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Abstract

Kernel methods allow infinite-dimensional function approximation, but a key problem is
inverting a kernel matrix, generally taking ©(n?) space and ©(n?) time. What if we can
only afford linear complexity? The usual answer is a finite-dimensional kernel, but such
a kernel is often less expressive. We devise a method to extend any finite-dimensional
kernel to an infinite-dimensional one, while maintaining a complexity of O(n) time and
space. We multiply any finite-dimensional kernel by Cohen et al.’s (2022) Binary Tree
kernel, which is a linear-time, infinite-dimensional kernel. But to do linear-time regression
with this product kernel, we must develop a novel matrix representation and algorithms for
the relevant matrix operations. Generally, finite-dimensional kernel methods take @(dimz)
time and ©(dim) space. Under assumptions about the data distribution, we achieve the
same complexities; without those assumptions, we incur a multiplicative cost of O(dim).
On a borrowed suite of experimental benchmarks, we test a model finite-dimensional kernel
(a Sparse Gaussian Process Regression Kernel approximating a Matérn 3/2 kernel), and
compare it to the performance of our infinite-dimensional extension at fixed memory budget.
On one dataset, our method is worse, on two, comparable, and on nine, better, as judged
by root mean squared error.

Keywords: Gaussian processes, kernel methods, decision trees, sparse matrix representa-
tions, fast linear algebra

1 Introduction

Gaussian processes (GPs) can be used to approximate unknown functions while quantifying
uncertainty. But doing inference with a GP requires inverting a matrix. Absent any special
trick, with n the number of data points, this takes O(n?) time—too much for many practical
applications. So an active area of research is how to make GPs faster.

Usually, this involves using a finite-dimensional kernel (sometimes one that approximates
the kernel we really care about), but finite-dimensional kernels are often less good at modelling
the true underlying function. Cohen et al. (2022) developed an infinite-dimensional kernel for
which the GP can be computed in log-linear time (actually in linear time, as we show). This
GP is also of limited expressiveness, with a posterior mean that is piecewise flat. We show
that one can use Cohen et al.’s (2022) “binary tree GP” to extend any finite-dimensional
kernel to an infinite-dimensional one, while still running in linear time. The new kernel is
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the product of the two. Achieving this complexity requires developing a novel representation
of certain linear operators; we call this representation a tree matriz. A tree matrix, which
is stored in linear space, can be inverted or multiplied by a vector in linear time. In a tree
matrix, the rows and columns are placed on the leaves of a binary tree, and computations
are generally executed iteratively from leaves to root and/or vice versa. This is the core of
our contribution and the origin of our formal results.

In general, extending the finite-dimensional kernel to infinite dimensions brings a multi-
plicative overhead equal to the number of dimensions. However, under certain assumptions
about the data distribution, there is no increase in the asymptotic complexity; the extension
is “for free”.

Using a typical finite-dimensional kernel—a Sparse Gaussian Process Regression (SGPR)
Kernel approximating a Matérn 3/2 kernel—we test our method empirically on a suite of
regression benchmarks. Changing the dimension of the SGPR kernel changes the memory
requirements, and our method uses more memory for a fixed dimension, so for a fair
comparison, we compare the two methods’ performance as a function of their memory usage.
As measured by negative log likelihood, our method does worse on two datasets, comparably
on two more, and robustly better on the other eight. As measured by root mean square
error, our method does worse on one dataset, comparably on two, and robustly better on the
other nine. This suite of datasets was copied from the literature (Wang et al., 2019), not
cherry-picked.

2 Preliminaries

A GP defines a multivariate Gaussian distribution over function values at any finite set of
points in a domain. The covariance between the function values at two different locations
in the domain X is determined by a kernel function k£ : X x X — R. This will produce a
consistent probability distribution, no matter which points in the domain are chosen, as long
as the kernel k is positive semi-definite. That is, for a n-tuple of points X € X", the matrix
Kxx, where (Kxx)i; = k(X;, X;), must be positive semi-definite.

If you start with a multivariate Gaussian distribution, then once you have observed
several coordinates, the resulting conditional distribution will be a new, lower-dimensional
multivariate Gaussian. This is how a GP can be used for machine learning. Consider, without
loss of generality, a GP with 0 mean, and a kernel k (the problem can be transformed if
necessary). In particular, given an n-tuple of training locations X € X™ and an n-tuple of
(potentially noisily-observed) training targets y € R", and an m-tuple of target locations
X" € X™, the predictive targets can be modelled by the distribution A(u,Y), where

p=Kxx(Kxx + M)y, (1)
Y = Kxix — Kxrx (Kxx + Mp) ' Kxxr 4 Mo, (2)

and A is the variance of the observation noise.

Unfortunately, unless the structure of kernel allows for a special trick, computing these
quantities to within a desired precision requires O (n?(n 4+ m)) time and O(n(n + m)) space,
using standard algorithms for matrix multiplication, although the space requirements can be
diminished by recomputing sections of the matrices repeatedly.



A FINITE- TO 0o-DIMENSIONAL KERNEL EXTENSION

3 Low-dimensional kernels

The dimension of a kernel is the dimension of its reproducing kernel Hilbert space (RKHS).
For a kernel k : X x X — R, the RKHS is defined as

RKHS(k) = span({k(-,z)|z € X}), (3)

and then the dimension of this space is the cardinality of a basis set. A Gaussