and x fixed,

H’[\ﬁ<sign(¢‘(u))/¢‘(x)> — (u, %)% > 5] < 2exp(—cmin(82,5)m).

(3.4)
Finally since we assume that 0 < § < 1, we can always choose
min(42,8) = &%

Covering: We extend this bound uniformly over vectors x € ;N
S"~! and u fixed. Write

P (x) = ((af x)? — (0] x)?)", = (d] Xs;)!",

withd; = a; —b;,s; =a; +bjand X = xx'.
Let G = {xx" : x € £, NS"1}. Given € > 0, there exists an e-net
Ge C G such that for every X € G, there exists X’ € G, satisfying

IX = X'|lr <e,

and X' has the same row and column supports as X. Moreover, the
cardinality of this net satisfies

7

2k+1
G < (ore < (g)

see [35, Lemma 3.1]. The binomial term comes from counting the pos-
sible supports of size k, and the net can be constructed separately on
each support before taking the union over all supports.

Fix 1 = sign(y ~(u)). Note that
Zla, g~ (x)) — (wx)? = Z(a, (d Xs;)! ) —u' Xu.

1=
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By a union bound applied to Eq.3.4, with probability at least
1 —2|Ge| exp(—cd*m),

the following holds for all X’ € G:

(] X's;) ) —u"X'u| <.

' 2%k+1
Using the bound |Ge| < (%)

from Eq. 3.2 ensures that

and choosing € = ¢/4, the condition

2|Ge| exp(—cd*m) < Cexp(—cd?*m).

The rest of the proof assumes that this event holds.
Define
Q:=Z Y udis] —uu'.

Then forall X € G,

(@, (d] Xs;)" ) —u' Xu = (Q, X).

4m

Let

p = sup [(Q, X)|.
Xeg

Fix X € G and let X’ € G, be such that || X — X'||r < €, with X" having
the same row and column supports as X. Define

X-X

Y=-"—r.
1X = X"|IF

Then ||Y||r =1 and
X=X +|X - X||rY,
so that

(Q.X)| < {QX')[ + KQIIX = X'[[r < [(Q,X")| + [{Q, Y)le.

It remains to bound |{Q, Y)|. Since both X and X’ have rank 1, the
matrix Y has rank at most 2. Moreover, since X and X’ have the same
row and column supports, there exists a set S C [n] with |S| < k such
that both X and X’ are supported on S x S. Hence Y is also supported
onS x S.

Since Y is symmetric and has rank at most 2, it admits a spectral
decomposition

Y = AlvlvlT + szzv;,
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and since Y is supported on S x S, each eigenvector v; is supported
on S, hence v; € X;. After normalisation, the vectors v; are unit-norm
eigenvectors, so that

vv! €G.

Therefore, by definition of p,
(Q viw)| <p.
Using the spectral decomposition, we get
{Q V)] < M| (Q o101 )| + 42| [{Q, 0205 )| < (JA1] +[A2))p.

Since Y has rank at most 2 and ||Y||r = 1, its non-zero eigenvalues
satisfy
M+ =Y} =1.

Hence, by Cauchy-Schwarz,

M|+ A2 < V24/AF + A = V2.

{Q.Y)| < V2p.

Combining previous estimates and using the fact that [(Q, X)| < 4
for all X’ € G,, we obtain

Thus

(Q,X)| <6+ V2pe.

Taking the supremum over X € § yields

p <3+ V2pe.
Choosing € = /4 and using § < 1, we get

)
< — <
P12 ™

A final rescaling of § concludes the proof.

26.

O

Proposition 3.2 states that, provided that m is sufficiently large com-
pared to the complexity of the signal model, the function

g~ (x)) = g (sign(p~(w)), ¢~ (x))
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gives an approximation with controlled quality of

(u,x)2.
In other words, the interaction between x and u can be estimated di-
rectly in the embedding domain by projecting the embedding of x onto
the sign of the embedding of u. This also has a nice geometric interpre-
tation through lifting. If we define U = uu' and X = xx', we have

(U, X)r = (u,x)2

For unit vectors u and x, this is equal to cos?(6), where 6 is the angle
between them. The SPE can therefore be interpreted as estimating, di-
rectly from the quadratic embeddings, the alignment between the one-
dimensional subspaces spanned by # and x. Note that this interpreta-
tion is consistent with the fact that the quadratic embedding does not
distinguish x from —x.

This approximation is useful only when the quantity to be estimated
is sufficiently large compared to the distortion term. Indeed, using the
scaling on m found in Eq. 3.2, the error in Eq. 3.3 scales as

Sllx|? = O (/) x|

up to logarithmic factors. Therefore, the estimate is informative only
when (u,x/||x||)? is not too small compared to . In particular, taking
u orthogonal to x provides a way to empirically evaluate the distortion
level as a function of m, since in that case the true value is zero, so the
estimate directly reflects the distortion level.

This result is in the same spirit as signal processing from com-
pressed measurements in the linear setting [49], where one seeks to es-
timate useful quantities directly from transformed data without recon-
structing the original signal. Here, however, this principle is achieved
in a genuinely quadratic setting.

The previous proposition extends directly to a finite family of unit
vectors.
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Corollary 3.1. Given a set of S unit vectors {us}>_, and a distortion
0 < 6 < 1, provided that

m > C62 (klog (%) + log S), (3.5)

then, with probability at least 1 — C exp(—cé*m), for all x € Xy and all
s € [S],

| (sign(y~ (m)), ¥~ (%)) — (s, x)2| < Olx2. (36)

Proof. For each fixed s € [S], Proposition 3.2 ensures that the desired
inequality holds with probability at least 1 — 2 exp(—cd?m).

Applying a union bound over the S vectors {us}>_,, we obtain that
the inequality holds simultaneously for all s € [S] with probability at
least

1 —2Sexp(—cé*m).
Using that 25 exp(—cé?m) = 2 exp(log S — c¢6?m) and the condition

m > C5~2 <klog (k%) —HogS),

we obtain that this probability is bounded below by 1 — C exp(—cd?*m),
which concludes the proof. O

This corollary shows that the same embedding can be used to esti-
mate several quantities of the form (us,x>2 simultaneously, with only
an additional logarithmic dependence on the number S of unit vectors.
In particular, a single embedding of x can be reused to approximate
several quantities with different unit vectors.

3.4 A kernel interpretation of the estimator

The estimation result of Proposition 3.2 has a natural interpretation in
terms of kernel approximation. Recall that, for a fixed unit vector u, the
estimator

i (Sign(p~ (u)), ¥~ (x))
provides an approximation of (u,x)? with controlled distortion, uni-
formly over x € %.
Since the function x°(x,u) := (x,u)? defines a quadratic polyno-
mial kernel (more specifically a dot-product kernel of the form f((x,y))
with f(x) = x?, [123]), this result shows that the interaction between x
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and u can be approximated directly from their embeddings. In this

sense, the estimator can be interpreted as a random feature approxima-

tion of the kernel «° in the same spirit as what can be found in [125]

and [135], with features constructed from quadratic measurements.
More precisely, defining the mappings

Pr(x) =9 (x),  a(u) = sign(yp~ (u)),

we can rewrite the estimator as

o (P2 (u), 1 (x)).

Prop. 3.2 then states that, for a fixed vector u, this quantity approxi-
mates x°(x, ) uniformly over ¥y, provided that the number of mea-
surements m is sufficiently large.

This construction differs from classical random feature methods
found in [125], where a single feature map is used symmetrically for
both arguments. Here, two distinct embeddings are used, leading to
an asymmetric feature representation. This is in line with the frame-
work of asymmetric random features introduced in [135], where kernel
approximations are obtained from the inner product of two different
embeddings, for instance when one side undergoes quantisation.

In our setting, this asymmetry arises naturally from the use of the
sign function applied to the embedding of u, while x remains unquan-
tised. The resulting quantity is not, in general, a kernel in the strict
sense, since it is neither symmetric nor guaranteed to be PSD. However,
it provides a consistent approximation of the quadratic kernel and can
therefore be used as an asymmetric similarity measure for tasks such as
detection or classification. Note that the target kernel x5(x, u) = (x, u)?
is symmetric and PSD, but its asymmetric approximation does not di-
rectly define a standard SVM kernel. For a standard SVM, the similar-
ity matrix used during training should correspond to a symmetric PSD
kernel. The asymmetric SPE approximation does not satisfy these prop-
erties. Although it can be symmetrised, this alone does not guarantee
positive semidefiniteness. It should therefore be interpreted primarily
as an approximation of the true quadratic kernel, rather than as a stan-
dard SVM kernel.

For comparison, we can also consider using the 1~ for both sides
without the sign and find the associated approximation

5 (x), 9 ().

This quantity is symmetric and PSD by construction. However, it is
not the object controlled by Prop. 3.2. The fully real-valued symmetric
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construction is closer in spirit to the unbounded rank-one embeddings
studied later in Chap. 4. There, we will see that such unbounded ran-
dom features have heavier-tailed behaviour, which motivates the use
of bounded transformations when uniform approximation guarantees
are desired.

Corollary 3.2 (Kernel approximation in the SPE domain). Let
{us}>_, C R" be a fixed set of unit vectors, and define the quadratic
kernel

x5 (x,us) == (x,us)2.

For s € [S], define the asymmetric empirical similarity score

RS(x, us) = £%(sign(p~ (us)), 9~ (x)).

Under the assumptions of Corollary 3.1, with probability at least 1 —
Cexp(—cé®m),

SUP ¢y, MaXse(g] ’fS(x’ us) - Ks(x; us)‘ < 5“9&'”2

Proof. This is exactly Corollary 3.1 after defining kS(x,us) = (x,us)?
and &3 (x, us) = £ (sign(y ~ (us)), ¥~ (x)). O

It is important to stress that Cor. 3.2 does not provide a uniform
approximation of x°(x,u) over all possible pairs (x,u). The unit vec-
tors us are fixed in advance, and the guarantee holds uniformly over
x € X, and over this finite collection of references. Thus, the result is
best understood as a finite-query kernel approximation statement. This
is sufficient for settings where we compare embedded signals with a
predetermined finite set of vectors, but it should not be read as a full
random-feature approximation of x5 over the whole ambient space.

3.5 Experiments

We now illustrate the behaviour of the SPE estimator introduced in
Prop. 3.2. Throughout this section the reader should keep in mind that
the goal of these experiments is not to optimise performance metrics
of a given method, but rather to verify that the quantities appearing
in Eq. 3.3 can be used in practice to perform simple signal process-
ing tasks only using the data transform with the ¥ = embedding. We
therefore focus on four questions. First, we check whether the distor-
tion term J decreases with m as predicted by the theory. Second, we
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test whether the SPE estimate can replace direct scalar-product com-
parisons in a simple classification task on the MNIST dataset. We then
show that event detection in the embedding domain is also possible by
embedding frames of a video of a moving object and using those em-
beddings to detect when the object moves from one part of a frame to
another. Finally we also show that the induced kernel interpretation
creates an approximation that can be used for basic classification tasks.

3.5.1 Empirical distortion of the SPE estimator

We first study the distortion term J from Eq. 3.3. Recall that, for a unit
vector u and a signal x, the SPE estimator is given by

gu, x) = £ (sign(y~ (u)), ¢~ (x)),

with the goal to approximate (u, x)2. Since the error in Prop. 3.2 is con-
trolled by 4|x||2, we evaluate the normalised error

|8 (,x) — (w,x)?|
[lx[1?

In particular, when u is orthogonal to x, the target quantity (u, x)? van-
ishes. In this case, the residual value of the estimator directly measures
the distortion level:

5= | & (sign(y (), p~(x))].

In Fig. 3.2, we show this quantity as a function of the oversampling
ratio p := m/n, where m is the number of embedding dimensions and n
is the ambient dimension of the original signal. This ratio measures the
size of the embedding relative to the size of the input. Values p < 1 cor-
respond to a compressed representation, values p ~ 1 correspond to an
embedding of comparable dimension, and values m/n > 1 correspond
to an overcomplete representation. Plotting the error against p there-
fore indicates whether the estimator can be useful for dimensionality
reduction purposes.

For each value of m, we repeat the experiment over 300 independent
trials. In each trial, we draw a random unit vector # uniformly on the
sphere S"-1 We then draw a second random vector z ~ AN (0,1,) and
set

x=z—(z,u)u,

to ensure that x is orthogonal to u. This matches the form of Prop. 3.2,
where u is supposed to have unit norm and the error is proportional to
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Fig. 3.2 Empirical distortion of the SPE estimator when u is orthogonal to x. The
curve is in logarithmic scale and shows the mean value of 5 over several random trials,
with the central percentile range displayed as a shaded region. The dotted line indi-
cates an m~1/2 slope.

[|x]|?. In the experiment, we fix the ambient dimension to n = 512 and
test embedding dimensions

me {22,23,...,212}.

For each trial, a new independent version of the debiased embedding
i~ is generated, and we compute

=1

%1%

= (sign(p (), 9~ (x))].

Since (u,x) = 0 by construction, this quantity directly measures the
relative SPE error. The main curve in Fig. 3.2 shows the average of 65
over the independent trials, along with a shaded band including 80% of
the results. The observed decay follows the expected m~'/? behaviour,
in agreement with the scaling

_ k
s=o(y3)
up to logarithmic factors. This confirms that the approximation func-

tion ¢ becomes more accurate as the embedding dimension increases at
the rate predicted by theory.
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Fig. 3.3 Illustration of MNIST samples, hand-drawn digits from 0 to 9

3.5.2 MNIST classification in the embedding domain

We next test whether the SPE estimator can be used to perform a sim-
ple classification task directly from the instances embedded with ¢ ~.
We consider the MNIST dataset [57], which contains images of hand-
drawn digits from 0 to 9 (see Fig. 3.3). Each image will be represented
as a vector x € R7. The full dataset contains 70 000 images split into
N = 60000 training images and Nt = 10000 test images. We denote
the training set by {(x;, t;) f\fl, where t; € {0,...,9} is the label of x;.
From the training set, we compute the centroid

1 e . — 4
C]‘ = WZieKj Xi, K] = {l . ti _]}’

of each digit class j € {0,...,9}, and define the corresponding query
vector

w = -9

7 el

In the direct domain (i.e., without embedding), a test image x is classi-
fied according to

fq(x) = arg max;(u), x)2.

This simple direct centroid classifier provides the basic accuracy of
81.95% on the test instances.

The direct classifier still assumes that we have access to the test im-
ages x in the original domain. We now consider the setting where a
new test instance is only available through its debiased quadratic em-
bedding ¢ ~(x). This is the situation of interest in this chapter: the
signal has already been transformed by ¢ ~, and we want to classify it
without reconstructing x.

For each class centroid, we can compute the corresponding embed-
ding ¢ ~ (u;) once. Then, using Prop. 3.2, the direct score (u;, x)? can be
replaced by its estimate in the embedding domain. This gives the SPE
classifier

Fspe(x) = argmax; = (sign(y (1)), § ~ (x)).

This classification process is summarised in Fig. 3.4. This classification
method is directly aligned with Proposition 3.2, since the class centroids
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s = (sign(v~(¢;)), v~ (x;))

Fig. 3.4 Process of classification of embedded test data using the SPE

are still defined in the original signal domain, while each comparison
with the test image is performed from ¢ ~(x) alone. In other words,
once the class centroids have been embedded, an incoming embed-
ded instance can be classified without accessing or reconstructing its
original pixel representation. The resulting test accuracies are shown
in Fig. 3.5, as a function of the oversampling ratio p = m/n. As ex-
pected, the classification accuracy improves with the embedding di-
mension and progressively approaches the accuracy of classification in
the original domain.

We also test two classifiers trained directly in the embedding do-
main. For each class j, we compute an embedded centroid

C;'p = %} Zi:ti:j 170 a (xi)/

where N; is the number of training samples in class j. The first
embedded-centroid classifier uses the rule

by (x) = argmaxj<c;¥]7,tp*(x)>.

The second version keeps only the sign of the embedded centroids:

fs-(x) = arg maxj<sign(c;?b ), P (x)).

This last rule is not a direct application of Prop. 3.2, since c}P is an em-
pirical centroid in the embedding domain rather than the embedding
of a known vector u;. However, it is motivated by the same stabilising
role of the sign function. Since raw quadratic embeddings can have
heavy-tailed coordinates (see Sec. 4.2.1 for more details), replacing an
embedded centroid by its sign will reduce the influence of unusually
large coordinates.

82 |



Experiments | 3.5

80 A

-
(=}
1

60

Test accuracy (%)

30 1 —8— SPE classifier
------ Direct centroid baseline

102 107! 10°

Fig. 3.5 Test accuracy of the SPE classifier on MNIST as a function of the oversam-
pling ratio p = m/n. The dotted horizontal line indicates the direct centroid baseline
in the original signal domain.

The results are shown in Fig. 3.6. The direct centroid classifier
reaches an accuracy of 81.95% and is shown as a reference baseline.
Both embedded-centroid classifiers are trained directly in the embed-
ding domain, using class centroids computed from the embedded
training samples 1 ~ (x). The unsigned version stays below the direct
accuracy, suggesting that raw embedded centroids are not by them-
selves a stable replacement for the direct class centroids. By contrast,
applying the sign operation to the embedded centroids leads to an im-
provement of up to 5% compared to the centroid classifier, at the cost
of a higher p. This suggests that the sign operation acts as a useful
stabilisation mechanism in the quadratic embedding domain.

Effect of sparse orthonormal representations

The previous MNIST experiment was performed directly in the pixel
domain, without enforcing any explicit sparse model. However, Propo-
sition 3.2 is stated for vectors in X, and the preceding discussion
shows that the same result applies to vectors that are sparse in any or-
thonormal basis, by rotational invariance of Gaussian measurements.
It is therefore natural to ask whether representing MNIST images in a
sparse orthonormal basis improves the measurement-accuracy trade-
off.

To test this, we transform each image into an orthonormal discrete
cosine basis and keep only the k largest coefficients in magnitude. No

| 83



3 | Signal processing in the quadratic embedding domain

5 70 1

.

%

5 60 »-

Q

Q

&
7 /

1 50 -
=

/ . |
40 - L mbedded centroid

././ Signed embedded centroid

------ Direct centroid baseline

102 107! 10°

Fig. 3.6 MNIST classification accuracy of embedded-centroid classifiers as a function
of the oversampling ratio p = m/n. The direct centroid classifier is shown as a hori-
zontal reference line. The embedded-centroid curves correspond to classifiers trained
directly from ¢ ~(x), with and without applying the sign operation to the embedded
class centroids.

reconstruction is performed and the classifiers are applied directly to
the truncated coefficient vectors. This gives exactly k-sparse coefficient
vectors while keeping the same SPE methodology as before. However,
in this experiment sparsity is imposed by truncation rather than being
an intrinsic property of the original data.

The direct sparse-DCT centroid classifier remains accurate even for
small values of k. For instance, using only k = 50 coefficients yields a
direct accuracy of 81.19%, close to the full pixel-domain direct accuracy
of 81.95%. With k = 100 coefficients, the direct sparse-DCT baseline
reaches 82.06%. This confirms that the images are well represented by
a small number of DCT coefficients for this particular centroid classifi-
cation task.

The SPE classifier also benefits mildly from this representation. For
example, in the pixel domain, an accuracy of 79.48% is obtained at m =
1000, corresponding to p ~ 1.28. In the sparse-DCT representation with
k = 200, the same accuracy is reached at m = 800, corresponding to p =~
1.02. The improvement is not dramatic, but it supports the expected
trend that a representation closer to the sparse model can reduce the
number of measurements required to reach a comparable accuracy.

To further study this experiment with data that actually satisfies
the sparse model by construction, we consider another synthetic clas-
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sification problem in the same ambient dimension n = 784. We gen-
erate ten classes of vectors of unit norm with support on a fixed set
of k entries, with k € {10,25,50,100,200}. For each sample of class
c € {1,...,10}, one of the first ten active entries is associated with the
class and receives a unit contribution, while the other entries are filled
with Gaussian noise. More precisely, the ¢ active entry contains this
unit contribution in addition to a Gaussian perturbation, whereas the
other nine contain only Gaussian perturbations. When k > 10, the re-
maining k — 10 active entries are also filled with independent Gaussian
noise. The resulting vector is finally normalised to unit norm. We gen-
erate 500 training and 200 test samples per class and apply the same
direct and SPE centroid classifiers as above. For the SPE classifier, the
accuracies are averaged over five independent realisations of the ran-
dom embeddings.

The direct classifier achieves between 96.55% and 97.15% accuracy
across the different sparsity levels. In the sparsest case, k = 10, the
SPE classifier reaches 95.91% accuracy with only m = 400 measure-
ments, corresponding to p ~ 0.51, and 96.17% with m = 500, cor-
responding to p ~ 0.64, compared with a direct accuracy of 97.15%.
Thus, in this genuinely sparse setting, the SPE classifier approaches the
direct-domain performance while using fewer measurements than the
ambient dimension. The effect is less pronounced as k increases. For
instance, at m = 400, the accuracy decreases to approximately 91-92%
for k > 25, despite the direct accuracy remaining close to 97%. This
experiment therefore shows that it is possible to go below p = 1 when
we are in a sparse enough regime.

Overall, these experiments support the main claims of this chap-
ter. The orthogonal vector experiment validates the expected distortion
scaling of the SPE estimator, while the MNIST experiment shows that
this estimator can be used to transfer a simple classification rule to the
embedding domain. The sparse DCT experiment shows a moderate
benefit from imposing a sparse representation on MNIST. Finally, the
synthetic experiment illustrates the regime described by Prop. 3.2 more
directly. When the signals are genuinely sparse, accurate classification
can be obtained with an embedding dimension smaller than the am-
bient dimension, although this advantage becomes less visible as the
sparsity level increases.

3.5.3 Event detection in a synthetic image sequence

We next consider a simple event detection task. The goal is to illus-
trate how the SPE estimator can recover localised information from the
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Fig. 3.7 Example frames from the revolving disk sequence used for the quadrant
detection experiment. The blue lines show the four quadrant regions, while the dotted
curve and arrow show the circular trajectory followed by the disk.

debiased quadratic embedding of an image sequence, without recon-
structing the frames themselves.

We generate a synthetic sequence {x;:}/_,' of T = 96 images of size
24 x 24, hence with ambient dimension n = 576. Each frame contains
a blurry white disk moving on a circular trajectory over a black back-
ground. An example frame is shown in Fig. 3.7.

We define four unit vectors {uj};-‘zl, each corresponding to one
quadrant of the image. More precisely, #; is the normalised indicator
of the j-th quadrant. For each frame x4, the true quadrant occupancy is
defined as

qi(t) == (uj, x4)%.
This quantity measures the squared intensity of the frame over quad-

rant j. According to Prop. 3.2, it can be estimated from the embedding
P~ (x¢) through

gi(t) = £ (sign(y~(uj)), ¥~ (xt)).

Thus, after computing and storing the signed embedded quadrant pat-
terns sign(y ~ (u;)), every incoming frame can be processed directly in
the embedding domain.

The experiment is shown in Fig. 3.8. We use m = 170 measure-
ments, corresponding to p ~ 0.3. The true occupancy curves g;(t) and
their SPE estimates g;(t) are normalised before plotting. The estimated
curves follow roughly the expected curves of the four quadrants and
reproduce the passage of the disk through the image.

As a simple discrete detection criterion, we also assign each frame
to the quadrant with largest estimated occupancy,

0(t) = arg max; gi(t),
and compare it with the true maximiser
o(t) = arg max; q;(t).
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Fig. 3.8 Quadrant occupancy detection from debiased quadratic embeddings.
Dashed curves show the true occupancies qj(t) = (u]-,x¢>2, while solid curves show
the SPE estimates g;(t) = 7. (sign(y ~(u;)), ¢ ~ (xt)). The experiment uses 24 x 24 im-
ages, T = 96 frames, and m = 170 measurements.

This gives an argmax detection accuracy of 94.8%. A closer look shows
that the incorrect detections occur mainly near transitions between
nearby quadrants. In these frames, two true occupancy values are close,
so a small perturbation of the estimated curves can change the value
of o(t). In addition, the predicted quadrant is typically the next quad-
rant along the trajectory, corresponding to a slight shift of the transition
rather than a complete localisation failure.

This experiment should not be interpreted as an optimised com-
pression scheme for such a synthetic video, which might have a lower
intrinsic complexity. However, it provides an illustration of the mecha-
nism behind Prop. 3.2, i.e., localised quantities of the form (u;, x¢)? can
be estimated directly from 3 ~(x;), without reconstructing the image
and without applying an inverse of the quadratic operator. Combined
with the distortion experiment in Fig. 3.2, this confirms that the SPE
estimate can be used as a practical signal processing tool directly in the
embedding domain.

3.5.4 Kernel interpretation

We now test whether the kernel interpretation of Prop. 3.2 can be used
for a simple classification task. The goal is to compare a classifier using
the exact quadratic kernel «5(x,y) = (x,y)? with the same classifier

| 87



3 | Signal processing in the quadratic embedding domain

when its kernel evaluations are replaced by its approximation %S,

We generate a synthetic binary classification dataset in IR>'?. First,
we draw two random unit vectors ¢1, c; € R?2 and use them to define
the centres of the two classes. To generate a new sample, we first choose
a class label t € {1,2} uniformly at random. We then choose a sign
o € {—1,1} uniformly at random and start from the point o¢;.

A random perturbation is then added to create a cloud around this
point. More precisely, we draw an independent Gaussian vector § ~
N(0,1,) for every sample. Thus, each sample is of the form

oei+¢
e+l

X =

The random sign makes the problem invariant under the transfor-
mation x — —x. As a result, the quadratic kernel

K3(x,y) = (x,y)?

is naturally well adapted to the task, since it will not see the difference
between two vectors that differ only by their sign.

We create 400 training samples and 200 test samples. As a reference
method, we train a binary SVM using the exact quadratic kernel Gram
matrix

Kij = Ks(xi/ x]) = <xi/ xj>2
for 0 < i < j < 400, on the training set. A test sample x is then classified
from the support-vector decision function (from Eq. 2.3)

f(x) = Lsex,, asysc®(x, x5) + b,

where Zg, is the set of support-vector indices selected by the exact
quadratic-kernel SVM.

We then keep the same trained coefficients «s, labels ys, and Zy, but
replace every exact kernel evaluation x°(x, x;) by

R3(x, x5) = g (9~ (), sign(y~ (x)))-
This gives the approximate decision function
fm (x) = ZseIsv “sysfs(x/ Xs) + b.

In this second classifier, the support vectors are stored through the bi-
nary vectors sign(y ~(x;)), while each incoming test sample is repre-
sented by its embedding ¢ ~(x).

We repeated this experiment for values of m varying from 1 to 100
on a logarithmic scale, with 20 trials for each value of m. The results
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are shown in Fig. 3.9. The solid curve shows the test accuracy obtained
when x5 is replaced by its approximation 5. The dashed horizontal
line gives the test accuracy of the exact SVM. The curve shows the mean
value over the trials, with the shaded region corresponding to one stan-
dard deviation. As m increases, the approximate classifier improves
and eventually reaches 100% test accuracy.
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Fig. 3.9 Approximate support-vector prediction with 5. The solid curve shows the
test accuracy obtained by replacing x5 in the support-vector decision function by its
approximation k5. The dashed line shows the test accuracy of the exact quadratic-
kernel SVM.

Compared with linear embeddings, the quadratic setting consid-
ered in this chapter preserves a different notion of similarity. In the
linear case, the corresponding SPE estimates the signed scalar product
(u, x), whereas the quadratic embedding considered here naturally ap-
proximates (u, x)2. Linear embeddings thus keep directional informa-
tion that is necessarily lost by quadratic measurements, since x and —x
have the same quadratic representation. They are also generally sim-
pler to analyse and use when linear measurements are available and the
task only depends on linear geometry. The interest of the present ap-
proach is instead to show that, when the available measurements are in-
trinsically quadratic, useful estimation and classification tasks can still
be carried out directly in the embedding domain without reconstruct-
ing the original signal.

3.6 Conclusion

In this chapter, we studied signal processing tasks performed directly
from random quadratic embeddings. Starting from rank-one projec-
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tions, we introduced the debiased embedding i ~ in order to remove
the constant bias present in the symmetric quadratic measurements.
We then showed that this debiased construction can be used to estimate
useful quantities without reconstructing the original signal.

The main result of the chapter is given in Prop. 3.2. It states that
given a unit vector u, the quantity obtained by comparing i ~ (x) with
sign(y ~(u)) approximates (u, x)2 uniformly over sparse signals, pro-
vided that the number of measurements is large enough compared to
the sparsity level. This gives a direct way to process embedded signals
by precomputing signed embeddings of unit vectors and then apply-
ing simple scalar products in the embedding domain. The finite-query
version given in Cor. 3.1 further shows that several such quantities can
be estimated simultaneously, at the price of only a logarithmic depen-
dence on the number of unit vectors.

Finally, we interpreted the estimator of Prop. 3.2 as an asymmet-
ric random feature approximation of the quadratic polynomial kernel
x5(x,u) = (x,u)?. This interpretation shows that the same construction
can be used not only for signal estimation, but also for simple kernel-
based prediction.

We backed up our claims with experiments both evaluating the
quality of the theoretical guarantees presented, and the usability of our
approximation in experimental settings. We performed classification
and detection as well as a kernel-based experiment, every time show-
ing that the higher the embedding dimension, the better accuracy was
achieved.

Overall this chapter demonstrated that randomly quadratically em-
bedded data could be used directly in the new representation in order
to perform simple signal processing tasks. The results also show that
this idea is not limited to a single change of representation since both
the real-valued embedding and its signed variant can preserve enough
information to support useful computations after embedding.

The next chapter moves from vector-valued data to subspaces,
where random embeddings will be used to approximate kernels on the
Grassmannian manifold.



Approximating
Grassmannian kernels
with random features

4.1 Introduction

In the previous chapter we studied random quadratic embeddings of
vectors and showed that useful quantities can be estimated directly in
the embedding domain. We now move from individual signals to sub-
spaces. Instead of representing a data point by a single vector x € R",
we represent it by a k-dimensional linear subspace of R" as presented
in Sec. 2.3. This setting occurs when the information is not contained in
a single observation, but in the span generated by several observations
of the same object.

The goal of this chapter is to develop random feature approxima-
tions of Grassmannian kernels. More precisely, we construct random
embeddings of elements of the Grassmannian manifold such that Eu-
clidean inner products between their embeddings approximate these
kernels.

4.1.1 Motivation

There exist many supervised and unsupervised learning tasks where
data classes or clusters are better represented by low-dimensional sub-
spaces spanned by the instances of a specific class of data. This assump-
tion arises naturally in a range of contexts such as image and video
processing [154, 18, 129, 108, 84], wireless communications [137], and
dynamic subspace modelling in signal processing [140, 132, 88]. For
instance, a collection of images of the same object under different view-
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points or illumination conditions can be represented by the subspace
spanned by these images. Similarly, the frames of a video, or features
extracted from them, can span a low-dimensional subspace represent-
ing the complete sequence, allowing videos to be compared or clas-
sified through their corresponding subspaces. In this setting, data is
naturally modelled as elements of the Grassmannian manifold G (k, 1),
the set of all k-dimensional subspaces of R".

As discussed in Secs. 2.1 and 2.4, kernel machines such as SVMs
and kernel regression use pairwise similarities to learn non-linear clas-
sification boundaries [9]. For subspace-valued data, these similarities
can be defined using Grassmannian kernels [75, 74, 157]. Their main
limitation is the usual cost of kernel methods. For a dataset containing
N subspaces, computing and storing the N X N Gram matrix has a cost
that grows quadratically with N.

Methods such as the Nystréom approximation reduce the cost of
handling this matrix by constructing a lower-rank approximation from
a subset of the data [62, 10]. This reduces the storage costs, however
these methods still require computing a large number of pairwise simi-
larities and remain data-dependent. In particular, the approximation
is constructed from a subset of the dataset itself, so that the result-
ing representation depends on the choice of these samples and still re-
quires kernel evaluations when processing new data. Random features
instead replace each subspace with a finite-dimensional random vec-
tor whose scalar products approximate the chosen kernel [125]. This
avoids constructing the full Gram matrix and allows learning methods
to operate directly on these random representations. The goal is thus to
develop such approximations for Grassmannian kernels.

A direct strategy consists in vectorising the projection matrices and
applying standard random projections, as suggested by the compres-
sive sensing literature [67, 35]. While this yields valid random feature
constructions, it comes at a high computational and memory cost due
to the ambient dimension n? of the projector representation.

An alternative is to rely on more structured measurements, such
as rank-one projections of the form a' Pb, which significantly reduce
the computational burden. These constructions provide unbiased es-
timators of classical Grassmannian kernels, but they suffer from poor
concentration properties due to their heavy-tailed nature. As a result,
obtaining accurate approximations requires a large number of features,
limiting their practical usefulness.

The goal of this chapter is to design random feature maps for Grass-
mannian data that remain computationally efficient while providing
accurate approximations of meaningful kernels. This requires construc-
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tions that both respect the geometry of subspaces and have sufficiently
strong concentration behaviour.

4.1.2 Related works

Early supervised classification methods for subspace-valued data re-
lied on nearest-subspace algorithms, notably the CLAFIC (ClAss-
Featuring Information Compression) approach introduced in 1967 by
S. Watanabe and others in [153, 154], which represents each class by a
reference subspace and assigns labels by projecting new instances into
the reference subspaces. More recent works embed subspaces into Eu-
clidean spaces allowing efficient nearest-neighbour search. In particu-
lar, [17] and [84] propose deterministic and binary embeddings based
on vectorised projection matrices, approximately preserving the projec-
tion distance and enabling scalable classification.

Another related line of work is about Euclidean distance geometry
and the recovery of Gram matrices from partial distance measurements
[59, 145]. In this setting, a low-rank positive-semidefinite matrix such
asP = UU' canbe interpreted as a Gram matrix, and measurements of
the form (e; — ej)TP (e; — e;) correspond to squared distances between
embedded points. This is related to our use of measurements of pro-
jection matrices, but with a different objective. They aim to recover the
matrix P itself from limited measurements, whereas we aim to build
random feature maps whose inner products approximate a Grassman-
nian kernel. Hence, bounded non-linear functions are not introduced
for projector recovery, but to obtain kernel estimators with controlled
concentration.

Beyond distance-based methods, Grassmannian kernel methods
provide a good alternative for learning from subspace data. Classical
kernels defined through principal angles have been extensively stud-
ied in [75]. While effective, these kernels suffer from poor scalability,
as kernel-based learning requires forming and storing an N X N Gram
matrix, which quickly becomes prohibitive for large datasets [125]. The
reader can refer to Sec. 2.4 where we recall essential information on
Grassmannian kernels.

Several works have addressed this limitation through randomised
representations. A first line of work applies random projections to vec-
torised projectors, relying on the JL lemma to provide guarantees for
controlling distortion [17, 84]. A complementary approach, analysed
in [105], directly projects subspaces using dense Gaussian operators to
embed G(k,n) into a lower-dimensional Grassmannian G(k, m) while
approximately preserving pairwise distances. Although theoretically
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appealing, these approaches rely on dense random matrices and incur
O(n?) storage or computation costs, limiting their applicability in high
dimensions. This will be developed further in Sec. 4.2.1.

Binary and quantised measurements have also been explored for
subspace estimation and search. In [151], the authors propose a Grass-
mannian locality-sensitive hashing (LSH) scheme based on random
one-dimensional subspaces, resulting in binary codes that preserve
neighbourhood structure for approximate nearest-subspace search. A
more recent work introduces a simple sensing framework for recov-
ering a principal subspace from binary measurements, demonstrating
that accurate subspace estimation is possible without transmitting full
data vectors [42]. Quantisation has also been considered in random
feature methods for kernel approximation, where low-precision ran-
dom Fourier features can reduce memory requirements while retaining
good learning performance [164]. These works highlight the effective-
ness of random angular comparisons and quantisation, though their
focus lies on retrieval, subspace recovery or Euclidean kernel approx-
imation rather than on random feature approximations of Grassman-
nian kernels.

Closest in spirit to the present work is [150] which proposes ran-
dom projection operators for fast nearest-subspace search, probing
subspaces using random directions to construct compact summaries.
While conceptually related to our use of random rank-one projec-
tions, their goal is efficient retrieval rather than the construction of ran-
dom features whose inner products approximate Grassmannian ker-
nels with theoretical guarantees.

In contrast to existing approaches, we combine kernel methods with
carefully designed rank-one random projections to construct scalable
random feature maps for Grassmannian data. We develop bounded
random feature constructions that yield well-defined, positive-definite
Grassmannian kernels depending only on principal angles, and estab-
lish uniform approximation guarantees. These properties allow kernel-
based learning on subspaces at a computational and memory cost that
scales linearly with the ambient dimension, enabling practical large-
scale applications.

4.1.3 Contributions

In this chapter, we develop random feature methods that are suitable
for Grassmannian data. More precisely, each subspace P € G(k,n)
is represented by its orthogonal projector P = UU ', and is probed
through m independent asymmetric rank-one quadratic measurements
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of the form aiTPbi, where a;,b; ~i;q. N(0,1,). Stacking these mea-
surements defines the rank-one projection (ROP) feature map

prP(U) = (a/ UU b))y,

whose empirical inner product is an estimator of the projection kernel
but exhibits heavy-tailed concentration.

To control this behaviour, we compose ¢"™P with bounded non-
linear functions. Using the sign function yields binary random features
¢~ = sign o P ™P, from which we can build an empirical kernel

RE(U, V) = 5y (U), (V)

that converges uniformly, with high probability, to a well-defined,
positive-definite and rotationally invariant Grassmannian kernel x*
that depends only on the principal angles between two subspaces [75].
Although no explicit closed form is known for x*, we show that it can
be expressed as a function of the associated projectors P = UU ' and
Q = VV' with

(U, V) =1- 2EL(Pg, Qg),

where £ (u,v) denotes the angle between two vectors # and v and g ~
N(0,1,). This characterisation provides insight into the behaviour of
x* with respect to the principal angles between subspaces.

Since no closed-form expression is known for x*, we also introduce
the aggregated binary embedding ¢*, a variant of * in which each
coordinate averages Ny, independent rank-one measurements before
applying the sign function. The expected kernel associated with this
construction is denoted by x*. We show that, as Nz — oo, k* converges
to the explicit Grassmannian kernel

kLU, V) = % arcsin (,1 25:1 cos? 91-> ,

with an approximation error bounded by C/+/Nx. This construction
therefore keeps binary random features while providing access to an
explicit limiting kernel, at the cost of computing Ny, rank-one measure-
ments for each coordinate.

Using instead the complex exponential defines periodic random
features ° = exp(iwp™P), for which the expected kernel admits the
closed form

K (U, V) = E(°(U), y°(V)) = [T, (1+ w?sin?6)) ",
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where 6, ..., 0y are the principal angles between U and V. For ¢* and
y° inner products of the random features provide unbiased estima-
tors of the corresponding kernels and satisfy uniform approximation
bounds over V (k,n) if m = O(kn) (up to logarithmic factors), yielding
scalable Grassmannian kernel approximations with controlled error.

From a computational perspective, these constructions significantly
reduce the cost of kernel-based learning. While classical Grassmannian
kernels require O(N?) evaluations and storage for an N-sample Gram
matrix, and dense random embeddings of projectors incur O(n?) cost
per feature, the proposed bounded ROP-based features can be com-
puted in O(kmn) operations and stored using O(mn) memory. Com-
bined with the fact that m = O(kn) features suffice to control the ap-
proximation error, this yields overall complexities that scale linearly
with the ambient dimension.

The proposed approach is illustrated in Fig. 4.1.

The rest of the chapter is structured as follows. We will first intro-
duce linear random features and show that they do approximate Grass-
mannian kernels, but at a high cost. We then show that we can allevi-
ate this cost by using asymmetric rank-one projections, but these show
poor concentration behaviour and thus do not allow us to have a con-
centration result for any pair of subspaces over G(k,n). To solve this,
we introduce the three aforementioned kernels based on a bounded
function applied to the random features. For each of them we study
their theoretical properties and derive uniform bounds over the en-
tire Grassmannian manifold. We finally study their computational and
memory requirements before concluding with supporting experiments,
on both synthetic and real datasets.

4.1.4 Related publications

This chapter is related to the following publications, with contributions
from Laurent Jacques and the author of the present document.

® R. Delogne and L. Jacques. “Random Features for Grassman-
nian Kernels”. In: 2025 IEEE Statistical Signal Processing Workshop
(SSP). 2025, pp. 221-224, [53]

m R. Delogne and L. Jacques. “Random features for Grassmannian
kernel approximation with bounded rank-one projections”. In:
Under review for Transactions on Machine Learning Research (TMLR)
(2026). URL: openreview.net/forum?id=wq18dZJ2pA4, [52]
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Fig. 4.1 Schematic representation of the proposed method. Data points are assumed
to belong to low-dimensional subspaces of R”. Subspaces are represented by their
orthonormal bases, which are then embedded via ¢ : G(k,n) — R" into a Euclidean
space. Inner products in this space approximate well-defined Grassmannian kernels
allowing for learning tasks to be performed efficiently.

4.2 From dense embeddings to rank-one random features

In this section, we present two linear random feature maps over sub-
spaces of G(k, n), that enable us to approximate the projection kernel xP
between two subspaces (see Sec. 2.4). These two maps are inspired by
the compressive sensing of structured matrices [35, 67] and the context
of compressive covariance estimation from quadratic sampling [41]. As
explained below, while each of them has clear limitations, they define a
benchmark from which we develop new random features in Sec. 4.3, 4.4
and 4.5.

4.2.1 Dense random projections of projectors

We can first embed each k-dimensional subspace P € G(k,n) by pro-
jecting its projector P € G(k,n) onto dense n x n random matrices. If P
is known through a basis U € V(k, n), then projecting the well-defined
P = ¢P(U) = uu' (as well as any other function of P) respects the
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Grassmannian geometry. Formally, this random projection is

Y: XeR™ — ¥(X)=((¥,X)), €R",
where the n x n probing matrices ¥; have Gaussian entries i.i.d. as
N(0,1). Embedding elements of V(k, 1) can then be done by compos-
ing ¥ with the projection embedding ¢P, i.e., defining the dense random
feature map

pd=Yo¢P:UecV(kn)— ¥(pP(U)) € R™. (4.1)

Interestingly, when we consider two bases of two k-dimensional sub-
spaces P and Q, inner products in the space mapped by ¢ are unbi-
ased estimators of the projection kernel xP. Indeed, if U and V are their
respective n X k orthonormal bases, then, defining the empirical kernel

R4U,V) = L (pdU), pd(V)),
we find
ERI(U,V) = L 0 E(9P(U), %) (¥, ¢P(V))

= (pP(U), 9P (V))
=xP(U,V),

since IE vec(¥;) vec(¥;) " = I,» by design.

We can also study how these inner products deviate from the pro-
jection kernel by invoking the compressive sensing literature [67]. The
mapping ¥ is indeed known to embed low-rank matrices into R" with
a controlled distortion on their Frobenius norms [35]. Given some dis-
tortion level 0 < § < 1 and provided m = O(62kn) (up to log factors),
the mapping ¥ respects, with high probability, the RIP (see Eq. 2.7 in
Sec. 2.2.3), or RIP(6, R(k,n)), over the set R(k,n) of n x n rank-k ma-
trices:

1-9)IX[F < FI¥X)E < A+9)X[2, VX € R(kn). (RIP)

The RIP allows us to reach a uniform approximation of the projection
kernel xP through ¢ with distortion &k, as expressed in the following
proposition.

Proposition 4.1 (RIP = uniform kernel approximation on G(k, n)).
If the mapping ¥ : R"*" — R™ respects the RIP(5, R(2k, n)) for some
distortion 0 < 6 < 1, then,

[®4U, V) —«P(U, V)| <k, YU,V e V(kn).
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Proof. Writing P = UU ' and Q = VV, by the polarisation identity,

(U, V)= (P,Q) = 3 (IIP+Ql} - |P-QllF)

and
AU, V)= E([F(P+ Q)3 - ¥ (P-Q)|2)

m

Since ¥ respects the RIP over R (2k, 1), a set which includes the matri-
ces P £ Q, we get

AU, V) < (P, Q)+ L(|P+ Q>+ ||P— Q|?) < (P,Q) + k9,

since | P[[2 = Q|2 = kand [P+ Q|2 + ||P — QI = 4k We obtain
the lower bound similarly. O

Having an approximation error bounded by dk instead of J in
Prop. 4.1 is a severe limitation. From a rescaling argument, if we rather
target, with high probability, the uniform error

kYU, v) —«xP(U, V)| <5, YU,V eV(kn),

then ¥ must respect the RIP(6/k, R(2k, n)), which thus happens with
high probability provided m = O(6-2k*n). Consequently, the resulting
feature map ¢ is not scalable in practice. First, each matrix ¥; € R"*"
contains n? entries, globally requiring the storage of O (mn?) real num-
bers. Second, evaluating each feature (¥;, P (U)) in Eq. 4.1 costs O(n?)
operations, so also a total of O(mn?) operations for the m projections.

Consequently, evaluating ¢4 with m = O(6-2k®n) components to
estimate xP through & has memory and computational complexities of
O(672k*n3), which can be worse than a single evaluation of both xP and
kB for small values of k < n.

4.2.2 Rank-one projections for lighter storage and computation

An alternative random feature map with reduced computational and
storage costs compared with dense random projections can be built us-
ing an asymmetric version of the rank-one projection embedding in-
troduced in Eq. (2.8). Given a subspace P of G(k,n) with basis U €
V (k, n), we define the rank-one projection embedding ¢ ™P [41, 29, 56, 55]
from m pairs of independent Gaussian random vectors a;, b; ~ N (0,1,,)
and the associated rank-one matrices A; = aibiT as

PP U € RVF s ¢™P(U) = ((A,9P(U)) = a/ UU'Y;)" . (42)

I
Crucially, as for ¥, the feature map 1 P, which is defined over ¢P, is
invariant to the choice of basis U meaning that it only depends on the
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subspace P. Moreover, we can compute the components of ¢™P (1)
with complexity of O(kmn) by computing all the k-dimensional vec-
tors a; := U ' a; and B, = U'b;,1<i<m, with storage and computa-
tional complexities O (kmn), and then evaluating all the inner products
P(U) = & B; in O(km) computations. This makes ROP both geo-
metrically sound and computationally practical.
Interestingly, like for ¥ again, given two k-dimensional subspaces

P, Q € G(k,n) with bases U,V € V(k,n), the empirical kernel
RP(U, V) := L (p™P(U), P (V)), (4.3)

is an unbiased estimator of the projection kernel xP (U, V). Indeed, we
observe that

LB (W), ¢ (V) = ) Eal ¢P(W)bb] 9P(V)a,
i=1

— % ilﬁ(ufqap(u)w(V)ai)
i=1

=1lym wUU'vv')

T m

= UV} =+, V),

where we used the cyclic property of the trace.

Although x™P estimates kP on average, its concentration behaviour
is less favourable than the one obtained from bounded random fea-
tures. Indeed, each term of the sum composing mx™P has the same
distribution as the random variable

Z:=(a'Uu'b)(a’VV'bh) =a"Ba'Tp,

where a,b ~j;4. N(0,1,) gives the projections & := U a and B :=
U b onto U, and similarly for the projections «’ and g’ onto V. This
is mainly the product of four (correlated) Gaussian random variables.
The random variable Z has thus distribution tails that are heavier than
the sub-exponential random variables [148]. As highlighted in [24],
this places our estimator in a sub-Weibull (with parameter 1/2) regime,
where deviations are still controlled, but they decay much more slowly
than the exponential-type rates enjoyed by sub-exponential random
variables.

This distinction is especially important when going from a fixed
pair of subspaces to a uniform guarantee over the full Grassmannian.
For any fixed pair P, Q with bases U,V € V(k,n), the empirical ker-
nel ¥™P (U, V) still concentrates around «P (U, V), with a failure prob-
ability decaying as exp(—c+y/m) for a fixed approximation error. For
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a finite dataset of N subspaces, a union bound over all pairs there-
fore gives a failure probability scaling as N2 exp(—c+/m). Hence, for
a fixed approximation error and target failure probability, a Johnson-
Lindenstrauss like guarantee can still be obtained with m scaling as
O(log” N), which explains why unbounded ROP features can perform
well on finite datasets. However, obtaining a data-independent ap-
proximation guarantee over all pairs of subspaces in the continuous
space G(k,n) is much more demanding with such heavy-tailed dis-
tributions. In fact, following the proof techniques used in this work
suggests that to approximate «P with ¥™P for all subspaces in V (k, 1)
requires m = O((kn)?) measurements, i.e., an embedding dimension
much larger than the dimension of G (k, n). This is also consistent with
the observations of [41] and [29] who explain that ¢™P cannot satisfy
the RIP with a reasonable number of measurements. These limitations
motivate the introduction of bounded non-linear functions in Sec. 4.3,
4.4 and 4.5.

4.2.3 Improving concentration behaviour

We can both remove the computational complexity and storage limita-
tions of dense random projections and the heavy-tailed distribution of
rank-one projections by composing ROPs with a bounded, non-linear
function. Practically, given a bounded function ¢ : R — K (with K
equal to R or C), with |g(A)| < 1 for all A € R without loss of gen-
erality, we apply it componentwise to the rank-one projection operator
PP, i.e., we define

P$ U e V(kn) — g(p™P(U)) € K" (4.4)

This raises several central questions. First, which kernel x is reached
in expectation by the empirical kernel

k(U V) = 5 (p3(U),p8(V)), U,V e V(kn).

Is it a valid kernel with respect to the Grassmannian geometry? And
can we uniformly bound the related approximation error between «$
and x&?

Among the many possible choices of g, we focus on three specific
examples. The first is the sign function, g(A) = sign(A) equals 1 if
A > 0and to —1 otherwise. It is inspired by the one-bit compressive
sensing literature [86, 67] and yields very light binary random features
P* = signo p™P with codomain in {+1}", i.e., each subspace is en-
coded over no more than m bits. It is studied in detail in Sec. 4.3.
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The second construction is motivated by the fact that no closed-
form expression of x* is known when k > 1. We therefore introduce
an aggregated variant of the binary embedding. Instead of applying
the sign function to a single rank-one projection, the embedding ¥* is
defined as a vector with each entry containing the sum of Ny indepen-
dent rank-one projections in each coordinate. It still is defined in {41}"
and therefore retains the same m-bit representation. This aggregation
allows us to apply a Berry-Esseen theorem and compare the resulting
kernel x* with a Gaussian limit. As Ny — oo, this gives access to an ex-
plicit closed-form Grassmannian kernel, with an approximation error
controlled by Nsx. It is studied in detail in Sec. 4.4.

The third is reminiscent of the random Fourier features [125] and
applies the complex exponential map, g(A) = exp(iwA) for some fre-
quency w € R, to ¢™P, ie., we define the periodic random features
P°(U) := exp(iwyp™P(U)) for any subspace P with basis U € V(k,n).
It is studied in detail in Sec. 4.5.

4.3 Signed random features for Grassmannian kernels

In this section we study the first of the two functions suggested above to
improve the concentration properties of the rank-one operator, namely
the sign function applied componentwise to the rank-one projection
operator ¢ "™P. It yields the binary random feature map 3, whose val-
ues belong to {+1}". This construction has the advantage of taming
the heavy-tails of raw rank-one projections as well as producing ex-
tremely compact embeddings thanks to its binary nature.

We will begin in Sec. 4.3.1 by formally defining the embedding,
identifying the kernel induced by ¢ in expectation and studying its
basic properties. In particular, we show that this kernel is well defined
on G(k,n).

We then turn to the approximation properties of the empirical ker-
nel associated with *. After a simple pointwise concentration bound,
we develop the proof of a uniform approximation result over V (k, n).
The discontinuous nature of ¢* makes this proof challenging. We will
construct it from smaller lemmas in Sec. 4.3.2.

Next, in Sec. 4.3.3 we study the particular case working on G(1,n).
This case is particularly interesting as 1-dimensional subspaces are
equivalent to vectors, which links back directly to the case studied in
Chap. 3. Furthermore, although no closed form of x¥* is known in gen-
eral, we obtain an explicit formula in this particular case.
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4.3.1 Definition and properties

To define the binary random features ¢* : V(k,n) — {£1}", we set
g(+) = sign(-) in Eq. 44, i.e., given the m random vectors a;,b; ~;;q.
N(0,1,), with1 <i<m,

P*(U) == (sign(a; pP(U)b;))",, U € V(kn). (4.5)
This provides the empirical kernel

RE(U,V) = 5y (U), p*(V)),

and, given any pair of bases U,V € V(k,n), we are interested in the
kernel
(U, V) = E[(p=(U), p=(V)]. (4.6)

The binary codomain of i offers the advantage of reducing the cost
of storing and possibly transmitting subspace random features: each of
the m random features requires a single bit instead of floating-point
numbers which are typically stored using 32 or 64 bits [104, 81]. This
is especially valuable in settings where bandwidth or memory is con-
strained (e.g., embedded devices or distributed systems). Moreover,
binary vectors enable extremely fast bitwise operations, making both
storage and computation far more efficient than in the full-precision
case.

Unfortunately, when k > 1, there is no known closed form for x*.
However, despite not knowing its analytical form, this kernel is valid
as shown in the following proposition.

Proposition 4.2 (Validity of x*). For bases U,V € V(k,n) whose
subspaces form the principal angles 01, . .., 0y, the kernel k= is positive-
definite, symmetric and only depends on these principal angles, i.e.,
k*(U,V) = f(61,...,6x) for some function f. Moreover, given g ~
N(0,1,),

(U, V) =1- ZEL(pP(U)g, $P(V)g), 4.7)

with £(u,v) the angle between two vectors u and v.

Proof. By design, x* is obviously symmetric. Regarding its positive-
semidefiniteness, we observe that, given an arbitrary number of N
elements Uy,..., Uy in V(k,n), with P; := LIiUZ-T, the Gram ma-
trix K € RN*N whose entries are K;j = «*(Uj;,U;) is such that for
any ¢ € RN, ¢"Ke = E(c"p)? > 0, with p € {£1}" such that
p; = sign(a'P;b).
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Regarding the angular dependency of the kernel, since for any n x n
matrix M each component of ¥™P(M) is distributed as a' Mb, with
a,b ~i;q. N(0,1,), by exploiting the rotational invariance of these ran-
dom vectors, we have

x*(U,V) = Esign(a ' Pb)sign(a’ Qb)
= Esign(a’ RPR"b)sign(a’ RQRb)
= «*(RU,RV),

for any orthogonal matrix R € SO(n). Therefore, from Thm. 2.1,
k*(U, V) only depends on the principal angles between U and V. Fi-
nally, the expression of Eq. 4.7 is a simple consequence of the arcsin
law used in [146, sec. 3, eq. 17] or Grothendieck’s identity in [148,
Lem. 3.6.5], i.e., we show easily that, by the law of total expectation,

*(U,V) = E[sign(a’ (Pb))sign(a’ (Qb))]

b ' PQb )

= 2Earcsin ([ —>——
T QWMWQbH

which shows the result. O

While we do not know any closed form formula for x*, Eq. 4.7 in
Prop. 4.2 provides a noteworthy interpretation: 1 — «*(U, V) is pro-
portional to the average angle made by the projections of a Gaussian
random vector on U and V. Interestingly, a similar concept was in-
troduced in [84] where the angle 6(U, V) between U and V is defined
as (U, V) = arccos (} YK | cos? 6;), a form of non-linear averaging of
the principal angles and the angular similarity between these two sub-
spaces as k™(U, V) = 1— 10(U, V).

We now address the question of bounding the approximation error
of k¥ * relative to x*. We can first observe the following concentration
phenomenon, i.e., a pointwise approximation error bound on a fixed
pair of subspaces.

Proposition 4.3 (Pointwise approximation error of x= by «*).
Given a pair of subspaces in G(k,n) with bases U,V € V(k,n), the
m-component binary random feature map = (Eq. 4.5) related to m
i.id. Gaussian random vectors aj, b; ~ N(0,1,), and an error § > 0,
we have

P(| & (g(U), (V) — (U, V)| < 8) > 1~ 2exp(—}me?).
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Proof. The proof is a direct application of Hoeffding’s inequality (see
e.g., [148]) since given the random variables

Xj = sign(a]-TPb]-)sign(ajTQb]-), 1<j<m,
all X]"s are i.i.d. , bounded, and
E[x=(U,V)]=E Yt Xj/m= (U, V).
O

Then, we can show that ¥ provides a uniform approximation of x*
over all subspace pairs in G(k, n).

Proposition 4.4 (Uniform approximation error for ¥* ~ x*). Let
0 > 0and C,C',c > 0 be absolute constants. If

m > C(S*anlog(%),
then, with probability exceeding 1 — C' exp(—cdé*m),

sup [K*(U,V)—«x*(U, V)| <6.
u,vev(kn)

Proof. The proof is explained in detail in Sec. 4.3.2 where we first de-
velop its building blocks before combining them to show the desired
result. O

Prop. 4.4 thus shows that having a binary feature map ¢~ with m =
O(kn) components, i.e., with m proportional to the intrinsic dimension
of each subspace of G(k, 1), allows us to approximate, with high and
controlled probability, the expected kernel x* of k-dimensional sub-
spaces by the empirical kernel ¥* reached by mere inner product of
the random features of the two subspaces.

4.3.2 Proof of Prop. 4.4

Rather than attacking the uniform bound directly, we establish a series
of intermediate results clarifying how sign changes could occur under
small perturbations of the projector. We begin with the stability of the
simpler one-bit map x + sign(a'x), and then transfer this idea to the
behaviour of * in the neighbourhood of a projector P* € G(k, n). This
leads to bounds on the probability that one measurement flips sign in
the neighbourhood, and then to a concentration result controlling the
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Stability Covering
Lem. 4.1 Prop. 4.5
One-bit stability of sign maps on cones Reduction of the uniform problem

L to finitely many local neighbourhoods
through a covering of G(k, n)

Lem. 4.2 & Cor. 4.1
Local stability of one * measurement ‘
i Prop. 4.3
Concentration of K *
Lem. 4.3 } for a fixed pair of subspaces
Concentration of the number of sign flips

Uniform concentration
Prop. 4.4

Fig. 4.2 Structure of the proof of Prop. 4.4. The argument combines a local stability
analysis of »* with a covering argument on G(k, n).

total number of such flips in the full measurement vector. In parallel,
we introduce a covering of G(k, n) allowing us to reduce the uniform
statement to finitely many local estimates. The final proposition is then
obtained by combining these local stability results, the covering argu-
ment, and a union bound. We present this proof step by step in the
following lemmas and propositions so that the role of each ingredient
remains explicit all the way to the final concentration result. A visual
depiction of the proof structure is given in Fig. 4.1.

Lemma 4.1 (Stability of 1-bit map on a cone). Let Co(u) = {x € R" :
A(x,u) < a} bea cone of axis u € S" 1 and half aperture 0 < a < 1.
Given the random map i : x € R" — sign(a'x) with a ~ N(0,1,),
we have

P[§ ¢ C(Calu)] =1
ifa > 7t/2 and

Pl ¢ CO(Co(w)] < \/2(tana)ym, if0<a<m/2,

where C°(S) denotes continuous functions on a set S.

Proof. The proof is adapted from [144, Corollary 12]. We first observe
that ¢ is discontinuous over Cy(u) iff |[a"u| < e€l|a| with € := sina.
Therefore, by the rotational invariance of the Gaussian distribution we
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can choose u = e; = (1,0,...,0)" and the probability above amounts
to computing

p:=Plaif* < €lall?]
2

=Plaj < ﬂiez)(u%—i_'”—i_a%)]

e2

= IEC]P[Q% < @s’lél,

where & ~ x?(n — 1) is independent of a;. This gives

P} < 1€0818] < /255 VE = /2 (tlana) VG

Observing that Eg\/¢ < /sl < v/n—1 < /n by Jensen’s inequality
gives the result. O

From this result, we can show that, when the projectors of two sub-
spaces are close in Frobenius norm, each component of the binary ran-
dom features related to 1" coincides with high probability.

Lemma 4.2 (Local stability of the binary embedding). We consider
the subspace P* € G(k,n) and the random vectors a,b ~ N(0,1,).
Define the map  : M € R™" — sign(a ' Mb), the ball

BE(P*) = {M e R™": [M—P*|[r < e}
of radius € > 0 and centred on P* € R"*", and the neighbourhood
No(P*) := BE(P*) N G(k,n).
Then,
P[3P,Q € N(P") : §(P) # H(Q) ¢ CONe(P)]

< 4n+k€k%.

I
=3
<

Proof. First, we can assume P* = bdiag(I, 0,_kx,_k) from the rota-
tional invariance of a and b. Second, we note that since ¢ is the sign
of a linear functional, it fails to be continuous on N (P*) if and only if
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there exist P, Q € N.(P*) such that {(P) # ¥(Q). Therefore,
pe: =P ¢ C'(Ne(P"))]

=TP[3P,Q € Ne(P") : p(P) # $(Q)]
=P[3P, Q € N(P*) : sign(a' (Pb)) # sign(a' (Qb))].

Given a parameter p > 0 to be fixed later, let us define the event
& ={IIP*bll > plb]},
which also defines b’, the distribution of b|8p. Therefore, by the laws of
total probability and expectations,
pe =P[3P,Q € N.(P*) :sign(a' (Pb)) # sign(a'(Qb))|E,|P[E,]
+TP[3P,Q € Nc(P*) : sign(a' (Pb)) # sign(a' (Qb))|E5|P[E;]
<PP[3P,Q € N(P*) : sign(a' (Pb)) # sign(a’ (Qb))|E,] + P[]
= E,P,[3P,Q € Nc(P*) : sign(a’ (Pb')) # sign(a’ (Qb"))[b']
+ P[&].

However, if P € N (P*), then the vectors B = Pb’ and 8* = P*b’
are at most €’ := ¢||b’|| far apart since

18— 871l = 1I(P = P*)b'|| < ||[P— P*[|¢[[b]| < e,
while, similarly, ¥ = Qb’ is at most €’ far apart from B*. Therefore,

pe <EyPq[3B, v € BL(B") : sign(a’ B) # sign(a’v)[b'] + P&
< EyPq [ ¢ CO(BZ (B))[b'] +P(EF],

where ¢ : x € R" + sign(a'x), and B2 (u) is the {-ball of radius €’
around a vector u.
Let us observe that B (%) is contained in a cone with a half aper-

ture a respecting
GILA
1P|

<

: e €
SINKX = 157 = =
1871l p’

since the support of b’ is fixed by &,. Therefore, from Lem. 4.1, provided
that e < p, we have

1
By Pa[§ ¢ COBL(BNI] < /3 gV

Therefore,

-1
pe < /2 ey Vit + PIES). (48)
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Let us now bound IP[£7]. Using the structure of P*, we have
P[&§] = P b < p?[b]?]
2
=P[L,? < 157 Y7 e b7
2
=P[Xx* < 1f71/2],

where X? and Y? are two independent x2-distributions with kand n — k
degrees of freedom, respectively. Again by the law of total expectation,

2

]P[gpc] - ]Eyz]sz [XZ S £

Y7, (4.9)

Forany A > 0,

Since R
foA th/2=1,—t/2 44 < %Ak’

this shows that
P(X* < A%) <27%2T(k/2+1)~'Ak,
With Stirling’s bound

T(k/2+1) > (Zke)k/z,

we get

P(X2 < A2) < (;)m)&

Injecting this bound in Eq. 4.9 with
r=—L V2,
we get
k/2 ;o \k/2
CHOMCIEET

Since, by Jensen and from the moments of a X%, ;~distribution,

(E(Y?)2)? <E(Y?) = ﬁ(ﬂ +k—2j),
j=1
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we get the crude bound

E(yZ)k/Z < (n—i—k)k/Z.

Therefore

P < (e,ggt'gg)m. (4.10)
We now set

p* = eﬁm <3

As observed above, we must impose the condition € < p. Since
E<p — € <p < € <ext

this is equivalent to

Since
2 2k

i

this is met whenever we impose the stronger condition

k+1

€< (W’;k))7 4.11)

With this setting, Eq. 4.10 gives

k(1—p?)
k/2
_ | eln+k) 2.k
= (k(l—pZ)) e 3e(n+k)>

(ki) \K/2
_(3(1—02)> ’

P& < (E(n+k)p2>k/2

Since p*> < 1/3, we have 1 — p? > 2/3, hence . Therefore,

<

N[—=

3(1-p%)
c 21 k/2 2
]P[gp] < gF (i) < ek,
Moreover, from the choice of p, we have

3e(n+k) '

wiT
= €k+ T

€
P
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Now, by Eq. 4.11,

e k
€ < StutRy”
so that
) k
€ < 9e(n+k)

k[ 3e(n+k) 1
€ % < L
5 =€ <5
Hence
& 1 e 52 1 3
02 < 37 1- 02 2 37 1—e2p2 < 2

Gathering all the bounds provides

2
Pe < \[ 1— 62 1/2\F‘|‘€k+1

k
< V2Rt MR et

9% .k n(n+k) A
€ i + €rT,

Since \/n(n+k) < n+k, we get
k

peg 9€€k+] 71\-/‘1:]{_}_ kf
Finally, observing that v/9¢/7m < 3 and that (n + k) / vk > 1, we obtain
Pe < 3e % L\—/%k +e€ %
< 4eFir ”—ﬁk
Finally, if Eq. 4.11 does not hold, then the right-hand side above

exceeds 1, showing the vacuity of the bound on p,; this allows us to
forget the condition on €. O

A simple rescaling allows us to simplify the last lemma to get the
following corollary.

Corollary 4.1 (Local stability of the binary embedding (Simplified)).
Under the conventions and conditions of Lem. 4.2, for 6 > 0, we have

k+1

Plie CM®)] <6 0= (fpe)
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Proof. By Lem. 4.2, for every € > 0, we have

Pl ¢ CON(P))| < antkerts,

We now choose € = #(6), with

k+1

1(0) = (lg0)

Since -
1O = (tg0) T = sl
we obtain
4y (o)ein = ansk VE o5 = 5.
Therefore,
Pl ¢ Ny (P))] <,
which proves the claim. O

Lem. 4.2 and Cor. 4.1 give the probability of sign flip for one element
in the measurement vector when P is moved around within €. The
next lemma will further characterise the probability of having at most
a certain number of flips in the full measurements vector for a small
perturbation of P.

Lemma 4.3. Under the conventions introduced in Lem. 4.2, given an in-
teger m, we consider m random maps §; : P € G(k,n) — sign(a; Pb;)
with a;, b; ~i;4. N(0,1,),1 <i < m. Given § > 0, the function 1(5)
defined in Cor. 4.1, and P* € G(k,n), we have

IP[Hi P & CO(Ny 5 (PH) 3 > 2(5m] < Cexp(—cé’m),
for absolute constants C,c > 0.

Proof. For each 1 < i < m, define the binary random variable Z; =
1[i & CO(N,5)(P*))], with 1[€] being equal to 1 if the event £ is true,
and to 0 otherwise. By Cor. 4.1, we have p; := EZ; < 4. The ran-
dom variables Z; are independent and bounded, hence sub-Gaussian.
Therefore, from [148, Prop. 2.6.1 and Theorem 2.6.2], for any p > 0,

Py Zi > ém+ pm] < P[)_ Z; > mps + pm]
i=1

< Cexp(—cpzm),
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for some absolute constants C,c > 0. Choosing p = ¢ yields
P, Z; > 26m] < Cexp(—cé?m).
O
In addition to the previous stability properties, our proof also uses

the possibility to cover the space of projectors.

Proposition 4.5 (Covering G(k, n)). Given € > 0, there exists a cover-
ing Ne C G(k,n) of G(k,n), i.e., such that

VP € G(k,n), AP* € N : ||[P—P*||g <e¢,
whose cardinality is bounded by

|-/\/-€| S (18\/%/6)(2’1—'—1)]{.

Proof. The set G(k,n) is included in the set
RE(k,n) := R(k,n) N VKB"

of n x n rank-k matrices with Frobenius norm bounded by v/k (since if
P € G(k,n), rank(P) = k and || P||r = vk), we can cover G(k, ) from a
covering of RFE(k, n). Indeed, given two compact sets A C B in a metric
space (X, d) with distance d, if B,/ C B is an €/2-covering of B, i.e.,
such that for any x € B there is a ' € B/, such that d(x,x") < €/2,
then we can build an e-covering A. C A of A with |A¢| < |Be/z] (see
e.g., [148, Chap. 4]). From [35, Lem. 3.1], there exists an € /2-covering of
R(k,n) NBE*", with d set to the Frobenius distance, whose cardinality
is bounded by (18/¢)?"+1k, This means that, by rescaling the set di-
ameter by vk, there exists an € /2-covering of RF (k, 1) with cardinality
bound (18v/k/€)@ 4Dk and thus, from the considerations above, there
exists an e-covering NV C G(k, n) with

’-/\/e| < (18\/%/6)(2'14_1)](.
O

We can now use previous lemmas to provide the final proof for
Prop. 4.4 that we restate here for simplicity.
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Proposition (Prop. 4.4 (restated)). Let § > 0 and C,C’, ¢ > 0 be abso-
lute constants. If

m > C(S‘anlog(%),

then, with probability exceeding 1 — C' exp(—cé*m),

sup  [K*(U, V) —x*(U, V)| < 6.
U, VeV (kn)

Proof. Given a radius € > 0 to be fixed later, we know from Prop. 4.5
that there exists an e-covering N C G(k,n) of G(k,n) with cardinality
INe| < (18Vk/e)@+ Dk We also consider the set V. C V(k,n) such
that for any U* € V,, P* := u*u*’ € M., and where we ensure that
each P* is represented by only one basis in V, i.e., |[Ve| = |Ne|. This
does not mean, however, that V. is a covering of V (k, n).

The general objective of this proof is thus to upper bound, with con-
trolled probability, the approximation error |[x*(U, V) — x*(U, V)| for
all pairs of subspace bases U,V € V(k,n). Let us first observe that,
given P* = U*U*" and Q* = V*V*T the closest projectors in N to
P=UU' and Q = VV', we can upper bound this error with 3 terms
and target the following objective bound:

KU V) - (U V)| <Th+ T+ T3 < 6,

where mx*(U, V) = (p=(U),p=(V)), x*(U,V) = Ex*(U, V), and the
three terms
Ty = |f*(U, V) —x=(U", V")|, Tr=|&*(U*", V") —x*(U",V*)
T3 = [k=(U*, V*) —x=(U, V).

7

We now handle these three terms separately, enforcing each of them to
be at most 6/3. The two first terms will be bounded conditionally to
two probabilistic events (defined below), respectively, £; and &, while
the last term is deterministic. By a union bound, the final approxima-
tion error will thus have a probability failure summing the probabilities
of failure of the two first events.

(a) Bound on Ty: Given the random vectors a;, b; ~;;4. N(0,1,) and the
mapping §; : P € G(k,n) — sign(a/ Pb;), 1 < i < m, defining the
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feature map ¢+, the first term T; can be upper bounded by

)
%(P )orle( ) # $i(Q")]
l/_Jl(P*>] + Zz 11[4]1( ) # l/_Jz(Q*)]
§i & CONe(P*))] + 2 X1y L[ & CO(Ne(Q1))]-

where NV (P*) = BE(P*) N G(k,n) is an e-ball centred on P*. Defining
the first event

E = {VP € Ne: |[{i: ¢ ¢ CO(N(P))}| < om},
it is clear that if £&; holds, then T; < 6/3, for all possible P, Q, P* and
Q"
From Cor. 4.1, setting € = #(6/12), we find by union bound over all
elements of ./\f,7(5 /12) that, for some C,c > 0,

P[Ef] < CIN,(5/12)| exp(—cdm)

< Cexp ((Zn +1)klog <18 ((;/[12)> - c52m)

< Cexp (cnklog (*7((57%2)) - c’é2m).

(b) Bound on T: Regarding the second term T, we can ensure that T, <
/3 for all possible P, Q, P* and Q" if this event holds:
5
<4},

with € = #(6/12). From Prop. 4.3 and a union bound on all possible
pairs of bases picked in Ve x V., we know that, for some C,¢,c’ > 0,

&= {vu*,v* eV,

i ((UF), = (V7)) — (U, V7)

P[&S] < 2‘/\/,7(5/12)‘26Xp(—%m52)
\/I; /52
< Cexp (cnklog (17(5/12)> —co m)

(c) Bound on Tz: Finally, regarding T3, we can bound with several calls
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to the triangular inequality, so that, for all possible P, Q, P* and Q,

T3 < % Z]E‘sign(uiTPbi)sign(aiTQbi) - sign(aiTP*bi)sign(uiTQ*bi))
i=1

=L LI E 21 §i(P)R(Q) # Fi(P)i(QY)]

<2P[f(P > < >¢1/3< PR

<2P[§(P) # §(P")] + 2P [$(Q) # $(Q")]
]P[IWC 5/12( ))}+2P[¢¢C(/V’W((S/U)(Q*))},

with ¢ : P € G(k,n) ~— sign(a'Pb) for a,b ~ N(0,1,). Finally,
Cor. 4.1 allows us to conclude that
T3 < 2P[§ ¢ CO(Nyo/12)(P*)] + 2P [§ & CO (W (512 (Q7))]
<46/12 = 6/3.

Final bound: Gathering the three terms T, T>, and T3, we can finally
state that
sup  [K*(U,V)—«x*(U, V)| <9,
u,vev(kn)

with a failure probability given by

Prait = P(E7) +P(€3) < Cexp (cnklog (ﬂ(a/k12)> B Clézm)'

Therefore, imposing

m Z Céiznk ].Og <17((;§E12)>/

we get
Prail < Cexp(—cd®m).

Since, using the expression of 7,
k — k 48(n+k
log (;¥ky ) = log(Vk) + 51 log (120
< C log (%) 7
the condition on m simplifies into the stronger condition

m > Cé 2nklog (k(52>
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4.3.3 The one-dimensional subspace case

When k = 1, we are faced with a particularly interesting special case.
Indeed, working in G(1,#) is akin to working with one-dimensional
subspaces of R", i.e., with lines through the origin. Equivalently, such
a subspace can be represented by a unit vector u € $"~! (up to a sign),
and two such subspaces are entirely characterised by their single prin-
cipal angle. In this regime, the Grassmannian geometry reduces to a
purely angular geometry on vectors, which makes the behaviour of the
kernel x* much easier to interpret.

The case k = 1 also connects this chapter with Chap. 3, where we
studied quadratic embeddings of vectors and used them to estimate
quantities of the form (u, x)? from random quadratic measurements.
The sign product embedding led to an asymmetric kernel interpreta-
tion, presented in Sec. 3.4, where x is represented through a quadratic
embedding and u through a binarised version of the same embedding.
When k = 1, the Grassmannian setting gives a symmetric version of
the same idea. Both arguments now represent one-dimensional sub-
spaces, and the binary embedding induces a genuine symmetric kernel
depending only on the angle between them.

A second reason why this special case deserves to be isolated is that,
unlike the general situation, the kernel x* admits here a closed-form
expression. More precisely, as shown in Prop. 4.6, it becomes a simple
quadratic function of the principal angle between the two lines. This
explicit formula gives a concrete interpretation of the binary Grassman-
nian kernel. Moreover, since the general uniform concentration result
developed in Prop. 4.4 applies for all k > 1, this closed-form kernel also
benefits from the same concentration guarantees, so that its empirical
approximation ¥ * remains uniformly controlled with high probability.

We now show the closed form of x* when k = 1.

Proposition 4.6 (Expectation of the 1-d case). For two vectors u,v €

R" such that ||u]| = ||v|| = 1, with P = uu',Q = vo', and for
K=(U, V) defined as earlier, we have
T

E[%*(u,0)] = (1- E)Z, (4.12)

where 0 is the single principal angle between P and Q (or more simply,
the angle between u and v).

Proof. For k = 1, the projections of g ~ N (0,1,,) onto the two subspaces
are Pg = au and Qg = bv, wherea = u' gand b = v' g are correlated
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Gaussian random variables with E[a] = E[b] = 0 and E[ab] = cos?#.
The angle between Pg and Qg is therefore 0 if and only if ab > 0 and
m—0ifab < 0. Let p =P(ab > 0), then

E[£(Pg, Qg)] = 0p + (7 —0)(1—p).

On the other hand, since sign(a)sign(b) = 1ifab > 0 and —1 otherwise,
we have
Elsign(a)sign(b)] = 2p — 1.

For correlated Gaussians with correlation cos 8, we have

2
T

E[sign(a)sign(b)] = 2 arcsin(cos§) =1 — 2

(see [130], p.230). Hence 2p —1 = 1 — % and therefore p = 1 — %.

s
Substituting in the expectation above gives

E<(Pg,Qg) =0(1— %) +(m—0)7.
Inserting this quantity into Eq. 4.7 of Prop. 4.2, we obtain

K*(U,V) =1- 2E£(Pg,Qg) = (1- 2)°.

7T

O

Remark 4.1 (Geometric interpretation of Prop. 4.6). Geometrically, this
expression can be understood by thinking about hyperplane separation. For
k = 1, one coordinate of the binary embedding can be written as

sign(a' Pb) = sign(a' u)sign(b'u).

Hence, each binary ROP feature combines two independent binary compar-
isons with the random vectors a and b. For two lines forming a single princi-
pal angle 0, a random hyperplane separates these lines with probability 6 / 7t.
A single comparison with random vectors therefore has expected product of the
two binary outputs equal to 1 — 20/ 7t. Since the two tests entering the ROP
feature are independent, their contributions multiply, giving the squared an-
gular similarity (1 — 20/ 7)?. The kernel is therefore equal to 1 for identical
subspaces and decreases to 0 when the two vectors become orthogonal.

The following corollary specialises the general uniform concentra-
tion result to the rank-one case, where the kernel admits the explicit
expression given in Prop. 4.6.
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Corollary 4.2 (Uniform approximation in the rank-one case). Let
0 > 0and C,C’,c > 0 be absolute constants. If

m > Cé *nlog (’;é),

then, with probability exceeding 1 — C' exp(—cdé?*m),

SUP,, yeRrn\ {0} ‘fi(u,v) = (1 = %)2‘ <4,

where 6 denotes the angle between u and v.

Proof. This is a direct consequence of Prop. 4.4 with k = 1 together with
Prop. 4.6. Moreover, in the rank-one case, both ¥ *(u,v) and «*(u, v)
are invariant under the rescaling of # and v by nonzero scalars, so the
statement may be written for arbitrary nonzero vectors rather than only
for unit vectors. O

In summary, the case k = 1 forms a natural bridge between the vec-
tor setting of quadratic random embeddings described in Chap. 3 and
the Grassmannian kernel perspective developed here. In this rank-one
case, the kernel x* admits an explicit expression as a quadratic function
of the angle between two lines. This complements the asymmetric ker-
nel viewpoint from Sec. 3.4 arising from the sign product embedding
(Prop. 3.2) in the vector case by showing that, when both arguments
are treated symmetrically as one-dimensional subspaces, the same phi-
losophy leads to a genuine symmetric kernel. Finally, this explicit ker-
nel still benefits from the general uniform concentration result, so that
its empirical approximation ¥* remains uniformly controlled over R"
with high probability.

4.4 Aggregated binary features for an explicit kernel

The binary kernel «* has two attractive features: it is induced by one-
bit random features and it admits uniform approximation guarantees.
Its main limitation is analytical. Apart from the case k = 1, no closed-
form expression of x* is known. This makes it harder to compare it
directly to known Grassmannian kernels or to interpret precisely how
it depends on the principal angles.

We now introduce a modified binary construction whose purpose
is to approximately recover an explicit Grassmannian kernel. The idea
is to aggregate several independent rank-one projections before apply-
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ing the sign function. Instead of applying the sign to a single rank-one
projection, we apply it to a sum of Ny, independent copies which cre-
ates a smoothing effect. Using the Berry-Esseen theorem, this averaged
quantity can be compared to a Gaussian limit. This comparison makes
it possible to identify an explicit limiting kernel, up to an approxima-
tion error controlled by Ns.

This construction should not be viewed as a more efficient replace-
ment for the binary embedding ¢, since each feature now requires N5,
rank-one projections instead of one. It provides an explicit formula that
can be used as a reference kernel, or be used directly in settings where
a closed-form expression is required, while remaining connected to a
one-bit random feature construction, thus making its interest mainly
analytical.

We first define the necessary objects, study the validity of the kernel
induced by this new embedding, and state Prop. 4.9, which controls the
error between the expected kernel and its analytical approximation, in
Sec. 4.4.1. The proof of the proposition is then given in Sec. 4.4.2.

4.4.1 Definition and properties

Given an integer Ny > 1, we consider the aggregated random feature
map

Y U € V(kn) — ¢=(U) = sign((zfiz1 aguuTbij);”:l) e {-1,11",

where, foreach 1 < j < mand 1 < i < Ny, the vectors a;j, bjj ~;i;a4.
N(0,1,) are all independent. Compared to ¥*, each component of
¢*(P) is thus obtained by summing Ny independent rank-one projec-
tions before applying the sign function.

As before, this binary embedding induces the empirical kernel

REU, V) = g (g (U), ¢5(V)),
as well as the expected kernel
(U V) = B[ L (W), (V)]

Since the components of > remain binary, this construction keeps the
compactness and storage advantages of one-bit embeddings, up to the
additional factor Ny, in the number of rank-one projections required to
compute each feature.
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Proposition 4.7 (Validity of x*). Let Ny > 1. For bases U,V €
V (k, n) whose subspaces form the principal angles 61, . .., 6y, the kernel
K> is positive-definite, symmetric and only depends on these principal an-
gles, i.e.,

k*(U, V)= f(61,...,6¢)

for some function f.
Proof. By design, x* is symmetric. Regarding positive-definiteness, let
Ui,..., Uy € V(k,n) and let ¢ = (c1,...,cn)" € RN. We denote by

K € RN*N the Gram matrix associated with x*, defined component by
component as K;; := «*(U,, Us). By definition of x*, we have

Krs = | (y*(U)), y*(UL) .
Therefore,

¢"Ke=YN_,ccKps
= B[4 D cres (4 (W), ¥(U))|
= (L o™ (Uy), Ll esy™(Us))
= | ey )

by the bilinearity of the Euclidean scalar product. Hence,

2
7
2

c'Kc=FE [%H YN opr(U,) 1 > 0.

This proves that «* is positive-definite. In addition, since ¢*(U) only
depends on U via ¢P(U) = UU ', the kernel x> is independent of the
choice of orthonormal basis representing the subspace.

It remains to show that x> only depends on the principal angles. Let
P = ¢P(U) and Q = ¢P(V). Since the components of ¢* are identi-
cally distributed, we can focus on a single coordinate of ¢* to find «* in
expectation. By rotational invariance of the Gaussian distribution, for
any orthogonal matrix R € SO(n), the vectors R a; and R " b, have the
same joint distribution as a, and b,. Hence,

(U, V) =E [sign( Z?]jl aZPbg) sign( Zé\]jl aZng)]
— E|sign( %, (R ar) "P(R"by) )sign( L)% (R ") TQ(R"by) ) |
= [sign( Z?]jl aZRPRTbO sign( Z?[jl azRQRTbgﬂ

= «*(RU, RV).
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The kernel x* is thus rotationally invariant. By Thm. 2.1, it only
depends on the principal angles between the two subspaces. O

We now introduce the closed-form kernel that is approximated by
the aggregated construction.

Definition 4.4.1. For U,V € V(k,n) with principal angles 61, ..., 6, we
define
%, (U, V) = 2 arcsin(} YK cos2(6;)).

The subscript oo indicates that this kernel appears as the limiting
object when the aggregation parameter Ny tends to infinity.

Proposition 4.8 (Validity of «,). The function x, is a positive semi-
definite kernel on G(k,n). Moreover, it only depends on the principal
angles between the two subspaces.

Proof. The dependence on the principal angles follows directly from the
definition. We prove positive semi-definiteness by realising «3, as the
expectation of a binary random feature kernel.

Let G € R"*" have independent standard Gaussian entries. For
U € V(k,n), define

zy = ﬁtr(GTUUT).

Since zy is a linear combination of independent standard Gaussian
variables, it is Gaussian. Its variance is

E[zf] = fluu’|z =1,

because UU ' is an orthogonal projector of rank k. Thus zy; is a centred
standard Gaussian random variable.

For two subspaces represented by U and V, we can find the covari-
ance by replacing the traces by Frobenius inner products,

Elzuzy] = {(UU",VV )p = tr(UU'VVT).

The last trace is the projection kernel on the Grassmannian, thus we can
call the principal angles back in to find

tr(UU'VVT) = YK | cos?(6;).
Therefore the correlation between zy and zy is

p = Elzyzy] = kZ 1C05( i)
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By Grothendieck’s identity [148, Lem. 3.6.5] or the result from [130,
Sec. 6.4],

[E[sign(zy)sign(zv)] = 2 arcsin(p) = «% (U, V).

n
Now let Uy, ..., Uy € V(k,n)and ¢y, ...,cny € R. Then
N_ | cios (U, U;) = E[(ZN, ¢;si 21>0
Zz,]:l Clc]Koo( ir ]) [(21:1 ClSIgn(ZUi)) } = Y.
Thus «Z, is positive semi-definite. O

Prop. 4.8 shows that «, is a valid Grassmannian kernel with an ex-
plicit formula. We now show that this ideal kernel can be arbitrarily
close to k™ at the cost of Nx. being larger.

Proposition 4.9. Let U,V € R"*" be two orthonormal bases with prin-
cipal angles 01, . ..,0, and let > be as defined earlier. Then, for some
absolute constant C > 0, we have

L[ (), v )] —a (V)| <

Proof. See Sec. 4.4.2. O

This proposition thus shows that an explicit formula for a kernel
is achievable at the cost of modifying slightly the embedding proce-
dure. Practically this will be close to x* but it provides a usable formula
in contexts where an explicit formula is necessary as well as an inter-
pretable formula for a binary embedding in terms of principal angles.
The proof for this proposition is presented in Sec. 4.4.2 and experiments
validate the dependence of this approximation on Ny, in Sec. 4.7.2.

Since we keep this particular approximation strictly as a way to il-
lustrate the behaviour of x* as Ny — o0, we do not derive concentration
bounds for ¥ *. For fixed subspaces, the empirical average in {* remains
an average of independent bounded functions of P, so concentration
around its expectation is still expected. However, a full uniform anal-
ysis over G(k, n) is not needed for the role played by this construction
here.

442 Proof of Prop. 4.9

We first present the following result which will be necessary to obtain
a bound on the error between the expectation of x> and its explicit for-
mula.
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Lemma 4.4. Let
S a'Pb
“\a'Qb)’

where P, Q € R™ " are two orthogonal projection matrices of rankk < %,
and a,b ~ N(0,1,). Let £ = Cov(z), and assume that ¥ is invertible.
Then

E[I=~2z|)3 < C,

for some absolute constant C > 0.

Proof. Let us first compute the covariance matrix of z.

z — Z1\ aTPb
- Z2 - aTQb )
Since for two symmetric matrices A, B € R"*" and two independent
Gaussian vectors a,b ~ N (0,1,,), we have

E[(a’ Ab)(a' Bb)] = E, []Eb[aTAbbTBa]}
~ E, [aTAInBu} @13

= tr(ABE,[aa"))

= tr(AB),

and because P and Q are symmetric, we have

T R

This matrix is symmetric and can be diagonalised as T = XAX !,
where
1 1 Ay 0
_ 1 _ (M
X_ﬁ<1 —1>’ A (0 A_)’
with the corresponding eigenvalues
A =k+tr(PQ), A =k—tr(PQ).

Since the object of interest in this proof is E||Z~/?z||3 we will now
focus on || Z1/2z||,. Using the diagonalisation of Z, we can express the
squared norm as

IE V223 =2z (V) T2 V22 =28 1z
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Substituting Y1 = XA 1XT into this expression gives:
1272z = 2T (XA XT)z= (XT2) TAT1(X T2).

We now define
z1+2p
(M) — XTZ _ 1 <1 1 ) (Zl) = (zl\/iz2> ,
v v2\1 =1/ \z 5
and therefore,
_ AZL 0 u
I27"2%z|3 = (u o) ( 0 /\1) (U) =£ 42 (4.14)

Using this result we can write |Z71/2z|; = ,/% + }f—i, and since
VX+y <V/x+ /yforx,y >0, wehave

— 2 2
=22l < 3+ = e+

This allows us to bound ||£~1/?z|]3. Since f(x) = x° is convex for x > 0
we can apply Jensen’s inequality which gives

(mf < &4

2 2

This leads us to
(a+0b)® < 4(a®+b%),

and therefore we obtain:

3
277223 < 4l8; + 405,

We can then substitute the result from Eq. 4.14 and take expectations
(since the bound holds for every value of u and v) to get

E[|=722]3 < E(h + 1) <4 el paBRL @)

All that remains now is to find bounds on E[|u|*] and E[|v|®]. Fol-
lowing the canonical representation of Grassmannian projectors given
in [47], and assuming k < n/2, we can write,

UT - (C/ S,kan—zk), VT - (Cl —S/kan—Zk)/
whereP=UU',Q=VV',
C = diag (cos(61/2),...,cos(6¢/2))
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and
S = diag (sin(61/2),...,sin(6;/2)).

With this representation, we have
2C? O x O x r1—2k
P+Q=1[ Ok 282 Orxn—ok |-
0 —2kxk On—okxk  0n—2kxn—2k
and
O x 2CS Os xr1—2k
P—-Q=1 2§8C Op <k Orscn—2k | -
0y —2kxk On—okxk  On—2kxn—2k

Using these block forms, we get
u= %aT(P +Q)b
= ﬂz;-{:l ( COSZ(QJ'/Z)LZ]‘Z?]' + sinz(ej/2)ak+]»bk+j),
and
v = %uT(P — Q)b
=2 Z;'(:l COS(QJ'/Z) Sil’l(@j/z) (ajbk-i-j + lZ]H_]‘b]')
= \% Z;'(:1 Sin(ej) (ajbk+j + ak+jb]-).

Let us first focus on u. By Cauchy-Schwarz applied to the random
variables |u| and u? we have

Elul® = E[julu?] < (E[u2])"?(E[u4])". (4.16)

Thus it is enough to find bounds on E[u?] and E[u?]. Let us define the
independent random variables

Gj:=ajbj, Ckvj = Akyjbryj, 1<j<k
and the coefficients
= ﬁcosZ(Gj/Z), Qpyj = ﬂsinz(Gj/Z).

Then
u= Z%il apCy.

The variables ¢, are independent, centred, and satisfy
E[g7] =1,  E[¢]] = E[a*]E[b*] =9,
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since a; and b; are independent and since E[¢*] = 3 for ¢ ~ N(0,1).

Since u = 2'17?];1 ¢y, the multinomial expansion of u* contains terms of
the form
LTI T IR ININ TN

Because the random variables ¢, are independent and centred, every
term where at least one index has an odd power has zero expecta-
tion. Thus, the only surviving terms are those where all four indices are
equal, and those where two distinct indices each appear twice. There-
fore,

Efu*] = Y05 ofE[5H] + 6 Ti<parear 670 E[GFE[EH)
= 9K af 4 6 L1 <peren aFa?
Now,
(D 1 “z) = Y05 &+ 2 cpcraan 06707
Hence
(Z/ 1 "‘f) =9 & + 18 cprn 030,

which gives

2
Oy 2 0t +6Y 1y a202 <9 ( Y “4) .
Therefore,
2
E[u?] <9<24 1“6) .
Moreover,
2
E[?] = E[( £ 0d) | = B[ 25, 028 + 2 Dicrcren mone ey

Since the ¢, are centred and independent, the cross terms have zero
expectation, and since E[¢?] = 1 we get

E[u?] = Ze 1“/

Using the previous bounds along with Eq. 4.16, we obtain

IE‘u|3 <3<Zl 1Dc€> 2

Finally, writing ¢ := cos(6;/2) and s := sin(6,/2))
Yk a2 = 22;?:1(61 +st) = 22;‘ 1 [(€® + %)% = 2¢%67]
=2y, [1- ;sm (6))] = L=y (14 cos?(6)))
= k+ tr(PQ) =
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Hence
Elu® < 3A%2,

Let us now focus on v. As for u, our goal is to bound E|v|*. By
Cauchy-Schwarz applied to the random variables |o| and v?, we have
Elof® = E[v[?] < (E[0?))"* (E[04])"*. (4.17)
It is therefore enough to control E[v?] and E[0*]. Recall that
0= % Z;-czl sin(f)]-) (a]-bk+j + ak+jb]-).
Define the independent random variables
1j = ajbeyj + ax4jbj, 1<j<k
and the coefficients
Bj = % sin(Gj).
Then
v = Y4 By

The variables 7; are independent and centred. Moreover,
E[n?] = E[(a;bk1,)?] + E[(axb))°] =2,

since the cross term has zero expectation. Similarly, since a;by; and
Ak j b; are independent and centred,

E[rj] = B[(ajDi1)*] + E(ars0))"] + 6B[(a;Di1) 2 [(ab;)°]
=9+9+6=24

We first compute the fourth moment. Similarly to what we did for u,
since v = Z;‘:l Binj, the multinomial expansion of v* contains terms of
the form
ﬁjlﬁjzﬁjsﬁ]@ﬂh77]'277]'377]'4'

Because the random variables 7; are independent and centred, every
term where at least one index appears an odd number of times has zero
expectation. Thus, the only surviving terms are those where all four
indices are equal, and those where two distinct indices each appear
twice. Therefore,

E[o*] = Y5, BYE[}] + 6 T <jcrck 2RI IE 7]
=245 B+ 24T i<k BB
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Now,
kooa0)? k  pd4 22
<2j:1 ﬁj) = Y1 B + 2 a<j<<k BiBr-

Hence

2
24(Li1 B2) = 24T Bl + 48T B2,
which gives
k p4 2 p2 K2\
24) 1 Bj 24 Ya<jco<k BBy < 24 ( Y1 ﬁj) :
Therefore,
E[0] <24( Yk B2 ’
= j=1 :B]
We also have

Bl = E[ (25 Bny) | = B[ T B2 + 2 Ko BiBenn].

Again since the 1; are centred and independent, the cross terms have
zero expectation, and since [E [17]2] = 2 we get

E[0?] =2Y} 2.

Using the previous bounds along with Eq. 4.17, we obtain

Blf < (2r, ) (22 82) ) = (e )
Finally,

2 Z;'(:1 [5]2 = Z;'(:1 sinz(Gj)
=k —tr(PQ)
=A_.

Hence
E|v]® < v6A%2.

We can now conclude. Using the bounds on E[|u|?] and E[|v|?]
along with Eq. 4.15, we get

E(z12z|)3 < 113[4m +4%§} <12+4V6<C,

3/2
/\+

for some C > 0, which proves the result.
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Lem. 4.4 provides a bound on the third moment of z which will al-
low us to apply a multivariate Berry-Esseen theorem to the aggregated
variables. More precisely, it shows that the normalised third moment
remains bounded by an absolute constant, which is independent of the
subspace dimension k. This will allow us to compare the distribution of
the aggregated pair of rank-one projections with the Gaussian distribu-
tion, thereby allowing us to compare the expected signed kernel with
the corresponding Gaussian sign kernel, for which the classical arcsine
formula gives an explicit expression. Let us now prove Prop. 4.9.

Proof of Prop. 4.9

Proof. Throughout this proof we will use P := ¢P(U) and Q := ¢P (V).
Since the m coordinates of *(U) and ¢*(V) are independent and iden-
tically distributed with respect to the index j, by linearity of expectation
it is enough to study one coordinate. We can thus fix j = 1 in ¢* and
write a;; as a; as well as bj; as b; for clarity. We define

— ZN): TVVTb

Xny i= Y05 a/UUb;, Yy

P

Then
LE[(y*(U), y*(V))] = E[sign(Xx; )sign(Ys )]

Since the sign is invariant under multiplication by a positive scalar, this
is also equal to

. XN . Yn:
slsin(J)sn )]
We now define
- a/ UU'b; s yNe o XN /v Ny
Y \af vV )’ F =1% = \ v\ /vNg )
The vectors z; are independent and identically distributed, centred, and
belong to R?.

Let £ := Cov(z;), which will be the same for any value of i since all
random variables are i.i.d.. f UU" = VV' < P = Q, then

%]E[@Z(u),lpz(v))} =1, %arcsin( Zl L cos? (6 )) =1,

so the result is immediate. We therefore assume in the rest of the proof
that P # Q, so that X is invertible.

Let us compute Z. Since P and Q are orthogonal projectors of rank
k, we know that

tr(PQ) = Y5, cos?(6)).
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SO we can compute

e E[(a’ Pb)’] JE[(aTPb)(aTQb)]>
El(a' Qb)(a"Pb)]  El(a’ Qb)’

B (tr(II;Q) tr(li:Q)>'

where a, b are independent copies of the vectors a;, b; and where we
reused Eq. 4.13 from the proof of Lem. 4.4 to write E[(a' Pb)(a' Qb)] =
tr(PQ). Hence, if G = (G1,G2) ~ N(0,Z), the correlation coefficient
of G; and G is

p= tf/(;%) = } Li_ cos*(6)).

We now compare the distribution of s to the Gaussian distribution
N(0,XZ). By the multivariate Berry-Esseen theorem for convex sets in
dimension 2 (see [20, Theorem 1.1] or [128, Theorem 1.1]), applied to
\/LN? ZZNZ z;, for every convex set A C R2,

[P(s € A) —P(G € A)| < %2,32,

with
Bs := E||Z7 %],

for some absolute constant C > 0.
In order to show that we may apply the multivariate Berry-Esseen
theorem, we must observe that the value of E[sign(X)sign(Y)] depends

on the probability of (X Y) " being in one of the four orthants of R?.
Let us focus on the first quadrant

Ay ={(x,y) eR?: x>0, y >0},
which is convex. Therefore,
P(s € Ay) —P(G e AL)| < %@52- (4.18)

Next, denoting the first element of s by sy, 1 and the second by sy 2,
and using the symmetry with respect to the origin, s satisfies

IP(SNZJ > 0/5N2,2 > 0) = ]P(SNZ,l <0, SNy 2 < O),

and similarly for G. Therefore if we denote the four quadrants of R? by
Q1,...,Q4, we have

E[sign(sny,1)sign(sng 2)] = P(Q1) — P(Q2) +P(Q3) — P(Qq)-
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By symmetry, P(Q1) = P(Q3) = P(s € A;) and P(Q2) = P(Qq) =
1/2 —P(A+), which gives

E[sign(sny,1)sign(sng,2)] = 4P(s € Ay) — 1.

and
E[sign(G1)sign(G2)] = 4P(G € Ay) — 1.

Combining these identities with Eq. 4.18 gives
‘]E[sign(XNZ)sign(YNz)] — ]E[sign(Gl)sign(Gz)]‘ < \/%52; (4.19)

with an absolute constant C > 0.

Finally, since (G1,G,) is a centred bivariate Gaussian vector with
correlation coefficient p, we can use Grothendieck’s identity [148,
Lem. 3.6.6] or the result from [130, Sec. 6.4]

n

E[sign (G )sign(G,)] = 2 arcsin(p) = 2 arcsin (% Y& cosz(Gi)).

Injecting this identity into Eq. 4.19, we obtain

%IE[WZ(U)IW(V»] — 2 arcsin (%Zﬁ;l Cosz(()i)>’ < \/IC\TZﬁZ'

Using the constant used for bounding By from Lem. 4.4 and absorbing
this constant into C yields the desired result:

%]E [<¢2(u)/¢’z(v)>} — %arCSin (% Zi‘(:l cosz({)l-)> ‘ < \/%:’
for some C > 0. 0

4.5 Periodic random features for Grassmannian kernels

We now turn to the second bounded non-linear function considered in
this chapter, namely the complex exponential. As in the signed case
we are going to compose the rank-one projection operator ¢ P with a
bounded function applied componentwise. However, the resulting em-
bedding behaves quite differently here since it takes values in a com-
plex space rather than in {£1}".

Another important difference is that the kernel induced by this em-
bedding admits a closed-form expression in terms of the principal an-
gles between subspaces. This allows us to analyse its behaviour more
explicitly, in particular through a frequency parameter w, and to relate
it to more classical Grassmannian kernels for different values of this
parameter.
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4.5.1 Definition

We apply to the ROP operator ™P the bounded function g(A) =
exp(iwA), where w € R is a frequency parameter. The resulting pe-
riodic random feature map ° = g o P is reminiscent of the random
Fourier features of [125], where random projections are followed by
a periodic non-linear function. Given m random vectors a;, b; ~j;q4.
N(0,1,), for 1 <i < m, we define

P (U) = <exp(iw aiT4>P(U)bi)>zl, uecvk,n). (4.20)

We can then show that the empirical kernel ¥° := L (y°(U), $°(V)) be-
tween two k-dimensional subspace bases U, V € V(k, n) is an unbiased

estimator of the following kernel.

Proposition 4.10 (Validity of x°). Given U,V € V (k, n), with princi-
pal angles 01, . . ., 0y between them, and y° defined as above, the kernel x°
is positive-definite, symmetric and only depends on the principal angles
between the two subspaces U and V. Moreover,

x°(U, V) := Er°(U, V) = [T, (1+ w?sin®6;) . (4.21)

Proof. The symmetry and positive-semidefiniteness of x° are proved
similarly to those of x*. Regarding the dependence of x° on the sub-
space principal angles, we first note that, given U, V € V(k,n) and the
random vectors a,b ~;;4 N(0,1,,),

k°(U,V) = Ex°(U,V) = Eexp(iwa' (P — Q)b),

with the projectors P = UU' and Q = VV'. The rotational invari-
ance of the random vectors a and b thus shows that x° is rotationally
invariant, ie., k°(U,V) = x°(RU, RV), for any rotation R € SO(n).
From Thm. 2.1, x°(U, V) only depends on the principal angles between
U and V. Moreover, following [47], we can always apply a rotation
R such that U and V are “rotated” to make angles +6;/2 around the
identity, i.e.,

U = (C,S,00n o) €ER", VT =(C,—8,0p,,_2) € R™",

with

C = diag (cos(61/2),...,cos(6/2))
and

S = diag (sin(61/2),...,sin(6;/2)).
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Using this representation, a few computations show that, up to a
permutation matrix IT € {0,1}"*", P — Q is block-diagonal with k in-
dependent 2 x 2 blocks, i.e., P — Q = I1'I'TI, with

F::bdiag(sin@l <(1) (1)>,...,sin9k <(1) (1)>,0,...,0) e R™",

where we append as many zeros as necessary to get an n X n matrix.
Since the distribution of the vectors a and b is permutation invariant,
a' (P — Q)b is distributed as a'T'b, so that x°(U, V) = Eexp(ia' Ib).
However, since a' Tb = 2;‘:1 sin 6 (azjbaj 1 + a2j41b2;), we get from
the independence of the components of a and b,

(U, V) = H _1 Eexp(iazjbaji1 sin6;)E exp(ibyjazj 1 sinb;)
= ]_[;":1 (IE exp(isin 0;gg’ )) ,

fwith g,¢" ~iiq. N(0,1). Definingu = (§+¢')/vV2,0=(g—¢')/V2,
we observe that ¢¢’ = %(u2 — v?) with independent u,v ~ N(0,1),

ie., 2g¢ is the difference of two independent x2-distributions with one
degree of freedom. Since for any t € R Ee''X = (1 — 2if)"1/2if X ~ x3,
we obtain for any a € IR,

Eexp(ingg’) = (1 —ia) V2(1 +in)" V2 = (1 +a?)"V/2

This means that,

k
(U, V) =] ] (Eexp(iwgg' sin Qj))z
=1

k
=]+ w?sin®6;)7",
j=1

which completes the proof. O

Remark 4.2. While the periodic random feature y° defined in Eq. 4.20 is
complex, the resulting kernel k° is real, i.e., the imaginary part of k ° vanishes
in expectation. Moreover, we show easily that the 2m-component periodic
random feature map

s
provides also an unbiased estimator of k°(U, V) via - (y°'(U), $°'(V)) since

(yo'(U), v~ (V)) = R({p°(U), p°(V))).
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Just like we did for x*, we now consider the approximation error
we make by replacing x° by ¥°. We first study a bound on the point-
wise approximation error, i.e., the absolute error made on a fixed pair
of subspaces.

Proposition 4.11 (Pointwise approximation error of x° by x°).
Given two subspace bases U,V € V(k,n), the m-component periodic
random feature map ° in Eq. 4.20 and related to m i.i.d. Gaussian ran-
dom vectors a;, bj ~ N(0,1,,), and an error 6 > 0, we have

P(|3(y° @), 4°(V)) = (U, V)| < 6) 21— dexp(—Lmd?).

m

Proof. Defining the m i.i.d. complex random variables
Xj=9°(U)yp°;(V), for 1<j<m,
we have
mx°(U,V) = 2}”:1 X;, mx°(U,V) = Z;.”:l EX;
and

P(IR°(U, V) — k(U V)| > 4]
< P[IL T ROG) - R(C(UV))| 2 6/V72]
F P T S0G) — S (e (U, V)| > 6/v2).

Since max(|R(X;)], |I(X;)[) < 1, Hoeffding’s inequality provides
P[4 Ty R(X;) — Re* (U, V)| > 6/v/2] < 2exp(—imé?),

and similarly for the imaginary part. Gathering the bounds provides
the result. O

Armed with these results we can now attack the uniform bound in
the same way as we did for x*. The statement and the proof follow a
very similar pattern.
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Proposition 4.12 (Uniform approximation error for ¥ ° ~ «°). Given
a distortion § > 0, and some absolute constants C,C',c > 0, if

m > C6 2nklog(wv'kn/é),

then

sup [®°(U,V)—«x°(U, V)| <6

u,vev(kn)

with probability at least 1 — C' exp(—cé*m), for some absolute constant
c,co > 0.

Proof. The proof for this proposition is delayed to Sec. 4.5.2 for more
clarity. O

Prop. 4.12 shows that, as in the signed case, a number of random
features proportional to the intrinsic dimension nk of the problem (up
to log factors) is sufficient to obtain a uniform approximation of the
target kernel with high probability.

Remark 4.3. The uniform guarantees of Prop. 4.12 and Prop. 4.4 are worst-
case results over all pairs of k-dimensional subspaces in R". Their dependences
on nk are therefore coherent with the intrinsic dimension of G(k,n). It may
be possible to improve requirements on m when restricting the approximation
to structured subsets of G(k,n), for instance subspaces with sparse bases, or
subspaces satisfying additional constraints on their principal angles. In this
case, the proof would require replacing the covering number of the full Grass-
mannian by a covering number adapted to the restricted class. We leave this
direction for future work.

45.2 Proof of Prop. 4.12

In this section we prove the uniform concentration result stated in
Prop. 4.12.

Proof. Given a radius € > 0 to be fixed later, we know from Prop. 4.5
that there exists an e-covering N C G(k, n) of G(k, n) with cardinality
INe| < (18Vk/€e)? Dk As in the proof of Prop. 4.4, we consider a
set Ve C V(k,n) such that for any U* € V., P* := U*U*" € N, and
such that each P* € M is represented by a unique basis in V,, i.e.,
Vel = |Nel.

The proof proceeds in a similar way to that of Prop. 4.4, by decom-
posing the approximation error into three terms and then controlling
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each term separately. For arbitrary U,V € V(k,n) and associated net
points U*, V* € V., with projectors P* = U* U*" and Q* = V*V*T, we
write
KU V) —«°(U, V)| <Th + T+ Ts,

with Ty := [®°(U, V) —&°(U*, V)|, T, := |[g°(U*, V*) —x°(U*, V*)
and T3 := [x°(U*, V*) —x°(U, V).

We now bound each of the three terms by 6/3 in order to ensure a
total approximation error bounded by 4.

4

(a) Bound on Ty: Let us first consider the event & := {-1- " (llajll3 +
bjl13) < 3}. Since aj,bj ~iiqa. N(0,1,), the random variable Z :=
Z;”:1(||a]-||% + ||b;|3) is distributed as a x3,,,-distribution with 2mn de-
grees of freedom, and EZ = 2mn. Moreover, by the Laurent-Massart
inequality [95, Lemma 1], there exist absolute constants ¢ > 0 such that

P(&1) > 1 —exp(—cmn). (4.23)
Let us assume that & holds. For any P,Q € G(k,n), let f(P,Q) :=
1 YiLiexp (ia)a]—-r (P — Q)bj), and P*,Q* € G(k,n) be associated net
points with ||P — P*||r < eand ||Q — Q*||r < €. Then
Ty = mlf(P, Q) — F(P*, Q") < X%, | exp (iwa] (P — Q)b;)
—exp (iwa]-T (P* — Q*)bj)|.
Using | exp(ix) — exp(iy)| < |x — y| for any x,y € R, we obtain
m|f(P,Q) — f(P", Q") < w¥jLy [af (P—P*) = (Q—Q"))bjl.

Hence, by the triangle inequality,
f(P,Q) — f(P*, Q") < 217, (la] (P~ P*)bj| +]a] (Q - Q")bj]).

Using Cauchy-Schwarz gives |a].T (P — P*)bj| = |(P— P*, a]-b]-T>| <
|P — P*[|r||a;|]2||bj|[2, and similarly for Q. Using [|P — P*|r < ¢,
1Q = Q"llr < eand [|x[[[ly[| < ([|x[* + [ly[|*)/2 yields

Ty = |f(P,Q) — f(P*, Q)| < %3¢ Ty laj 21t
SEX (lajll3 + 11b;3)-

Therefore, under the event &, T; < 3wne. In particular, choosing € =
9‘%” ensures T < %.

(b) Bound on T,: We now control the second term T,. For any fixed
u*,v: € V., with associated projectors P* = ¢P(U*) and Q" =

<
<
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$P(V*), Prop. 4.11 ensures the existence of absolute constants C,c > 0
such that

(‘ (us, v —x°(u, ve)| > %) < Cexp(—cmé?).

Let us define the second event

& = {YU', V' €V [Ro(U, V') — (U, V)| < § .
Since |Ve| = |Ne|, a union bound over all pairs U*, V* € V, yields
P(E5) < CINg|* exp(—cmé?).

Using the covering bound from Prop. 4.5 with the value of € = §/9wn
set above, we have [NV < (18Vk/e)2 Dk < (162wvkn/ &)@ +1k,
and hence, for some absolute constants C,C’,c > 0,

P(&5) < Cexp (C’nklog(w\/%n/é) — cm(52>.
In particular, updating the constants, if

m > Cé 2nklog(wvkn/é),

then P(&5) < C'exp(—cmd?). Under this condition, T, < ¢ si-
multaneously for all pairs of U*,V* € V. with probability at least
1— C exp(—cmé?).

(c) Bound on T3: We now control the deterministic term

W

T3 = (U, V) — «x°(U*, V¥)|.

Let us define for P,Q € G(k,n), h(P,Q) = exp (iwa' (P — Q)b), so
that x°(U, V) = E[h(P, Q)]. By linearity of expectation and the triangle
inequality,

T3 < E[|r(P,Q) — h(P*,Q")|].

Using again |exp(ix) — exp(iy)| < |x —y|, we obtain by Cauchy-
Schwarz

(P, Q) — h(P*, Q)| < w(|a" (P~ P")b| +|a’ (Q— Q")b])
< w([[P=P*r+ Q- Q7[le)llall2llbll2,

so that, taking expectations, using E[||a||2||b||2] < #n and the value of e
set above,

T3 < w(|P = P|lr+[1Q — Q" [lr)E[llall2[|bll2] < 2wne < §6 < 36,
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which holds uniformly over all U, V € V (k, n).

Final bound: We now combine the bounds Ty < 6/3,T, < §/3,and T3 <
0/3 obtained above, as well as the probabilities (by union bound) and
conditions under which they hold. We proved that P[T; < §/3|&] =
1 and P[T, < 6/3|&] = 1, with also P[T; < §/3] = 1. Therefore,
P[T; + T+ Tz > 6] <P[Ty > 6/3] + P[T, > 6/3]. However,

lP[Tl > 5/3] =1 —IP[Tl < 5/3|€1]1P[51] — P[Tl < 5/3|51C]IP[51C]
=1-P[&] - P[Ty < 4/3|E]P[&]] < P[&]],

and, similarly, P[T, > /3] < PP[&S]. This shows that, for some con-
stants C,C’, c > 0, provided that

m > Cé‘znklog(w\/%n/é),
with probability exceeding 1 — P(&f) — P(E5) > 1 — C'exp(—cé*m),
we have

sup ]fo(U,V) —x°(U, V)] =T1i+T+ T3 <4,
U, vev (kn)

which concludes the proof. O

4.5.3 Properties

We conclude this section by studying the shape and properties of the
kernel x° and its dependence on the frequency parameter w; in particu-
lar, we show below that this parameter determines two specific regimes
where x° is either close to the projection kernel or to a kernel that is rem-
iniscent of the Binet-Cauchy kernel. The first regime is valid at large
frequency.

Proposition 4.13 (Large-frequency regime of x°). Let us consider two
subspace bases U,V € V(k,n) with projectors P and Q and principal
angles 0 < 01 < --- < 0 < 7. We have

limg o @?%° (U, V) = [T (sin? ;) ! = pdet(P(I, —Q)P) .

Proof. This is a direct consequence of Eq. 4.21. O

Interestingly, we can relate the shape of «° in this large-frequency
limit to an extension of the Binet-Cauchy kernel. Generalising this ker-

nel to subspaces U; and U, of different dimensions (k; and k, respec-
mm(kllkz)
j=1

tively) and principal angles {6} , through the definition

llmw_>+oo wszO(U, V) = Hmil’l(kl,kz)

) cos? 914,

| 139



4 | Approximating Grassmannian kernels with random
features

we get, under the conditions of Prop. 4.13 and if k < n/2,
(U, V) =5, vhH,

since U and V= then make k principal angles {Z — 6]-};‘:1 [113, 94].
Following a previous interpretation, this shows also that, in this regime,
the kernel x°(U, V) is inversely proportional to the volume made by the
basis U when projected onto V.

The second regime is reached at small frequency. We show below
that x° then mimics a radial basis function (RBF) kernel (see Eq. 2.15).

Proposition 4.14 (Small-frequency regime of x°). Let us consider two
subspace bases U,V € V (k,n) with projectors P and Q. We have

(U, V) —exp (= 30°|P— Q})| < 30*|IP - QI} < jwt.
Proof. Given the two subspace principal angles {Gj};‘zl, since
k
logx®(U, V) = —) log(1+ w? sin? 0;) and [log(1 +1¢t) —t| < t2/2
j=1
for any t > 0, we get

k k k
1 1
[logx°(U, V) 4+ w? ) sin® | < §w4 Y sin*; < §w4 sin® 6.
Therefore, since |e* — e”| < max(e*,e”)|u — v| for real u and v, we get
(U, V) — exp(—w? T sin® ;)| < 3w ¥ sin” 6,

where we used the fact that, by design,
k
(U, V) <1, and exp(—w®) sin?6,) <1
j=1

The result is obtained by observing that 2 2;‘21 sin6; = |[P— Q3. O

In summary, Props. 4.13 and 4.14 show that x° can adopt two dis-
tinct behaviours: at large frequency (w > 1) x°(U, V) is related to a
variant of the Binet-Cauchy kernel between U and the orthogonal sub-
space V+; itis also more sensitive to small changes in the subspace prin-
cipal angles. By contrast, at low frequency w, «° is well approximated
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by a RBF kernel in the projection distance |P — Q||r. This gives a func-
tion more tolerant to small variations of angles. These characteristics
are numerically confirmed in Sec. 4.7 when comparing 2-dimensional
subspaces. In practice, choosing w amounts to trading off sensitivity to
fine geometric variations against stability.

4.6 Computational and memory costs

The rapidity and efficiency with which we compute the three random
feature maps ¢*, > and ¢° (introduced in Sec. 4.3 and 4.5) on sub-
spaces of G (k, n) depend on those of the ROP projection operator i ™P.

A priori, when we compute the m-component ROP ™P(U) of a
subspace basis U € V(k,n), each component 1 < j < m of ¢p™P re-
quires storing O(n) values from the random generation of the probing
vectors a;, b; ~jiq. N(0,1,). It also needs O(kn) operations from the
cost of computing a]-T uu’ b; from the inner product of a; := u' a;and
bj := UTb]'. This way of factoring the computation also requires stor-
ing O(km) intermediate values, those from the k-component vectors a;
and bj, and an additional computational complexity O(km) for the in-
termediate inner products evaluation. Consequently, the projection of
one subspace into R through ¢™P needs a total storage of O (mn + km)
values and a computational complexity of O (kmn + km) = O(kmn).

Regarding the complexities of ¢ and ¢°, considering that evaluat-
ing their respective non-linear functions brings negligible extra compu-
tations, we established through Props. 4.4 and 4.12 that we must take
m = O(6~2kn) random features, up to log factors, to ensure that the ap-
proximation error of the target kernels is uniformly bounded by § > 0.
The overall memory complexity of * and ¢° is thus O (62(kn® + k?*n))
with a computational complexity of O(6~2k?n?).

Overall, for large values of k and n, these complexities are lower
than those of the dense random projections ¥ introduced in Sec. 4.2.
Since dense random projections require us to pick m = O(62k’n) pro-
jections to approximate the projection kernel with uniform error §, they
have a complexity O(6-2k*n3) for both storing the m probing matri-
ces of size n*> and computing the m dense projections. Nevertheless,
the complexities discussed so far describe the cost of embedding a sin-
gle subspace and do not explicitly take into account the number N of
instances in a dataset. This dependence is important when compar-
ing random features with the direct use of Grassmannian kernels since
random-feature methods require embedding each of the N instances,
whereas exact kernel methods require pairwise kernel evaluations and
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Random feat. | # of feat. m | Memory Computation | Bound Target kernel
Dense ¥ O(572k%n) | O(67%3n) O(572k%n®) Prop.4.1 | Proj. kernel xP
Binary ¢* O(572%kn) | O(67%n?) O(572k%n?) Prop.4.4 | New kernel: x*
Aggregated * | O(67%kn) | O(67%n?Ng) | O(672k*n?Ns) | Assumed | Close to «Z,
Periodic ¢° O(57%kn) | O(67%n?) O(572k%n?) Prop. 4.12 | New kernel: «°

Table 4.1 Computational and memory complexities per instance for k-dimensional
subspaces of R" to get a uniform approximation error 6 > 0 between the empirical
kernel and the related target kernel.

Method Computation | Memory

Exact kernels «P, kB¢, x°, k%, | O(N?nk?) O(N?)
Binary/periodic ROP ¢+, ¢° | O(Nk?n?) O(kn? + Nkn)
Dense embedding ¢ O(NKk*n3) O(K*n® + Nk°n)

Table 4.2 Computational and memory complexities for N subspaces of dimension k
in R". For the random-feature methods, we use the number of features required to ob-
tain a fixed uniform approximation error 4, i.e.,, m = O(kn) for the binary and periodic
ROP embeddings and m = O(k®n) for the dense embedding, up to log factors. For the
direct kernel methods, the computation includes constructing the N x N Gram matrix.
For the random-feature methods, it is equivalent to embedding all N subspaces, and
the memory includes both the random vectors and the resulting feature representa-
tions. Methods with the same complexities are grouped together.

the storage of an N x N Gram matrix. Consequently, exact kernels
may remain computationally more efficient for small datasets, while
random-feature methods become increasingly interesting as N grows,
since their computation and storage scale linearly rather than quadrat-
ically with N. We provide this comparison in Tab. 4.2.

The computational and memory requirements for the embedding
procedure will be further alleviated in Chap. 5 where we will intro-
duce structured embeddings and Optical Processing Units, capable of
replicating the effects of ™P. The per-instance complexity results are
summarised in Tab. 4.1, while the equivalent table taking the dataset
size into account can be found in Tab. 4.2.

Remark 4.4. The computational complexities shown in Tables 4.1 and 4.2
count the total number of operations and should thus not be interpreted as ex-
ecution times on a particular hardware architecture. It should be noted that
random projections are naturally well suited to parallel computation, since
they can be formulated with matrix operations that are efficiently parallelised
on GPUs [143, 76]. Dense random projections can especially benefit from
highly optimised parallel matrix operations, while ROP and structured pro-
jections can also be parallelised. GPU computation could therefore substan-
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tially reduce practical execution times compared with a CPU implementation,
without changing the asymptotic number of operations required by the differ-
ent methods. The complexity comparisons above should thus be understood
as comparisons of the total computational work involved, rather than as direct
predictions of running time.

Similarly, the memory costs assume that the random operators are ex-
plicitly stored. When the random matrices or vectors are generated pseudo-
randomly, we may instead store only the random seed and regenerate their co-
efficients when required. This can strongly reduce their storage requirements.
It does not, however, remove the need to generate and apply these coefficients,
and therefore does not eliminate their computational cost. Depending on the
implementation, regenerated coefficients may also need to be stored temporar-
ily or generated progressively during the computation.

4.7 Experiments

In this section we demonstrate experimentally the results developed
in theory in the previous section. We start with some experiments to
confirm the results in expectation of our kernels? We then analyse the
geometric properties of those. Finally, we demonstrate on a real dataset
how our kernel approximations can be used in a real setting.

4.7.1 Dense projections versus rank-one projections

As a first analysis, we want to stress the computational advantage of us-
ing (unbounded) rank-one projections instead of dense Gaussian pro-
jections with the objective of approximating the projection kernel xP.
Indeed, the related empirical kernels both approximate xF, but their
computational and memory costs differ substantially, since dense pro-
jections require storing m full n X n matrices while ROP features only
require m pairs of vectors in R”. We remind that, as stated in Sec. 4.2.2,
while unbounded ROPs allow for an approximation of the xP on finite
datasets, they are theoretically not optimal when we target a uniform
characterisation of this kernel over the whole space G (k, n).

To this end, we generate 100 pairs of subspaces in G(5,100) with
pre-selected principal angles. For each value of m, we compare the
approximated ¥¢ and X™P with the exact projection kernel xP. The ex-
periment is repeated five times, and Fig. 4.3 shows the average mean
and maximum absolute errors of these approximations.

Both empirical kernels converge to kP as m increases. Dense projec-
tions are slightly more accurate, however this comes at a much larger
computational and memory cost. In this setting, storing dense matri-
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Fig. 4.3 Approximation of the projection kernel with ¥4 and P on G(5,100). Both
empirical kernels target xkP. Both approximations converge, although dense projections
are slightly more accurate, this comes at the cost of a much higher computational and
memory requirements.

ces requires mn? real values, whereas storing ROP vectors requires only
2mn. For m = 2000, this makes 9 about 50 x less efficient than P in
terms of memory and about 125x slower in terms of execution time.
This illustrates the trade-off between a slight accuracy gain and com-
putational efficiency, thus motivating the use of rank-one projections.

4.7.2 Comparing the kernels

We then illustrate the geometry of the periodic Grassmann kernel in the
simple case k = 2. Using the closed form expression, we evaluate x° on
a uniform grid of principal angles (61,6,) € [0, 77/2]* and display the
resulting 200 x 200 heatmaps for three values of w € {0.5,1,2}.

We also execute the same experiment using the exact projection ker-
nel P, the Binet-Cauchy kernel x5¢ and the empirical sign kernel x*,
evaluated with the formula of Prop. 4.2. The corresponding heat maps
are illustrated in the lower row of Fig. 4.4. We see that all four kernels
share the property of being large when the principal angles are small
but their behaviour varies slightly as shown by the level curves. x5¢
and x° with large w show more sensitivity for small angles, P, x* and
k° with reasonable w are well spread, and x° with small w shows a lot
less sensitivity to large angles. This confirms that x° gives a trade-off
between a locally and a globally sensitive similarity metric on G(2,n).

Next, in order to illustrate Prop. 4.9, we numerically compare the
expected aggregated kernel x* with its explicit approximation x,. We
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Fig. 4.4 Top: geometry of the periodic Grassmannian kernel «° for k = 2 for various
w. Bottom: comparison between the projection, Binet-Cauchy and sign kernels (all
normalised to [0, 1]) with k = 2.

estimate x> directly by sampling independent aggregated coordinates
for various values of Ny.

We test several configurations of principal angles. We take n = 512
and consider the cases k = 1,2, 3. For k = 1, we use 25 angles uniformly
spaced between 0 and 7/2. For k = 2 and k = 3, we use 25 principal-
angle vectors sampled uniformly at random from [0, 7t /2]*.

For each value of Ny and each principal-angle configuration, we
generate m = 5 x 10° independent aggregated coordinates and com-
pute

REU, V) = 5 (p=(U), p=(V)).
Keeping m deliberately large allows us to focus our attention on the

effects of Nx. We then compare this estimate with the explicit limiting
approximation

x5, (U, V) = £ arcsin (% YK cos? Gi).

We consider several values of Nx. For each k and each value of Ny,
we compute the absolute error |[K* — x5, | for all tested principal-angle
configurations, and show the average of these errors. The resulting
curves are plotted as functions of Ny, along with a reference (dotted)
line proportional to Ny 172,
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Average absolute error
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Fig. 4.5 Numerical verification of the convergence of ¥* to k%, for n = 512 and k =
1,2,3. For each value of N5, we test 25 configurations of principal angles and estimate
the expectation defining x* using 5 x 10% samples per configuration. The curves show
the average absolute error |K* — «5,| over the tested angle configurations, together with

a reference Ny 1/2 decay.

The results are shown in Fig. 4.5. For all three values of k, the em-
pirical error decreases as Ny increases. This is consistent with Prop. 4.9,
which theoretically shows convergence of the aggregated kernel to-
wards the explicit expression «3, as the number of aggregated rank-one
terms increases. The three curves also show a similar dependence on
Ny for the different values of k. This is consistent with the bound of
Prop. 4.9, whose convergence rate O(Ny, 1/2) does not depend on the
subspace dimension k. Testing k = 1,2, 3 therefore allows us to verify
empirically that increasing the subspace dimension does not substan-
tially alter the observed convergence towards «;, in these experiments.

4.7.3 Error analysis

In this experiment, we study the empirical decay of the approximation
error for a fixed pair of orthogonal subspaces (similarly to the experi-
ment of Sec. 3.5.1). We taken = 512and k = 9. We take U = (e, ..., )
and V = (ex,1,...,ex), with e; the i vector of the canonical basis, such
that all principal angles between these two subspaces are 7t /2.

This choice gives us an explicit target value. For the signed ker-
nel, the random variables defining the two signs are independent and
symmetric, hence

(U, V) =0.
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For the periodic kernel, the closed form of «° gives
(U, V) =T, (1+ w?sin®6;) ' = (14 w?) k.

We set w = 1, so that the target value for x° is 2k,
For each value of m, we compute the empirical kernels ¥*(U, V)
and x¥°(U, V) over independent trials. We then measure the absolute

errors
[©=(U, V) —x=(U, V)| = [£=(U, V)]

and
[k°(U,V)—x«x°(U,V)|.

The results are shown in Fig. 4.6 as functions of the oversampling ratio
p =m/(nk). Weusen =512,k = 9,and w = 1. The number of random
features m takes 14 logarithmically spaced values between 10 and 10*,
and each value is repeated over 50 independent trials. The solid curves
show the mean absolute error over the trials, and the shaded regions
correspond to one standard deviation. Both empirical errors follow the
reference p~1/2 decay very closely as expected. We also tested the same
thing for ¥* with Ny = 3 and Ny = 5. Its error behaves in the same
way as the signed kernel ¥*, so we do not include it in the figure to
keep the plot readable.

1071<

1072<

Absolute error

1073<

10-2 10! 10°
Oversampling ratio
Fig. 4.6 Empirical decay of the approximation error for two orthogonal subspaces
in G(k,n), with n = 512 and k = 9. The horizontal axis shows the oversampling

ratio p = m/(nk). The curves show the absolute errors for x* and x°, averaged over
independent trials. The dotted line shows the reference p~1/2 decay.
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Fig. 4.7 Structure of the ETH-80 dataset

474 ETH-80 Classification

We evaluate our methods on the ETH-80 dataset [103, 39], which con-
sists of 80 objects grouped into 8 superclasses (e.g., apple, car, cow), each
object being captured from 41 viewpoints under moderate illumination
variations. Fig. 4.7 illustrates the hierarchical structure of the dataset,
with multiple images per object and multiple objects per superclass.
All images are resized to 32 x 32 pixels, converted to greyscale, so that
n = 32 x 32 = 1024.

This experiment is an image-set classification problem, in line with
other subspace classification experiments [74, 84, 155]. Each instance
to be classified is a group of images of the same object acquired under
different camera poses or illumination conditions. This group is then
represented by the subspace spanned by the corresponding observa-
tions.

More precisely, given a collection of N; images associated with one
object, we collect them into a matrix X &< R"*Ni and extract an or-
thonormal basis U € R"*¥ by retaining the k leading left singular vec-
tors of X. Unless otherwise stated, we fix k = 9, in line with the empir-
ical observations reported in [84] for a similar dataset. The parameter
k is therefore not tuned specifically to optimise the performance of the
methods considered here. The resulting task is therefore a classifica-
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tion problem between subspace-valued instances. It does not address
the separate problem of assigning a single isolated image to a subspace.

We consider two classification settings of increasing difficulty. In
the first one, superclass (8-way) classification, each object is represented
by a single subspace, but labels are given at the superclass level. This
setting results in a small number of subspaces and is useful to assess
the approximation quality of the proposed approximated kernels. In
the second one, object (80-way) classification, each object constitutes its
own class. To increase the number of available subspaces and stress
the computational aspects of kernel evaluation, multiple subspaces are
generated per object by subsampling images.

For both settings, we compare the exact projection kernel P to its
random approximation ¥™°P, evaluate the binary kernel ¥* (for which
we do not have a closed-form x* available), and compare the periodic
kernel x° to its exact version x°.

Recall that ¥™P targets the exact projection kernel kP, whereas the
binary and periodic constructions induce the kernels x* and «°, re-
spectively. Therefore, differences in classification accuracy may reflect
both the quality of the random approximation and the suitability of the
corresponding Grassmannian kernel for the considered dataset. Our
goal is not to show that bounded ROP features always outperform un-
bounded ROP features in finite-data classification, but instead to show
that they provide light random features associated with kernels for
which stronger uniform approximation guarantees can be computed.

Superclass (8-way) classification

In this first setting, we perform superclass classification on ETH-80, fol-
lowing a similar experiment as [155]. Each object is represented by a
single k-dimensional subspace, while labels are assigned at the super-
class level. For each superclass, we randomly select 7 objects for train-
ing and 3 for testing. This makes a total of 56 training subspaces and
24 test subspaces. Subspaces are constructed as described above, keep-
ing k = 9 dimensions. Test subspaces are built independently from the
corresponding test objects.

We begin by evaluating the exact projection kernel xP and the exact
periodic kernel x°, both of which reach perfect classification accuracy
on this task. This confirms that the problem is well suited to subspace-
based representations and kernel methods.

To better visualise the geometry of this classification problem,
Fig. 4.8 shows a two-dimensional t-SNE representation of the 80 sub-
spaces. We first compute the pairwise projection distances as defined
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Fig. 4.8 ETH-80 superclass dataset visualisation with t-SNE

in Eq. 2.10:

4, V) = P - Qs = Ljuu —vvT =k~ U V]2

The resulting representation shows a clear structure, with several
classes forming well separated clusters'. This provides a qualitative
explanation for the good classification results obtained with the exact
kernels, while noting that the two-dimensional representation does not
preserve all the information available to the classifiers.

We then replace these exact kernels with their approximated ver-
sions. To compare embedding sizes across methods, we show the re-
sults as a function of the oversampling ratio defined as p = i, where
m denotes the embedding dimension. Small values of p correspond to
compressed representations, p ~ 1 to embeddings of comparable size
to the original basis, and p > 1 to overcomplete embeddings. In the
following experiments, we focus on p = 0.05 and p = 0.20, which al-
ready provide good accuracy results.

Fig. 4.9 shows the classification accuracy as a function of p, while
Tab. 4.3 summarises runtimes and accuracies for the two selected val-
ues of p. As expected, increasing p improves the accuracy of all random

nterestingly, some neighbouring clusters also correspond to visually similar ob-
jects, such as cows and horses or tomatoes and apples. The geometry even seems
to have developed opinions about crockery, since the two isolated points of the red
coffee-cup class correspond to brown cups, whereas the remaining cups are white.
Apparently, the Grassmannian notices these things.
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Fig. 4.9 ETH-80 superclass classification results as a function of the oversampling
ratio.

Method [y Total time (s) | Accuracy (%)
Exact kernels (no embedding)

Projection kernel xP — 0.2633 100.00

Periodic kernel x° — 0.2381 100.00

Random embeddings at t

wo oversampling ratios

ROP 0.05/0.20 | 1.3211 / 5.3102 | 98.12 / 99.79
Binary ROP 0.05/0.20 | 1.3211 / 5.3111 | 93.12 / 96.04
Periodic ROP 0.05/0.20 | 1.3240 / 5.3145 | 93.54 / 93.75

Table 4.3 Superclass classification. Total time includes embedding computation and
SVM training/evaluation. Results averaged over 20 runs with different random em-
beddings.

embedding methods. They indeed converge quickly towards the per-
formance of the exact kernels.

From a computational perspective, this setting is too small for ran-
dom embeddings to fully show their strength. With only 56 training
subspaces, exact kernel computation is already fast, and ROP embed-
dings do not yet accelerate the procedure. This experiment is therefore
primarily a validation of the approximation behaviour of the proposed
kernels. The computational benefits of random embeddings will be-
come apparent when the number of subspaces increases, as shown in
the next experiment.
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Object (80-way) classification

We now turn to the object classification task, in which each individual
object constitutes its own class. This setting is significantly more com-
plex, both in terms of classification difficulty and computational cost,
and is well-suited to highlight the advantages of the approximated ker-
nels.

For each object, the 41 images are randomly split into 28 training
images and 13 testing images. From the training images, we randomly
select 15 images to construct a k-dimensional subspace, keeping k = 9
dimensions. This procedure is repeated 10 times per object, yielding 10
training subspaces in G(9,1024) for each of the 80 objects. At test time,
a single subspace per object is built from the remaining 13 images, still
with k = 9. This ensures that no test image contributes in any way to
the construction of the training subspaces.

As in the previous setting, we first evaluate the exact projection ker-
nel kP and the exact periodic kernel x°. While both kernels achieve
strong classification performance, the cost of computing the corre-
sponding kernel matrices now becomes substantial due to the large
number of subspaces involved, with computation times close to one
minute under our experimental conditions.

We again evaluate the approximated versions of these kernels. Clas-
sification accuracy as a function of the oversampling ratio p is shown
in Fig. 4.10. Runtimes and accuracies at the same oversampling ratios
p = 0.05 and p = 0.20 as in the superclass setting are summarised in
Tab. 4.4.

The accuracy trends are consistent with those observed previously.
Increasing p improves performance for all random methods, although
larger embedding sizes are required in this more complex setting to
approach the accuracy of the exact kernels. The embeddings eventually
get to the performance of the exact projection kernel, but at the cost of
increased computation time, which can exceed that of the deterministic
kernels.

4.8 Conclusion

In this chapter we studied random feature maps for data represented
by linear subspaces. Starting from the projector representation of the
Grassmannian, we first showed that dense random projections can ap-
proximate the projection kernel, but at a cost that scales poorly with
the ambient dimension. Rank-one projections offer a lighter alternative,
however the raw features have poor concentration guarantees, which
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Fig. 4.10 Accuracy vs sub-sampling ratio for object classification with ROP embed-
ding

Method 1Y Total time (s) Accuracy (%)
Exact kernels (no embedding)
Projection kernel xP — 52.8856 98.75
Periodic kernel x° — 58.7874 90.00
Embedding methods at two oversampling ratios
ROP 0.05 / 0.20 | 24.1868 / 85.2087 | 84.19 / 94.06
Binary ROP 0.05 / 0.20 | 24.2049 / 85.2449 | 72.25 / 91.75
Periodic ROP 0.05 / 0.20 | 24.3763 / 86.4142 | 81.38 / 92.31

Table 4.4 Object classification. Total time includes embedding computation and SVM
training/evaluation. Results averaged over 20 runs with different random embed-
dings.

motivates the use of bounded non-linear transformations.

The first construction used the sign function to obtain binary ran-
dom features. This gives compact embeddings and leads to an em-
pirical kernel ¥* that uniformly approximates a deterministic Grass-
mannian kernel «*. Although this kernel does not admit a simple
closed form in general, we showed that it is well defined, positive semi-
definite, invariant under changes of basis, and determined by the prin-
cipal angles between the subspaces. The case k = 1 also connects this
construction to the sign product ideas introduced in Chap. 3, now in a
symmetric Grassmannian setting.

We then introduced an aggregated binary construction. This change
keeps the binary nature of the embedding while producing an expected
kernel x* that becomes close to an explicit kernel «Z, as the aggregation
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parameter Ny increases. This gives a more interpretable binary kernel,
with a closed formula depending on the average squared cosine of the
principal angles.

Finally, we studied periodic random features, obtained by applying
a complex exponential to the rank-one projections. In that case, the ex-
pected kernel admits the closed form x°, and the parameter w controls
how strongly the kernel reacts to changes in the principal angles.

We illustrated all these results with both synthetic and real datasets,
confirming the expected results. Although successful, those computa-
tion times can still be improved, motivating the next chapter, where we
keep the same rank-one projection principle but replace the Gaussian
measurements by faster mechanisms.
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5.1 Introduction

The previous chapters introduced two uses of quadratic random em-
beddings. In Chapter 3, the debiased embedding ¢ ~ was used to per-
form signal estimation directly in the embedding domain, without re-
constructing the original signal. In Chapter 4, rank-one projections of
subspace projectors were used to build random features for Grassman-
nian kernel approximation.

This chapter studies how these embeddings can be implemented
more efficiently. We consider two complementary approaches based
on structured random transformations and optical processing units.

5.1.1 Motivation

In both cases, the mathematical construction relies on applying a cer-
tain number of random measurements m. This number is in both cases
proportional, up to log factors, to the intrinsic dimension of the ob-
jects considered. These embeddings are statistically useful, but are also
costly as described in Tab. 4.1.

We can indeed see that all the versions of the embeddings consid-
ered have, both for their memory and computational complexity, a de-
pendence on at least n?, with n the ambient dimension of the vectors
considered to build the subspaces. It is therefore desirable to find ways
of alleviating these costs, by finding ways to make the creation of those
random features lighter both in terms of memory and computational
footprint. To this end, we will consider two different approaches.
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The first is based on structured embeddings and will allow us to
generate close approximations to Gaussian vectors generated by mix-
ing a deterministic Hadamard transform with a random diagonal ma-
trix. This reduces both the computational load, since Hadamard trans-
forms can be performed very efficiently, and the memory footprint,
since only the diagonal of random matrices needs to be stored. This
will substantially accelerate the embedding procedure while retaining
good performance metrics as will be demonstrated experimentally.

The second approach will rely on an optical processing unit (OPU)
which is capable of performing symmetric ROPs (°) physically by
encoding the vectors to project on a light beam, sending it through a
scattering layer and recording the intensity of the output. This makes
the computational cost constant regardless of the dimension of the in-
put vector, provided it does not exceed a certain physical limit, since
the scattering of light will always happen at the same speed. It also
reduces the memory footprint to nothing for the transform since it is
stored physically in the scattering layer. It also gives access to a large
number of random features instantly.

In both cases, we will explain the theory behind them and develop
the necessary tools where appropriate. As we will see, the OPU re-
quires particular attention because its physical constraints require us to
quantise and encode the input data before the desired transformations
can be computed.

5.1.2 Related work

This chapter continues two existing lines of work. The structured con-
structions adapt ideas developed for fast random projections and ran-
dom features, where Gaussian matrices are replaced by compositions
of Hadamard or Fourier transforms and random diagonal matrices [4,
5,96, 163, 65, 23, 43, 147]. Here, these ideas are adapted to the rank-one
projections of low-rank matrices used in the previous chapters.

The optical part continues earlier work on quadratic random projec-
tions performed by scattering light [133, 28, 56, 132, 152]. Our contribu-
tion is to adapt this mechanism to the subspace embeddings considered
here by introducing the quantisation, binary encoding and decoding
procedures required by the physical constraints of the OPU.

5.1.3 Related publications

This chapter is related to the following publications, with contributions
from Vincent Schellekens, Laurent Daudet, Laurent Jacques, and the
author of the present document.
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m R. Delogne, V. Schellekens, L. Daudet, and L. Jacques. “Signal
processing with optical quadratic random sketches”. In: ICASSP
2023 - 2023 IEEE International Conference on Acoustics, Speech and
Signal Processing (ICASSP). 2023, pp. 1-5, [56]

m R. Delogne and L. Jacques. “Random features for Grassmannian
kernel approximation with bounded rank-one projections”. In:
Under review for Transactions on Machine Learning Research (TMLR)
(2026). URL: openreview.net/forum?id=wq18dZJ2pA, [52]

5.2 Structured transforms for fast embeddings

A specific line of work has shown that random projections of vec-
tors performed by dense random matrices can be replaced by com-
positions of fast orthogonal transforms and random diagonal sign ma-
trices, creating vectors that behave similarly to ii.d. Gaussian vec-
tors at a lower computational cost. Examples include the Fast John-
son—Lindenstrauss Transform [4], the Fastfood construction for random
features [96], the BCH—code based JL embeddings [5], Orthogonal Ran-
dom Features [163], signed circulant matrix random mapping [65], or
Hadamard blocks for compressive covariance sketching [147]. While
differing in detail, these methods share the common leitmotif of using
a small number of random diagonal matrices mixed with fast trans-
forms (Hadamard or Fourier), sometimes organised in blocks to gener-
ate large numbers of structured random vectors. In particular, the use
of a small number of successive Hadamard—diagonal compositions has
been studied explicitly in the context of structured random projections,
with theoretical and empirical evidence that as few as three such blocks
already yield distributions close to Gaussian [23, 43].

We decide to adapt this philosophy to rank-one projections of low-
rank matrices (obtained from low-rank subspace projectors) by adopt-
ing the method proposed in [43, 163, 147]. Mathematically, given a
subspace basis U € V(k,n) (with projector P = UU ") made of k or-
thonormal vectors U = (uy,...,u;), defining T = [m/n], we pick
the m probing vectors {a]-};-“:1 and {b]-};-”:1 involved in ¥™P(U) as
the m first columns of two n x Tn matrices G := [Gy,..., G| and
G = (G}, ..., G, respectively. Each n x n matrix G, G;, 1 <t < T,
isii.d. as the random matrix G whose distribution is defined by the fol-
lowing S-factor generative model:

G=+n ]—[}-9:1 (diag(ej)H), withey,... &5 ~iiq & (5.1)
with the normalised Walsh-Hadamard matrix H € {£1/y/n}"" N
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O(n), and & an n-length Rademacher random vector with entries
iid. as U(+1). The normalisation /7 in Eq. 5.1 ensures that the
columns of G have squared norm 1, which is also the expected squared
norm of a Gaussian random vector in R".

For small values of S (typically S = 3), picking m columns of G
(or G') is known to generate an 71 X m matrix W' with similar proper-
ties to an n x m Gaussian random matrix, e.g., W satisfies the Johnson-
Lindenstrauss lemma w.h.p. [5].

Thanks to this specific design of the ROP probing vectors, to project
the subspace U, we first compute, for 1 <i <k,

(a] w1y = S(G'u), (bjTui)}”:l = S(G Tuy). (5.2)

with § € {0,1}"*T" the selection matrix extracting the first m compo-
nents of any vector in R7". From the structure of G and G’ and the use

of the fast Walsh-Hadamard transform!, computing ETui and G Tu;
forall 1 < i < kin Eq. 5.2 requires O(SkTnlogn) = O(Skmlogn)
operations, and storing O(SkTn) = O(Skm) Rademacher components
(from Eq. 5.1) as well as the storage of the O(km) intermediate values
computed in Eq. 5.2. The final multiplication by S has negligible com-
plexity.

Next, we form the fast, structured ROP operator

= (a]TuuTbj);ﬂ_l,

k m
P (U) = <2 a]-Tuiul-Tb])ji
i=1 =

which needs an extra O(km) operations.

The whole computation of ¢ (U ) requires a total storage of O (Skm)
values, and a total computational complexity of O(Skmlogn) opera-
tions. In practice, we find that using more than S = 3 provides no
significant gain. This empirical observation is consistent with the find-
ings in [163, Equation 5] or [147, Section 3.1], where triple Hadamard
blocks are shown to be sufficient for embedding covariance matrices.

Therefore, considering that S = O(1), and assuming that the results
of Props. 4.4 and 4.12 still hold when ¢* and ¢° rely on 1 ™P, if we take
m = O(6%kn) random features (up to log factors) to ensure that the
approximation error of the target kernels is uniformly bounded by 6 >
0, we can state that the computation of both types of random features,
binary or periodic, requires a total storage of O (5 2k?n) values, and a
total computational complexity of O(6~2k?nlogn) operations.

IWe used the implementation developed for [7] and available at https://github
.com/FALCONN-LIB/FFHT.
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Random feature | # of features m Error bound | Target kernel
Dense ¥ O(67%k%n) Prop. 4.1 Proj. kernel «P
Binary ¢* O(6%kn) Prop. 4.4 New kernel «*
Periodic 3° O(6%kn) Prop. 4.12 New kernel «°
Structured (D pst) | O(62%kn) assumed | assumed Various «*, «°

Table 5.1 Number of random features required for k-dimensional subspaces of IR"
to obtain a uniform approximation error 6 > 0 between the empirical kernel and the
corresponding target kernel.

Random feature | Memory Computation
Dense ¥ O0(67%kn3) | O(672k°n3)
Binary ¢* O(672(kn?)) | O(6-%k*n?)
Periodic 3° O(672(kn?)) | O(5-%k*n?)
Structured (D ) | O(672k*n) | O(6 2k*nlogn)

Table 5.2 Memory and computational complexities per instance for k-dimensional
subspaces of R after choosing the number of features needed to obtain a uniform
approximation error 6 > 0.

We summarise the computational and memory costs of the vari-
ous random feature maps introduced so far in Tab. 5.1 and Tab. 5.2.
Practical applications and statistical analysis of this particular type of
embedding can be found in Sec. 5.5.

5.3 Optical processing units for random embeddings

The second route we consider in this chapter relies on optical computing.
While the structured embeddings of Section 5.2 reduce the computa-
tional cost of generating and applying random embeddings, Optical
Processing Units offer a different approach by completely stripping off
the computational aspect of the embedding. Instead of explicitly stor-
ing or applying a random matrix, the embedding is implemented phys-
ically through the propagation of light in a scattering medium. In this
section, we explain how this optical mechanism can be interpreted as a
quadratic random embedding, how it relates to the embeddings used
in chapters 3 and 4, and how we can apply this process to data after a
special encoding procedure to satisfy the OPU requirements.
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5.3.1 Optical random projections

Using the OPU in order to apply an embedding will offer two main
advantages. First of all, the vectors required to apply the embeddings
no longer need to be stored since they are physically contained inside
the OPU and remain stable over time as the OPU is used and reused
(up to some noise). Furthermore, as we will see shortly, since the OPU
process uses light to encode and process data, the processing step is
done at the speed of light, and independently of the ambient dimension
of the object to embed [132, 56, 28, 152].

A similar advantage exists with respect to the number m of random
projections returned for each input. Unlike a digital implementation,
where computing more projections requires more operations, the OPU
generates a large number of output coordinates in parallel and can re-
turn up to millions of random projections for a single input [28]. Hence,
within the hardware limits of the device, increasing m does not require
an increase in processing time, and reducing m does not directly allow
different inputs to be processed at a higher rate. In our setting, the
rate at which distinct inputs can be processed is instead more directly
affected by the number of separate OPU calls required to encode one
input as we will describe later.

Practically, an OPU processes a binary input vector x € {0,1}",
with n < O(10°) by using it to program a digital micro-mirror device
(DMD). In this DMD, only correctly oriented “on” (1) mirrors (as op-
posed to mis-aligned “off” (0) mirrors) can reflect part of an incident
laser beam to a stable scattering medium. After scattering, the inten-
sity of a complex pattern, or speckle, arising from constructive and de-
structive interferences of the scattered light, is recorded by a camera.
Since the camera records only intensities, the resulting digital output is
quadratic in the input. In an idealised model, this produces measure-

ments of the form
m

Popu(¥) = (Irjxl*);L,,
where r; = rig +ir;; € C", with rig, i1 ~iia. N(O, % I,) indepen-
dent. Equivalently, we write #; ~j;q. CN(0,1I,) with this convention.
Thus the OPU naturally implements a complex equivalent process of
the symmetric quadratic embedding *. This process is illustrated in
Fig. 5.1.

This physical implementation has two important consequences.
First of all, in terms of efficiency, the random vectors for the embedding
no longer need to be generated, stored, or applied digitally. They are
fixed by the scattering medium and accessed through the optical propa-
gation itself, at the speed of light. This is precisely why OPUs are attrac-
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Laser 11T e
DMD Scattering Camera
z € [0,1]" Yopu(x)

Fig. 5.1 Encoding, scattering and recording process of a binary vector x in the OPU.

tive for random projection methods. The second consequence is more
of a constraint. The OPU does not accept arbitrary real-valued vectors
as inputs but only binary ones. Since the input is encoded through the
DMD as we just described, OPU inputs have to be vectors in {0,1}".
This binary input constraint is not a small implementation detail since
all objects appearing in the previous chapters are real-valued. There-
fore, the OPU cannot be applied directly to the objects appearing in
earlier sections of this work. To this end we will develop, later in this
section, a method to efficiently decompose quantised vectors into binary
vectors such that those binary vectors may be sent through the OPU
and their outputs recombined in a form equivalent to what would have
been the output if the OPU had been capable of processing quantised
vectors. The number of vectors to be sent to the OPU will depend di-
rectly on the number of quantisation levels L.

In this section we will thus first explain how the natural OPU trans-
formation can be processed such that it replicates ¢ ~ and ¢ ™P studied
previously. We will then describe how a vector quantised to L levels
can be decomposed into binary vectors, with those binary vectors sent
through the OPU, and their outputs recombined such that the final re-
sult is the exact embedding of the quantised vector.

5.3.2 Quadratic embeddings with an OPU

As we just mentioned, we model the OPU as follows. Given a binary
input vector x € {0,1}", the device returns an m-dimensional vector
2\m
1/Jopu(x) = (|r;kx‘ )1‘:1'
where r; € C" are independent complex Gaussian vectors and where
r; denotes the transpose complex conjugate of r;. Equivalently, each
coordinate can be written as

T T

\r,’fx]z =x'rrix=(xx ,r7)p.

Thus the OPU performs complex quadratic measurements of the lifted
matrix xx . This is the same lifted viewpoint developed originally in
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Chap. 3, meaning that the embedding is non-linear in x, but linear in
the rank-one matrix xx .
Let us now see how this can be used to mimic i ~. In Chap. 3, the

basic symmetric embedding was

ps(x) = ((a/ 02,

with (a;)", random i.i.d. vectors in R” and a; ~j;4 N (0,I,). The
debiased embedding was defined as

P~ (x) = ((a/ )2 = (0] x)))",

with a;, b; random i.i.d. vectors in R” with a;, b; ~;;4. N(0,1,).

Since the OPU gives the complex equivalent of ¢°, by taking twice
as many measurements (2m), splitting the output vector in two and
differencing the two half vectors, we can obtain

_ m
lpopu(x) = (’r?,lx|2 - \r;2x|2)i:1,

where we set 7,1 1= r; and rip := 1y fori = 1,...,m, with (r,)?",
i.i.d. complex Gaussian vectors in C", with r, ~;;4. CN(0,1,). Up to
the use of complex Gaussian vectors, it is the same debiasing mecha-
nism used for ¢ ~ in Chapter 3.

Writing 7,0 = g, , + ih; g, with g, ,, By ~i1a. N (0, 11,), we can set

a; = \/Egi,ll b; = \/Egi,Z' ci = V2h, di = V2hs.

Then a;, bl', C;, dl‘ ~iid. N(O, In> and
Yopu(®)i = 3 ((a %)% = (b %)?) + 3 ((¢/ x)? — (d] x)?).

Thus each coordinate of ¢, (x) is in fact the average of two indepen-
dent ¢ ~(x) coordinates. It therefore does not exactly have the same
distribution as  ~ (x), but it is an averaged version of it, with the same
expectation and a smaller variance, similar to the idea of the aggregated
embedding from Sec. 4.4.

Next, if we look at how the OPU relates to ™P from chapter 4,
the goal is now to reproduce the asymmetric measurements used for
subspace embeddings?. Recall that given U € V (k, 1), we write

k
P=UuU' = Y u]-u]T.

2This possibility was already hinted at in Rem. 3.2 where we explained that ¢ ~ was
equivalent to ¢™P up to a rescaling
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The i-th coordinate of y™P(U) is therefore
ll]rop(u)i = ul‘TPbi - 2?:1 aiTu]-uijl-,

with a;,b; random i.i.d. vectors in R" with a;, b; ~i;4. N(0,1,).

The previous discussion shows that a differenced OPU measure-
ment applied to a real vector x gives, up to a factor 1/2, the average
of two independent asymmetric rank-one projections of xx . Applying
this to each column #; and summing over j gives

k _
%Z]':l lrbopu(uj)i = %ajTPbi + %chPdi/

where a;,b;, ¢;, d; ~;;4. N(0,1,). Thus the OPU construction does not
recover one specific coordinate of 1y ™P (U), but the average of two inde-
pendent coordinates with the same distribution. This remains a valid
random feature construction since, after a fixed rescaling, its expected
scalar product is the same as for a single rank-one projection, while the
averaging reduces its variance. After applying the sign function, it also
matches the aggregated embedding of Sec. 4.4 with Ny = 2, up to the
fixed scaling factor.

The resulting quantities can then be composed with the same
bounded non-linear functions as in Chapter 4, for instance the sign
function or the complex exponential. This gives an OPU-compatible
way to construct the Grassmannian random features introduced earlier.
The remaining obstruction is not the form of the embedding anymore,
but the binary input constraint: the vectors x, u, and u; are generally
real-valued and therefore cannot be sent directly to the OPU. The next
subsection addresses this issue through quantisation and binary encod-
ing.

5.3.3 Encoding quantised vectors for the OPU

In this section we focus on the mechanism that allows us to evaluate
quadratic embeddings of quantised vectors using the OPU. Since the
OPU accepts only binary inputs x € {0,1}", in order to increase pre-
cision beyond the 1-bit regime, we will consider a uniform quantiser
with L levels applied to a real vector x € IR" and a procedure to split
this into binary vectors. The procedure is exact in the ideal noiseless
OPU model, provided that all calls use the same fixed optical transfor-
mation. Long-term measurements of speckle patterns indicate that this
transformation can remain stable over extended periods, as reported
for instance in the supplementary material of [152]. In practice, how-
ever, the measurements are affected by experimental noise and hard-
ware constraints, which must be accounted for when implementing
and evaluating the procedure.
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In what follows we call a vector OPU-compatible if it belongs to
{0,1}", since it can be directly fed into the OPU to produce quadratic
measurements. We first recall Def. 2.5.1 of the uniform quantiser.

Definition 5.3.1 (Uniform quantisation). Let 6 > 0 denote the quantisa-
tion step and let L € IN be an even number of levels. We define the uniform
quantiser as

q(t) = 6([t/6] +1/2),
followed by clipping to the interval

[—(L/2—-1/2)6,(L/2—1/2)d).

Applied componentwise, this creates a quantised vector g = q(x) €
R" whose entries take L values equally spaced around zero. The possi-
ble values are gathered into the alphabet

(=6(L—1)/2,...,—6/2,6/2,...,6(L—1)/2}. (5.3)

Since the OPU only accepts binary vectors, the goal is to evaluate
quadratic measurements of the form |r*g|? using only OPU-compatible
inputs, while keeping the same hidden vector r across all calls involved
in the reconstruction.
We now explain how g can be decomposed into signed bitplanes.
Let
B = [log, L]

denote the number of bitplanes. Since the quantiser is uniform with
step 4 and has an even number L of levels, each rescaled magnitude
2|q¢|/6 belongs to {1,3,...,L — 1}. This rescaling removes the quanti-
sation step and turns each magnitude into an odd integer. We encode
this integer in binary and attach the sign of g, to each active bit. This
gives the decomposition

q= Z?:l Giq;,
where q; € {—1,0,1}" and
G; = 6212,

The bitplanes are technically not arbitrary ternary vectors since for each
coordinate, all non-zero bitplane entries have the sign of the corre-
sponding entry of q. Two bitplanes can therefore never contain op-
posite signs at the same coordinate. Consequently, for all i, j,

q;,—q; € {-1,0,1}".
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The following proposition shows that this structure is enough to recon-
struct the OPU embedding of g exactly from binary measurements.

Proposition 5.1 (Binary encoding of quantised OPU measure-
ments). A vector q € R" whose entries are quantised using Def. 5.3.1
with L = 28 levels can be written as a weighted sum of O(log L) vectors
in {—1,0,1}". Moreover, the embedding popu(q) can be reconstructed
from quadratic measurements of binary vectors using

Nopu(L) =3B + 3(3) _ 3B(l§+1),

where B = [log, L|. In particular, the number of required OPU calls
scales as O((log, L)?).

Proof. Let B = [log, L]. As described above, the quantised vector can
be written as

q="Y1,Gq; (5.4)
where q; € {—1,0,1}" are signed bitplanes and G; = §2' 2. Expanding
the outer product gives

B
99" = } Glaal + }, GGi(aa +a4/). (5
i=1 1<i<j<B
Symmetric terms Cross-terms

It is therefore enough to show how each symmetric term q,4;" and each
cross-term qiq]T + q]-ql-T can be reconstructed from OPU-compatible in-
puts.

Symmetric terms. Since the signed bitplanes are ternary vectors
(taking values in {—1,0,1}), we first describe how to evaluate them by
splitting them into binary vectors. Let s € {—1,0,1}". We write

s=st—s7, st =1{s =1}, sT=1{s= -1},
where 1 is applied componentwise, and define
rs=s"+s".

The vectors s*, s~ and r; are binary, hence OPU-compatible. Since s™
and s~ have disjoint supports, expanding the outer products gives

ss' =ststT 457 T —gtsg T —gstT

and
rory =ststT 467571 +sTs7 T +57sTT,
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Combining these two identities yields
ss| =2ststT 4257571 —rer/. (5.6)

Thus the quadratic measurements of a ternary vector s can be recon-
structed from three OPU calls applied to s™, s~ and ..
Applying this identity to every q;, we obtain the diagonal terms

1/J0pu(‘7i) = 21P0pu(‘li+) + ZlPOpu(qi_) - l/’Opu(”i)r (5.7)

where

g =1{q, =1}, q  =Ug=—-1}, ri=q +aq;.

This reconstructs the OPU measurements associated with the g,g; term
in Eq. 5.5 using three binary inputs.

Cross-terms. It remains to handle the cross-terms. For1 <i < j <
B, define

dij:=q; — q;.

By the decomposition of g in ternary bitplanes in Eq. 5.4 we know that
the same entry of all vectors g; will have the same sign as the corre-
sponding entry in g, hence we know that d;; € {—1,0,1}". Therefore
we can apply the same ternary decomposition as Eq. 5.7 by defining

le]r = ]l{dij = 1}, dl; = ﬂ{dij = —1}, rij = d; + di;/

to obtain
Yopu(g; — ’7]‘) = YPopu(dij) = 21/70pu(d;) + ZIPopu(di;) — Popul(if)-
Notice that in general,
74, +a.49) =a4; +a9] — (4, —aq,)(q;,—q,)"

Therefore we can have access to the transformation of the cross-terms
with
Cij -= ll’OPu(qi) + lPOPu(qj) - l/’Opu(dij)- (5.8)
Recombining. Combining the diagonal and cross-term contribu-
tions gives

Yopu(q) = i1 G?thopu(q;) + Ya<i<j<B GiGjcij. (5.9)

The full decomposition procedure is described in Algo. 1 and the cor-
responding recombination procedure is given in Algo. 2.
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These procedures are exact and under the assumption that {opy re-
mains perfectly constant from one use to another, the recombined vec-
tor given in Eq. 5.9 gives exactly what ¢,p, () would give if the OPU
tolerated non-binarised vectors.

Finally, each of the B diagonal terms requires three OPU calls, and
each of the (2) cross-terms requires three additional OPU calls through
the ternary difference ¢; — gq;. Therefore

Noru(L) =3B +3(3) = 33(13“)'

This proves the claim. O

Algorithm 1: OPU Encoder
Input: g € R" quantised with L levels, step ¢
Output: Ordered set S of binary vectors in {0,1}"
B < [log, L1;
S+ Q;
fori =1to B do

Compute bitplane g, € {—1,0,1}";

q; « g, =1}

q; < g, = -1}

ri g 4

| S« Suiq gk

for1 <i<j<Bdo

dij < q; — 4q;;

d;]r — l{dij = 1};

dl; < ]1{011] = —1};

¥ij — dj]— + d;,

i S+ SuU {d;},di;,ri]'}}

return S;
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Algorithm 2: OPU Decoder

Input: Ordered OPU outputs opu(b) = (|7 b[?)}", for all
b € S, weights (G;)E ,

Output: Yopu(q) = (”'?‘1’2)?1:1

fori =1to Bdo

L Popu(q;) < 21/’Opu(‘1i+) + 2¢opu(q; ) — Yopu(ri);

for1 <i<j<Bdo

L 1Popu(dij) — leopu(dj]'_) + leopu(di;) - wopu(rij);

Cij <= Yopu(q;) + lpopu(qj) — Yopu(dij);
fori =1to Bdo
L lpopu(Q) A l/)opu(l]) + Gizlpopu(qi))
for1 <i<j<Bdo
| Yopu(4) ¢ Yopu(q) + GiGyeyj
return Yopu(q);

Remark 5.1 (Subspace-valued data and OPU). The symmetric quantisa-
tion and signed bit-plane decomposition introduced above are chosen to be use-
ful for general subspace-valued data, whose basis vectors may contain both
positive and negative entries. This is also the case for the image-based applica-
tion we showed in the experimental section of Chap. 4. Although the original
image intensities are non-negative, the subspaces are represented by orthonor-
mal bases obtained from an SVD, whose entries are not in general positive.
Hence, the vectors actually encoded for the OPU contain both positive and
negative values, making the symmetric quantisation appropriate in this set-
ting.

5.4 Noise in optical embeddings

Since OPUs are physical objects, every time they are called upon, some
noise is going to appear. Since embedding a single quantised vector
requires a number of calls to the OPU that grows with the number of
quantisation levels L we are going to study how the noise levels in-
crease with L. We will first assume that the noise is centred on zero and
study how the OPU encoding procedure described above amplifies its
variance. We will then study the impact of a non-zero mean noise effect
on the final kernel approximation with random features from the OPU.
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5.4.1 Noise variance

For a binary vector x, we will model a noisy debiased OPU measure-
ment as

Yopu(X) = Popu (%) +€(x), (5.10)

where @gpu(x) denotes the ideal noiseless debiased measurement and
€(x) the random noise term induced by the OPU for one particular pro-
cessing of x.

Remark 5.2 (Noise model). The raw output of the OPU is an optical in-
tensity and is therefore non-negative. The centred additive model we describe
in Eq. 5.10 thus describes the effective noise after the debiasing operation in
Wopus Which subtracts pairs of OPU measurements. If the noise affecting the
two raw measurements has the same mean, this common mean is cancelled by
the subtraction. We therefore assume a centred effective noise with variance
o2 for what follows. This is a simplified model, since physical effects such
as input-dependent noise, quantisation and clipping might not satisfy these
assumptions.

Since each output coordinate of ¢, (x) is treated independently in
the same manner, we work with one arbitrary coordinate and omit the
coordinate index throughout this section.

We will also assume that the noise behaves as a random variable
independent of the OPU entry and of the output coordinate considered
and satisfying

Ele(x)] =0, Var(e(x)) = o2

Under those conditions, we can formulate the following proposi-
tion about the variance of the noise when using the OPU for a vector
quantised to L levels.
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Proposition 5.2 (Noise amplification through the OPU decoder).
Let q be a vector quantised with L levels and decomposed as

q= 213:1 Giq;, B = Hogz L].

Under the independent centred noise model above, the decoded measure-
ment satisfies

Yopu (@) = Popu(q) +€(q),
where
Var(e(q)) = 902 (S’Q + 3(Q*—R)), (5.11)
with
S=Yi G, Q=LL,G, R=Yx,G.

Proof. We will proceed by following the decomposition described in the
proof of Prop. 5.1. Recall that for a quantised vector g4 we can decom-
pose it following Eq. 5.7 and Eq. 5.8.

Let us first consider a ternary vector s € {—1,0,1}". By Eq. 5.7, its
quadratic measurement is reconstructed from three OPU calls as

lpgpu(s) = legpu(er) + zwgpu(si) - lpgpu(rs)'
Using the noise model in Eq. 5.10, the noise in this reconstruction is

s :=2e(s™) +2e(s™) —e(rs).
Since the three noise variables are independent and have variance a2,
we obtain
Var(1s) = 402 + 402 + 02 = 902 (5.12)

Let 17; denote the noise in the reconstructed measurement of g;, and
let iyfj denote the noise in the reconstructed measurement of d;; = q; —
q;- Applying the recombination formula in Eq. 5.9, the total decoder
noise is

e(q) = Xy GHi + Licj GiG (i + 1 — 1)

The noise 7; appears in the diagonal term and in every cross-term in-
volving bitplane i. Its total coefficient is therefore

G?+ Y4 GiGj = G Y, G =GS,
with S := Y2 | G,. It follows that
e(q) = L1 GiSni — Licj GiGjr (5.13)
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All the noise variables in Eq. 5.13 are independent and have variance
902 since they are induced by ternary vectors. Hence

Var(e(q)) = 902(S* 1, G2 + L GiG?).

Let
Q:=y?,G? and R:=YP,G}

we have

2
0 — (zz-z c%)
=Y Gl 2% GG,

meaning that
Zz‘<j Gisz2 = %(QZ —R),

and therefore,

Var(e(q)) = 90 (S2°Q + 3(Q* —R)).
O

This proposition shows that the variance of an OPU output directly
depends on the weights G; induced by the quantisation. Without care-
fully selecting those, the risk is to create a noise whose variance grows
without bound as L (and thus the number of calls to the OPU) increases.
Luckily the next corollary shows that if we design the quantisation step
with this in mind we can keep the noise variance bounded even for
arbitrarily large values of L.

Lemma 5.1 (Limit of the decoder noise variance). Let L = 2B and
G; =822 If
s=1,

where a« > 0 is a real constant, then

limp_, Var(e(q)) = =-.

Proof. Using G; = §2/~2 and the geometric-series identity

| 171



5 | Fast computation of random embeddings

we obtain
S=Y1,G; —ZZB 28 =428 1),
Q=Y7,G= ZB14k 5( -1),
R = z}; =& ZB )16k = %(163 1).
Substituting L = 28 and § = /L gives

2
S=50-%), Q=%0-4), R=f(-7).

Therefore,

) . 2 .
limp,oS =15, limp,Q=1%, limp R = 5.

Substituting these limits into Eq. 5.11 gives

4

1 V 4 2.4
limp—oo Var(e(g)) = 90° (48 +2 (fiﬁ - z"ﬁTo)) =5
O

If we take ¢ = 1 and & = 1, we can numerically find the relative
increase in standard deviation compared to when L = 2:

L ‘ increase from L = 2
2 1.00
4 1.75
8 2.09
16 2.24

This result is valid for any value of ¢ and « since they just show the
increase relative to the variance when L = 2.

Corollary 5.1 (Noise variance for subspace embeddings). Let U =
(q1,---,9;) € V(k,n) be the basis of a subspace U € G(k,n), with each
q, quantised with the same . Let €(q,) denote the noise associated with
Popu(q,) with Var(e(q,)) given by Lemma 5.1 for all I. Then

Var(e(U)) = k Var(e(q)).

Proof. The decoded embedding of U is obtained by summing the de-
coded embeddings of its k quantised columns. Therefore the total noise
is

e(U) = i e(qy).
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Assuming that the noises associated with the different columns are in-
dependent, and since every column is quantised using the same step 4,
Lemma 5.1 gives the same variance for every q,. Hence

Var(e(U)) = kVar(e(q)).
O

Since the factor k does not depend on L, the relative increases in
standard deviation given in the previous table remain unchanged.
In practice, for a subspace U € V(k, n), we set

0= %, M:maxi,]’]llij].

This choice divides the range [—M, M] into L intervals of width ¢.
Moreover, since & = 2M/L, the condition of Lemma 5.1 holds with
« = 2M, and the variance of the decoded noise remains bounded as L
increases.

5.4.2 Effect of a non-zero mean

The previous result assumes that the noise in every OPU call has zero
mean. The final decoded noise may, however, have a non-zero mean
because the physical noise can depend on the input, on the output coor-
dinate, or on the part of the OPU output being used. Let &gpu(U) € R™
denote the ideal decoded and debiased embedding of a subspace U,
and let

IPSpu(U) = lpc?pu(u) +Z(U)
denote the observed embedding, where Z(U) € R™ is the additive
noise introduced by the physical OPU and the decoding procedure. We

define
w() =E[Z(U)],

which is the mean noise vector. For two subspaces U and V, their em-
beddings can be used as random feature vectors to approximate a ker-
nel between them. Taking the noise into account gives

Popu (W) Popu (V) =Popu (W) opu (V) + Popu(U) ' Z(V)
+Popu(V) ' Z(U) + Z(U) " Z(V).

Assume that the ideal embeddings are centred and independent of the
noise. Taking the expectation gives

E[$opu(U) " opu (V)] = k(U V) + p(U) 'u(V) + tr (COV(Z(U)/Z(:;)E)
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Fig. 5.2 Top: Empirical distribution of a row of the structured Hadamard-diagonal
embedding for increasing numbers of Hadamard blocks S. Bottom: Q-Q plots com-
paring the row-wise distribution to a standard Gaussian.

where x(U,V) denotes the kernel induced by the random mapping
Popu and where

Cov(Z(U), Z(V)) = E[(Z(U) — u(U))(Z(V) = u(V)) '].

A non-zero mean therefore adds the term p(U) " (V) to the expected
kernel. If the noises associated with U and V are independent, the
cross-covariance term vanishes.

5.5 Experiments

In this section we aim to repeat the experiments on subspace classifica-
tion from Chap. 4. We first analyse the structured embedding and how
to use it in practice. We then turn our attention to the more delicate
OPU case with an analysis of the theoretical results found earlier and
application to the same classification problem.

5.5.1 Analysis of structured embeddings

In this experiment, we investigate how the depth S of the structured
Hadamard-diagonal embedding influences the behaviour of individual
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rows of the resulting random projection matrix. For a fixed dimension
n and a fixed row index j, we consider the random vector u = /n ejT G,
where G is generated according to the model in Eq. 5.1, and e; denotes
the j-th canonical basis vector of R”. For increasing values of the num-
ber of Hadamard blocks S, we examine the empirical distribution of the
entries of u, which corresponds to the distribution of the coefficients of
a single row of the structured embedding matrix.

Figure 5.2 shows both the empirical histograms of the row entries
(top) and the corresponding Q-Q plots against a standard Gaussian
(bottom). For S = 1, the distribution is clearly non-Gaussian. As S
increases, the empirical distributions progressively smooth out and be-
come increasingly symmetric, while the Q-Q plots approach the iden-
tity line. Already at S = 3, the row-wise distribution closely matches a
Gaussian.

These observations empirically support the use of S = 3 Hadamard-
diagonal blocks to generate structured random projections with an ap-
proximately Gaussian distribution. This corroborates earlier findings
on structured matrices [43, 23]. In all subsequent experiments, we will
therefore fix S = 3 unless otherwise stated.

5.5.2 Experiments on subspaces with structured embeddings

We now return to the ETH-80 subspace classification experiments of
Sec. 4.7.4. The goal here is not to introduce a new classification protocol,
but to study whether the embeddings of Chap. 4 can be replaced by the
structured embeddings introduced in the present chapter.

We keep the same dataset, preprocessing, train-test splits and clas-
sifiers as in Sec. 4.7.4. Each image is resized to 32 x 32, so that n = 1024,
and each subspace is of dimension k = 9. We also keep the same two
tasks. The first one is superclass classification, where each object is rep-
resented by a single subspace and the label is the superclass. The sec-
ond one is object classification, where each individual object defines its
own class and several subspaces are generated for each object in the
exact same way as in Sec. 4.7 4.

In Chap. 4, we compared exact Grassmannian kernels with Gaus-
sian rank-one random features and their bounded variants. We now
add the structured embeddings introduced in this chapter. For a basis
U € V(k,n), we consider the real-valued, binary and periodic struc-
tured embeddings

Pe(U),  sign(ys(U)),  expliwys(U)).

with w a real parameter. As before, the embedding size is described
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through the oversampling ratio

P = k-
The ;s embeddings use S = 3 Hadamard-diagonal blocks, in line with
the empirical analysis of Sec. 5.5.1. We report the same two values p =
0.05 and p = 0.20 as in Chapter 4, which makes the comparison with
the Gaussian embeddings direct.

Superclass classification

We first repeat the superclass classification experiment. Since this
setting contains only 56 training subspaces and 24 test subspaces, it is
not the regime where random features are expected to bring the largest
computational advantage. It is nevertheless useful as a first check that
replacing Gaussian vectors by structured ones does not destroy the ap-
proximation behaviour observed in Chap. 4.

Fig. 5.3 shows the classification accuracy obtained with the struc-
tured embeddings as a function of p. The corresponding runtimes and
accuracies at p = 0.05 and p = 0.20 are reported in Tab. 5.3, together
with the exact kernels and Gaussian embeddings from Sec. 4.7.4.

We see that the structured embedding strategy gives very similar
trends compared to the unstructured one showing an increase in ac-
curacy as p grows. Furthermore, in spite of their much lower time re-
quirements (from 10 to 20x faster than the unstructured version), the
structured embeddings still give very good accuracy. At p = 0.20, the
structured binary embedding reaches 96.46% accuracy, while the real-
valued and periodic structured embeddings reach 93.54%.

In this setting, the main conclusion is therefore not that structured
embeddings outperform exact kernels, but that they recover most of the
classification accuracy while greatly reducing the cost of the random
feature computation.

Object classification

We now repeat the object classification experiment, where each of
the 80 objects defines its own class. This setting is more demanding
than superclass classification as it contains 10x more subspaces. It is
therefore better suited to show the computational benefit of replacing
exact kernel computations or Gaussian random features by structured
embeddings.

Fig. 5.4 shows the classification accuracy obtained with structured
embeddings as a function of p. The timing and accuracy values at p =
0.05 and p = 0.20 are reported in Tab. 5.4.

The Gaussian embeddings from Chap. 4 approach the exact pro-
jection kernel as p increases, but this comes with a larger runtime cost
than the non-embedded classification. At p = 0.20, the Gaussian ROP
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Fig. 5.3 ETH-80 superclass classification with structured embeddings using S = 3
Hadamard-diagonal blocks.

Method 4 Total time (s) | Accuracy (%)
Exact kernels

Projection kernel P — 0.2633 100.00

Periodic kernel «° — 0.2381 100.00

Gaussian embeddings from Chapter 4
Gaussian ROP 0.05/0.20 | 1.3211 / 5.3102 | 98.12 / 99.79
Gaussian binary ROP 0.05/0.20 | 1.3211 / 5.3111 | 93.12 / 96.04
Gaussian periodic ROP | 0.05 /0.20 | 1.3240 / 5.3145 | 93.54 / 93.75

Structured embeddings
Structured ROP 0.05/0.20 | 0.1046 / 0.1963 | 94.79 / 93.54
Structured binary ROP | 0.05 / 0.20 | 0.1048 / 0.1972 | 92.29 / 96.46
Structured periodic ROP | 0.05 / 0.20 | 0.1055 / 0.2025 | 94.79 / 93.54

Table 5.3 Superclass classification with exact kernels, Gaussian embeddings and
structured embeddings. Total time includes embedding computation and SVM train-
ing and evaluation. Random embedding results are averaged over 20 trials.

embedding reaches 94.06% accuracy but requires 85 seconds in total
compared to 53 seconds.

The structured embeddings keep essentially the same accuracy as
their Gaussian counterparts, while being much faster to compute. At
p = 0.20, the structured variants are about 20x faster than the cor-
responding Gaussian embeddings. In all three cases, the accuracy re-
mains within less than 2% of the Gaussian version, with the binary and
periodic variants almost unchanged. This confirms that the structured
construction mostly preserves the behaviour of the embeddings from
Chap. 4, while substantially reducing their computational cost.

This experiment is the clearest illustration of the role of structured
embeddings. They do not change the kernels studied in Chap. 4. In-
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stead, they provide faster approximations of the same random feature
constructions. Compared with Gaussian embeddings, the loss in accu-
racy is moderate at p = 0.20, while the runtime reduction is large. Com-
pared with exact kernels, the structured methods avoid direct pairwise
kernel computations and provide explicit features that can be used with
linear learning methods.

100%
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Accuracy

25%1

0% +—— — w
% 1073 1072 107!
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Fig. 5.4 ETH-80 object classification with structured embeddings using S = 3
Hadamard—diagonal blocks.

Method o Total time (s) Accuracy (%)
Exact kernels

Projection kernel «P — 52.8856 98.75

Periodic kernel «° — 58.7874 90.00

Gaussian embeddings from Chapter 4
Gaussian ROP 0.05/0.20 | 24.1868 / 85.2087 | 84.19 / 94.06
Gaussian binary ROP 0.05/0.20 | 24.2049 / 85.2449 | 72.25 /91.75
Gaussian periodic ROP | 0.05 / 0.20 | 24.3763 / 86.4142 | 81.38 / 92.31

Structured embeddings
Structured ROP 0.05/0.20 | 1.8729 /4.0293 | 83.00 / 92.38
Structured binary ROP | 0.05/0.20 | 1.8925/4.0837 | 72.13 /91.25
Structured periodic ROP | 0.05/0.20 | 1.9967 / 5.2383 | 83.00 / 92.38

Table 5.4 Object classification with exact kernels, Gaussian embeddings and struc-
tured embeddings. Total time includes embedding computation and SVM training
and evaluation. Random embedding results are averaged over 20 runs.

5.5.3 Analysis of the OPU

Before applying the encoded optical embeddings to classification, we
examine two effects that cause the physical OPU to differ from the ideal
model. We first study how its output depends on the density of a bi-
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nary input. We then measure the noise remaining after the complete
encoding, decoding and debiasing procedure.

Effect of input density. The ideal Gaussian model does not fully
describe the measurements produced by the physical OPU. The cam-
era records each light intensity using 8 bits, giving 256 possible val-
ues between 0 and 255 and there is noise present in every measure-
ment. Other physical effects may also affect the output, but we do not
consider them here. The physical measurement is therefore better de-
scribed by

1P0pu(x)j = Qg ({I;Opu(x)j + e(x)j), (5.15)

where @opu denotes the ideal natural OPU embedding, €(x); denotes
the noise affecting coordinate j, and Qg is the 8-bit quantiser used by the
OPU camera. Denoting its clipping level by C > 0, its quantisation step
is 2% Values close to zero are therefore difficult to distinguish from the
noise and from the first quantisation levels. Values above the available
camera range are clipped to the largest output value.

Both effects depend on the density of the binary input denoted by
d. Letb € {0,1}" and define

s =|[|b]]*> = [supp(b)|,  d=

The density d is the proportion of non-zero entries in b. Since the entries
of b are binary, its squared norm is exactly equal to its number of non-
zero entries. Under the ideal Gaussian model, |[¢op,(b)]| should be

NI

proportional to s = ||b||?.

We tested this numerically by taking vectors b; € {0,1}!%2* with
varying levels of sparsity and measuring |[¢op, (bi)|| against || b;]|2.
Fig. 5.5 shows that for densities below approximately 20%, the opti-
cal signal is weak and the output seems strongly affected by noise and
for densities above approximately 80%, an increasing number of cam-
era pixels reach their maximal value, which breaks the linear depen-
dence on the norm. The OPU therefore behaves closest to the ideal
model when the binary input density lies between these two values.
This observation will be important for the encoded subspace embed-
dings, since their binary decomposition can produce both very sparse
and very dense inputs.

Noise after decoding. We next measure the noise affecting the final
decoded embeddings. We fix a subspace basis Uy € V(9,1024) and ap-
ply the complete quantisation, encoding, optical measurement, decod-
ing and debiasing procedure with R = 20 repetitions. We repeat the
experiment for quantisation levels L € {2,4,8,16}. The OPU produces
217 random features before debiasing, resulting in a final embedding
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Fig. 5.5 Norm of the debiased OPU embedding as a function of the density s/n of the
binary input. Each input is measured 20 times. The approximately linear behaviour is
mainly observed when the proportion of active entries lies between 20% and 80%.

dimension m = 65536. We collect the resulting embeddings for every
quantisation level L in a large matrix ®; € R%%6%20 and compute the
variance of each row of ®;. This tells us how much an entry of the
output vector (supposed to remain constant in the noiseless case) will
vary over 20 trials. This is shown on the left side of Fig. 5.6. We can see
that the empirical distributions of those variances shift towards higher
values as L grows, and the shift is strongest going from L =2 to L = 4.
It then becomes smaller for subsequent values.

We also average the standard deviations of the output to obtain a
single empirical noise level for each value of L. We compare this quan-
tity with the standard deviation predicted by the noise model derived
from Lem. 5.1, after estimating the base noise variance from the exper-
iment with L = 2. The result is shown on the right side of Fig. 5.6. The
empirical and theoretical curves follow the same trend, with a large in-
crease from L = 2 to L = 4 followed by progressively smaller increases.
However, the theoretical model predicts a larger standard deviation in-
crease. This discrepancy may result from effects that are not captured
by the simplified noise model. For example, Lem. 5.1 assumes that
every binary OPU call has the same independent noise variance. How-
ever, the previous experiment has shown that the assumption of having
a common noise model for every binary vector input is likely inaccu-
rate.

Finally, we examine whether the final debiased embeddings remain
centred around zero. For each repetition, we average the entries of
1/Jgpu(U0), then average the resulting values over the 20 trials. Since
the ideal debiased embedding is centred on zero in expectation, this
quantity provides an estimate of an additional scalar bias introduced
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Fig. 5.6 Noise measured after the complete OPU encoding and decoding procedure
over 20 repetitions of the same subspace.
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Fig. 5.7 Bias measured after the complete OPU encoding and decoding procedure
over 20 repetitions of the same subspace.

by the physical OPU. Figure 5.7 shows that this estimated bias increases
with the number of quantisation levels. The increase is again strongest
between L = 2 and L = 4 and becomes smaller for larger values of L,
following a trend similar to the standard deviation measured in Fig. 5.6.

5.5.4 Experiments on subspaces with the OPU

We now apply the complete OPU procedure to the two ETH-80 clas-
sification tasks considered in Chap. 4 and earlier in this chapter. We
keep the same data, train-test splits, subspace dimensions and classifi-
cation protocol. The only change is the embedding used to represent
each subspace.

Each basis U € V(9,1024) is first quantised using the procedure
introduced in Algo. 1. Its columns are then decomposed into binary
vectors, which are transmitted to the OPU. The optical measurements
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are combined by the decoder to reconstruct the quadratic embedding
of the quantised basis, after which two halves of the OPU output are
subtracted to form the debiased embedding ¥, (U).

We repeat the experiment for L € {2,4,8,16}. The physical OPU
returns 2!7 coordinates before debiasing. Subtracting the two halves
therefore gives a final embedding dimension of m = 65536.

To study the influence of m, we randomly permute the coordinates
of each complete embedding and retain only the first m coordinates.
This truncation is performed after the optical measurements have been
acquired so that the OPU is only used once for the whole dataset.

For each value of L, we consider the three kernel approximations
used in Chap. 4 (raw, sign, and periodic) and apply the same classifica-
tion method as in Sec. 4.7. Again, we show the classification accuracy
as a function of the oversampling ratio p = m/ (nk).

Classification with an ideal numerical OPU. Before considering
the measurements from the physical machine, we repeat the exper-
iment with a noiseless numerical implementation of the ideal OPU
model. The numerical model uses a fixed Gaussian matrix and com-
putes the corresponding quadratic measurements. It therefore pre-
serves the random matrix between different inputs and different values
of L, as does the physical machine, while removing camera quantisa-
tion, measurement noise and clipping. Of course since this procedure
is computed with traditional code, we cannot push the number of ran-
dom features as high as the OPU without incurring massive computa-
tional costs. We therefore keep m < 5000, which will be sufficient to
observe the effects of the number of quantisation levels.

We first tested the complete quantisation, binary encoding, numer-
ical OPU measurement and decoding procedure. The decoded mea-
surements are the same as the direct quadratic measurements of the
quantised subspaces up to numerical precision. This confirms that any
difference between the numerical and physical experiments does not
come from an algebraic error in the encoder or decoder.

The results are shown in Fig. 5.8 for the superclass setting and in
Fig. 5.9 for the object setting. In the superclass setting, the influence of
L is limited. Increasing L only slightly improves the rate at which the
accuracy grows with m.

The influence of quantisation is much clearer in the object classifi-
cation setting. At m = 5000, the raw feature accuracy is about 55% for
L =2,54% for L = 4, 65% for L = 8 and 94% for L = 16, showing an in-
crease of nearly 40% accuracy from L = 2 to L = 16. Similar trends can
be observed in the other two feature types. Finer quantisation therefore
gives a substantial improvement on this task.
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Fig. 5.8 Superclass classification using noiseless numerical OPU measurements. Each
curve corresponds to a number of quantisation levels L.

It must be noted that the limited impact of a larger L for the super-
class setting can be explained in part by the fact that the problem is by
nature easier. We can indeed recall that in Chap. 4 the random feature
constructions all reached close to 100% even with an oversampling ra-
tio of p = 0.2. By contrast, the object classification problem required
more random features and did not reach such a high accuracy score.
This suggests that it is much more subtle as it requires smaller details
of objects to be taken into account which is why a finer quantisation
improves the classification result significantly.

Classification with the physical OPU. We now replace the ideal nu-
merical measurements with the measurements returned by the physi-
cal OPU. The same quantisation, encoding, decoding and classification
procedures are used. The superclass and object classification results are
shown in Figs. 5.10 and 5.11 respectively.

The physical measurements show the complete opposite trend com-
pared to the numerical experiment. For superclass classification, L = 2
and L = 4 both reach perfect accuracy with m large enough for all three
kernel approximations. However, the performance then decreases in all
three kernels for L = 8 and decreases further for L = 16. At the largest
embedding dimension, the raw features reach about 88% accuracy for
L = 8 and 67% for L = 16. The periodic features reach 88% and 75%,
while the binary features reach 58% and 50% for the same values of L.
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Fig. 5.9 Object classification using noiseless numerical OPU measurements. Each
curve corresponds to a number of quantisation levels L.

This trend is even stronger for the object classification problem. The
best results are obtained with L = 2 and performance then decreases
for all higher values of L. Furthermore, the maximum accuracy reached
using the physical OPU does not exceed 65% across all methods and
quantisation levels for this object classification problem, by contrast
with the numerical OPU which reaches over 85% accuracy in some
cases.

The object classification curves also show that increasing m does not
seem to increase accuracy beyond a certain point. The accuracy initially
grows as more features are considered, but then reaches a plateau. The
degradation in accuracy associated with a larger L therefore cannot be
explained only by an embedding dimension too low.

This conclusion is unchanged by removing the bias considered in
Sec. 5.5.3. For each embedded subspace, we subtract the average of the
coordinates of its debiased embedding. This removes an estimated bias
induced by the physical OPU. This shows that the observed degrada-
tion cannot be removed by subtracting a single bias from every entry of
the random feature vectors.

Density of the encoded binary inputs. In order to investigate why
the performances of the real OPU do not match their expected be-
haviour, we will verify whether the conditions for optimal OPU per-
formance laid out in Sec. 5.5.3 are satisfied. Our analysis showed that
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Fig. 5.10 Superclass classification using the physical OPU. Each curve corresponds to

anumber of quantisation levels L. The OPU produces 27 coordinates before debiasing
and 65536 coordinates after debiasing.

the physical OPU behaves closest to its ideal model when the density 4
of a binary input lies approximately between 0.2 and 0.8. We now ex-
amine whether the binary vectors produced by the encoder satisfy this
condition.

For every training and test subspace from the object classification
problem, we quantise its basis and collect all binary vectors generated
by the encoder from Algo. 1. We then compute their density and re-
peat this procedure for every value of L. The resulting empirical dis-
tributions are shown in Fig. 5.12. The two vertical lines indicate the
approximate optimal operating range of 0.2 to 0.8 identified in Fig. 5.5.

A large proportion of the encoded vectors lies outside the interval
between 0.2 and 0.8. In the object classification setting, this proportion
is approximately 41% for L = 2, 61% for L = 4, 70% for L = 8 and 74%
for L = 16.

This already paints a bleak picture. However if we take the weights
added in the decoder from Algo. 2 into account, we realise that some
values with larger weights have greater influence than others with
small weights. Some measurements are indeed multiplied by larger
coefficients than others during decoding. We therefore repeat the calcu-
lation by weighting every binary OPU measurement with the weights
G;. Under this weighting, the proportion associated with inputs out-
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Fig. 5.11 Object classification using the physical OPU. Each curve corresponds to a
number of quantisation levels L. The OPU produces 217 coordinates before debiasing
and 65536 coordinates after debiasing.

side the operating range reaches approximately 79% for L = 4, 95% for
L =8, and 99% for L = 16.

Note that if we consider the subspaces in the superclass dataset, the
results are very similar. We choose not to report them here since they
do not add much information.

Interpretation of the results. The numerical and physical experi-
ments showed two completely opposite effects: on the one hand, in-
creasing the number of quantisation levels had a positive impact on
results, on the other hand, the other setting showed a decrease in per-
formance when L increases.

This first shows that the encoding and decoding procedures of Al-
gos. 1 and 2 work as intended on a perfect numerical model but seem
unfit for the real OPU. We can indeed see that the binarised vectors
created by the encoding procedure lie increasingly outside the efficient
operating range of the OPU (Fig. 5.6). Furthermore, the increased num-
ber of OPU calls as L grows also increases the physical noise calculated
in theory in Sec. 5.4 and empirically in Sec. 5.5.3.

These observations may explain the classification trends in both set-
tings. Increasing L reduces quantisation error, but also increases the de-
coded noise and the contribution of binary inputs outside the preferred
density range. The first effect can initially compensate for the second,
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Fig. 5.12 Density analysis of the binary vectors generated by the encoder in the
object-classification setting. The superclass setting shows the same qualitative be-
haviour and is omitted for brevity.

while for larger L the gain from finer quantisation becomes smaller but
the decrease of performance because of physical constraints dominates.

This explanation may be sufficient to justify the results, however it
does not allow us to draw further conclusions as to whether one effect
is more or less influential on the final result. Furthermore, other ef-
fects may be present inside the OPU and have thus not been taken into
account.

5.6 Conclusion

This chapter studied two ways of reducing the cost of the random em-
beddings introduced in the previous chapters. The first replaces inde-
pendent Gaussian vectors with structured Hadamard-diagonal trans-
formations. The second applies the computation of quadratic random
measurements with an optical processing unit.

The structured construction preserves the form of the rank-one em-
beddings from Chap. 4, while reducing their memory and computa-
tional requirements. Using S = 3 Hadamard-diagonal blocks produces
vectors whose empirical distributions are already close to Gaussian, as
illustrated in Fig. 5.2. The ETH-80 experiments confirm that this change
allows us to reach similar levels of accuracy in the same experimental
setting. At oversampling level p = 0.20, the three structured variants
remain within less than 2% of their Gaussian equivalents in the object
classification experiment, while reducing the computation time by ap-
proximately a factor of 20, as shown in Tab. 5.4. The structured embed-
dings therefore provide a practical way to keep the behaviour of the
random features from Chap. 4 at a substantially lower cost.
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The OPU follows a different strategy by implementing a fixed
quadratic random transformation through the propagation of light in
a scattering medium instead of constructing and applying the random
vectors digitally. Its binary input constraint does not allow the direct
processing of real-valued vectors as considered in the previous chap-
ters. We therefore introduced an encoder that decomposes a vector
quantised with L levels into binary vectors, together with a decoder
that reconstructs its quadratic embedding. Proposition 5.1 shows that
this reconstruction is exact in the ideal noiseless model and requires
O((log, L)?) OPU calls.

The repeated optical calls also introduce physical noise. Proposi-
tion 5.2 describes how this noise is amplified by the decoder, while
Lemma 5.1 shows that its variance remains bounded when the quanti-
sation step decreases proportionally to 1/L. The experiments in Fig. 5.6
empirically showed that this behaviour was slightly less noisy than pre-
dicted by theory but followed the same trend with the largest increase
in noise occurring between L = 2 and L = 4, followed by progressively
smaller increases.

The numerical OPU experiments confirm that the encoding and de-
coding procedure behaves as intended in the ideal model. In particular,
finer quantisation substantially improves the more difficult object clas-
sification task, as shown in Fig. 5.9. The physical OPU produces the
opposite trend. Increasing L lowers the classification accuracy in both
settings, and the object classification performance remains far below
what was obtained with the structured embeddings.

The analysis of the encoded binary inputs provides a possible ex-
planation for this discrepancy. The physical OPU behaves closest to
its ideal model when the binary input density lies approximately be-
tween 0.2 and 0.8, as shown in Fig. 5.5. However, the encoder increas-
ingly produces heavily weighted binary vectors outside this interval as
L grows. Figure 5.12 shows that most of the contribution predicted by
the weighted decoder coefficients is associated with such inputs for the
largest values of L. The gain obtained from finer quantisation is there-
fore opposed by increased noise and by measurements taken outside
the preferred operating range of the device.

The optical experiments, however, demonstrate the mathematical
construction of the encoder and decoder. Quantised quadratic sub-
space embeddings can be reconstructed exactly from binary optical
measurements in the ideal model. The limitation is in the interaction
between the encoder and the physical properties of the available OPU.
In its current form, the method is therefore a demonstration of feasibil-
ity rather than a competitive implementation of the considered classi-
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fication tasks. A more effective optical construction would require an
encoder designed jointly with the physical device, so that the binary
inputs remain within a suitable density range while limiting both the
decoder coefficients and the number of optical calls.
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We first thank the honourable reader for making it this far, assuming of
course that the reader did not jump directly to the conclusion.

Having presented the main results obtained over the past few years,
we now step back and consider the manuscript as a whole. This final
chapter summarises its principal contributions, discusses their limita-
tions, and outlines several directions for future work.

6.1 Summary and future work

Chap. 2 began with the two main difficulties associated with large
datasets. Individual objects may have a high dimension 7, while the
dataset itself may contain a large number N of objects. Both quantities
can make storage and computation difficult. Kernel methods are par-
ticularly attractive because they allow complex comparisons through
an implicit feature representation, but they also illustrate the difficulty
created by a large N, since they rely on pairwise evaluations and the
construction of Gram matrices. Random features provide a way to re-
tain the advantages of kernel methods while replacing the implicit fea-
ture map with an explicit finite-dimensional embedding whose scalar
products approximate the kernel.

The discussion then went from kernel approximations to embed-
dings as changes of representation. After introducing deterministic and
linear random embeddings, we turned to quadratic transformations,
which are at the core of the contributions developed later. We then in-
troduced subspace-valued data, their representation through orthonor-
mal bases and projectors, and their geometry through principal angles
and Grassmannian distances. This made it possible to return to kernels
and random features in the specific setting of the Grassmannian.
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Finally, quantisation and binarisation were presented as further
ways of reducing the cost of storing and processing embedded data.
Concentration inequalities and covering arguments then provided the
tools needed to move from identities in expectation to fixed-point and
uniform approximation guarantees. Together, these ideas establish the
progression followed in the later chapters, from quadratic estimation
in the embedding domain to Grassmannian random features and their
efficient implementation.

Signal processing in the quadratic embedding domain

Summary of contributions

Chap. 3 considered whether useful signal-processing operations can be
performed directly from random quadratic embeddings, without re-
constructing the original signal. The chapter focused on the debiased
embedding ¢ ~, obtained by taking differences of two independent ran-
dom quadratic measurements. This debiasing step removes the non-
zero mean of the original symmetric quadratic embedding and makes
it possible to compare an embedded signal with the signed embedding
of a fixed united vector.

The main contribution is the sign product embedding property es-
tablished in Prop. 3.2. For a fixed unit vector u, the quantity

2 (Sign(p~ (w)), ¢~ (x))
approximates (u,x)? uniformly over all k-sparse signals x, provided
that
m > Co2klog (%)

The required embedding dimension therefore depends linearly on the
intrinsic dimension k, up to logarithmic factors, rather than directly on
the ambient dimension #.

The result was then extended from a single reference vector to a
finite family of vectors. Cor. 3.2 shows that the same embedded sig-
nal can be compared simultaneously with a predetermined collection
of unit vectors, with only a logarithmic dependence on the number of
those vectors. This also gives a random-feature interpretation of the es-
timator. The signal x is represented by ¢ ~(x), while u is represented
by sign(y ~(u)), and their scalar product approximates the quadratic
kernel

kS(x,u) = (x,u)>.
This differs from a classical symmetric random-feature construction,
but it is sufficient when incoming signals are compared with a fixed
collection of unit vectors.
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Experimentally, we showed that the empirical distortion decreases
with the embedding dimension as predicted by the theoretical analy-
sis. The MNIST experiments showed that centroid classification can be
performed in the embedding domain. The synthetic image-sequence
experiment in Sec. 3.5.3 further demonstrated that localised informa-
tion can be tracked from quadratic embeddings alone by comparing
each embedded frame with a small collection of embedded vectors for
each region of the image considered.

Perspectives

Several questions remain open. The first concerns the range of signal-
processing procedures that can be performed in the embedding do-
main. The experiments considered relatively simple estimators and
classifiers, but a natural continuation would be to develop statisti-
cally backed detection and estimation rules directly from the embed-
ded measurements. Hypothesis tests, likelihood-ratio methods and
maximume-likelihood estimators could provide better control of false-
alarm or missed-detection probabilities.

A second direction concerns the class of quantities that can be es-
timated. The sign product construction is naturally adapted to the
squared scalar product (u, x)?, which follows from the quadratic struc-
ture of the measurements. It remains to determine whether other trans-
formations of the same embedding can approximate different functions
of (u,x), or whether related random embeddings can preserve other
quantities suited to tasks other than those presented.

Finally, the theoretical result is uniform over sparse signals x, but it
is proved for a fixed reference vector u. An interesting extension would
be to obtain a guarantee that is also uniform over a continuous set of
vectors rather than a finite collection.

Random features for Grassmannian kernels

Summary of contributions

Chap. 4 moved from vector-valued signals to data represented by low-
dimensional subspaces. Its goal is to replace exact Grassmannian ker-
nel evaluations with scalar products between explicit random feature
vectors, avoiding the construction and storage of a complete Gram ma-
trix.

The chapter first considers dense linear random projections of the
subspace projectors. These create a direct approximation of the projec-
tion kernel «P, but require storing and applying full random matrices
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in R"*"". We therefore introduced the rank-one embedding
YroP(U) = (a/ UU D).

Its empirical scalar products also approximate P, but the resulting ran-
dom variables are heavy-tailed and thus have poor concentration prop-
erties. This motivated the use of bounded non-linear transformations
of the rank-one embedding.

The first construction applies the sign function and produces the
binary embedding *. The corresponding empirical kernel

R V) = (g (W), 9= (V))

approximates a deterministic kernel x*. We showed that «* is a well-
defined positive semidefinite Grassmannian kernel, invariant to the
choice of bases and to rotations of the subspaces. It therefore depends
only on their principal angles despite having no simple closed form in
general. In the special case k = 1, it reduces to an explicit function of
the single principal angle.

Prop. 4.4 establishes a uniform approximation guarantee over all
pairs of subspaces. More precisely, an embedding dimension satisfying

m > Cé 2nklog (%)

is sufficient to obtain a uniform error bounded by § with high probabil-
ity. The number of features therefore scales with the intrinsic dimension
of G(k, n) up to logarithmic factors.

We then introduced the aggregated binary embedding i*. This ap-
proximation sums Ny independent rank-one measurements before ap-
plying the sign function. Its expected kernel x* approaches the explicit
kernel

%, (U, V) = 2 arcsin (% YK | cos? Gi),

where 0y, ..., 0y are the principal angles between U and V. Prop. 4.9
bounds the difference between x* and %, by C/+/Ng. The construction
therefore gives an interpretable binary kernel, although it requires more
rank-one measurements for every feature.

The final construction applies the complex exponential to the rank-
one embedding and produces the features 1°. Their expected kernel
has the explicit expression

(U, V) =11, (14 w?sin?6;) -

The parameter w controls the geometry of the kernel. For small w, k° is
close to a radial basis function kernel in the projection distance. Larger
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values make it more sensitive to small changes in the principal angles.
Prop. 4.12 gives a uniform approximation guarantee with a number of
features proportional to nk up to logarithmic factors.

The experiments first confirmed the geometry of the proposed ker-
nels and showed that their empirical approximation errors decrease
approximately as p~!/2, where p = m/(nk) represents the oversam-
pling ratio. This shows that the embedding dimension is directly linked
to the intrinsic dimension of the subspaces nk. The comparison with
dense projections also showed that rank-one projections approximate
the same projection kernel with substantially lower memory and com-
putational costs.

The ETH-80 experiments demonstrated that the raw, binary and pe-
riodic features can all be used for subspace classification, with useful
accuracy already obtained for embedding dimensions well below the
size nk of the original basis representation. In the object classification
setting, small embeddings provide faster but less accurate alternatives
to the exact kernels, while larger embeddings approach their accuracy.
The experiments therefore show that Grassmannian kernels can be ap-
proximated effectively with explicit rank-one random features, while
Chap. 5 investigates how these features can be computed more effi-
ciently.

Perspectives

The aggregated binary construction is only partially analysed. Prop. 4.9
controls the difference between its expected kernel x> and the limiting
kernel «,, but no uniform concentration result was developed for the
empirical kernel ¥*. A complete analysis should both control the error
caused by the finite aggregation parameter Ny and the error caused
by the finite embedding dimension m. This would clarify the trade-off
between approximation quality and the total number m Ny, of rank-one
measurements.

A second direction concerns subspaces of different dimensions.
The results in Chap. 4 compare elements of a fixed Grassmannian
G(k,n). Some applications may instead require comparisons between
subspaces whose dimensions differ, including the comparison of a vec-
tor (a one-dimensional subspace) with a higher-dimensional subspace.

The sign, aggregated sign and periodic transformations represent
only a small number of the bounded functions that could be applied
to rank-one measurements. Other transformations would potentially
induce other Grassmannian kernels with different dependence on the
principal angles. It is not yet clear whether other bounded transforma-
tions of the rank-one embedding would lead to useful Grassmannian
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kernels. A broader direction would be to establish a general result
describing which bounded functions produce valid kernels and un-
der which conditions their empirical approximations concentrate uni-
formly over the Grassmannian.

Another possible extension would be to consider kernels defined
on covariance matrices instead of projectors. As we saw, projection
matrices representing subspaces form a class of positive semidefinite
matrices, just like covariance matrices. However, the latter are not con-
strained to be idempotent or to have fixed eigenvalues. Rank-one mea-
surements remain natural in this setting, since for a covariance matrix
T they take the form (aa',Z)r = a'Xa. This suggests that random
features similar to those developed here could be constructed for co-
variance matrices. The main difficulty is that kernels on covariance
matrices may depend on geometric properties that are more complex
than those of the Grassmannian considered in this work. Extending
the present approach would therefore require determining which co-
variance matrix kernels can be recovered or approximated from rank-
one measurements and how the corresponding geometric quantities are
preserved.

Fast computation of random embeddings

Summary of contributions

Chap. 5 demonstrated two ways of reducing the cost of the random em-
beddings introduced in the previous chapters. The first replaces inde-
pendent Gaussian vectors with structured Hadamard-diagonal trans-
formations. The second uses an Optical Processing Unit to compute
quadratic random measurements physically.

The structured embedding uses products of random diagonal sign
matrices and Walsh-Hadamard transforms to generate the vectors of
Pst. This reduces the cost of the rank-one embeddings both in terms of
computation and in terms of memory. The empirical study in Fig. 5.2
shows that three blocks already produce coefficients whose distribution
is close to Gaussian.

The ETH-80 experiments confirm that the structured construction
preserves the behaviour of the Gaussian embeddings from Chap. 4.
In the object classification setting, the raw, binary and periodic struc-
tured embeddings all reach accuracies above 91% at p = 0.20, remain-
ing within 2% of their Gaussian counterparts. Their computation is
approximately 20 times faster than that of the embeddings of Chap. 4.
The structured embeddings therefore provide a practical way to com-
pute the Grassmannian random features at a substantially lower cost.
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The second part of the chapter considers Optical Processing Units.
Their physical scattering mechanism produces complex quadratic ran-
dom measurements, which can be debiased by subtracting two halves
of the output. The result corresponds to an average of independent ver-
sions of the quadratic embeddings introduced in the previous chapters.

Since the OPU only accepts binary inputs, we introduced an encod-
ing procedure in Algo. 1 for vectors quantised with L levels. The quan-
tised vector is decomposed into ternary bitplanes, which are then rep-
resented through binary vectors compatible with the device. Prop. 5.1
shows that the quadratic embedding of the quantised vector can be re-
constructed exactly in the ideal noiseless model using

NOPU(L) _ 3B(l‘;+l)

OPU calls, where B = [log, L]. The number of calls thus scales as
O((log, L)?).

We also studied how physical noise is amplified by the decoder of
Algo. 2. Prop. 5.2 gives the variance of the final decoded noise as a
function of the bitplane weights. Lem. 5.1 then shows that this variance
remains bounded when the quantisation step decreases proportionally
to 1/L. The empirical measurements in Fig. 5.6 follow the same trend,
with the largest increase occurring between L = 2 and L = 4.

The numerical OPU experiments confirm that the encoder and de-
coder behave exactly as intended in the ideal model. They also show
that finer quantisation can substantially improve the more difficult ob-
ject classification problem. The physical OPU produces a different re-
sult. Its accuracy decreases for larger values of L in both classification
settings.

The analysis of the density of the vectors sent to the OPU gives
a possible explanation for this unexpected result. The physical OPU
behaves closest to its ideal model when the binary input density lies
approximately between 0.2 and 0.8. However, the encoder produces
an increasing proportion of influential vectors outside this range as L
grows, as shown in Fig. 5.12. This effect is combined with the increase
in decoded noise caused by the larger number of optical measurements.

The optical results therefore confirm the mathematical encoding
and decoding construction, but do not yet show a competitive imple-
mentation on the physical device considered here. The main limitation
does not come from an algebraic error in the method, but from the in-
teraction between the encoder and the OPU.
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Perspectives

The structured embeddings are currently supported mainly by com-
plexity arguments and experimental results. The concentration guar-
antees established in Chap. 4 were proved for independent Gaus-
sian probing vectors and were assumed to remain valid for the struc-
tured construction. A first theoretical direction would be to establish
direct approximation guarantees for the Hadamard-diagonal embed-
dings and determine how many blocks are needed.

Finally, the optical encoding should also be redesigned with the
physical device in mind. The current procedure produces many binary
vectors that are either too sparse or too dense, and it requires several
OPU calls for every quantised basis vector. A better encoder should
keep the transmitted vectors within a suitable density range while try-
ing to reduce the number of calls.

6.2 Final remarks

The common thread throughout this manuscript is that random mea-
surements can be useful even when they do not allow us to reconstruct
the object that produced them. In many signal processing and learning
problems, the final goal is not to recover a vector, an image, or a sub-
space in full detail but to compare, detect, classify, or estimate a specific
quantity. When the embedding preserves that quantity with good ac-
curacy, the embedded representation can be enough.

This is the role played here by quadratic and rank-one measure-
ments. Their interest does not come from preserving everything. It
comes from the fact that they preserve certain interactions. In the vector
setting, debiased quadratic measurements allow us to estimate squared
scalar products with fixed patterns. In the Grassmannian setting, rank-
one measurements allow us to approximate kernels depending on the
geometry of subspaces. In both cases, bounded transformations such as
signs or complex exponentials make the embeddings more stable and
more suitable for random feature constructions.

This also gives a useful warning. Random quadratic embeddings
should not be treated as black-box compression mechanisms that au-
tomatically retain all useful information. They are only meaningful
once the task to be performed has been identified. The right ques-
tion is therefore not whether a compressed representation resembles
an original object, but whether it preserves the comparisons and esti-
mators required by a task. This task-driven reading is what makes the
constructions studied in this manuscript useful, and also what defines
their limits.
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The results presented here do not close the subject. They open sev-
eral paths, from sharper guarantees to faster implementations and op-
tical experiments. More importantly, they show that a change of rep-
resentation can change the way we approach a problem. We do not
always need to reconstruct the original object in order to use it. Some-
times it is enough to preserve the right quantity to reach the right deci-
sions. In that sense, quadratic and rank-one random embeddings offer
a way of turning difficult high-dimensional objects into lighter repre-
sentations that can still carry the information needed to act.
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List of acronyms

AL Artificial intelligence.
CLAFIC ... ... Class-featuring information compression.
CS Compressed sensing.
DCT Discrete cosine transform.
DMD Digital micromirror device.
FFHT .. Fast Fast Hadamard Transform.
HDHD ...l Hadamard-diagonal transform.
IT Information technology.
JL Johnson-Lindenstrauss.
LDA Linear discriminant analysis.
LLM Large language model.
LSH Locality-sensitive hashing.
MNIST ... Modified National Institute of Standards and
Technology database.
orPU Optical processing unit.
PCA Principal component analysis.
PSD Positive semidefinite.
Q-Q Quantile-quantile.
QR Orthogonal-triangular factorisation.
RAM Random-access memory.
RBF Radial basis function.
RIP Restricted isometry property.
ROM Read-only memory.
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ROP Rank-one projection.
SP Signal processing.
SPD Symmetric positive-definite.
SPE Sign product embedding.
SVD Singular value decomposition.
SVM Support vector machine.
t-SNE ... t-distributed stochastic neighbour embedding.
UMAP .. Uniform Manifold Approximation and Projection.
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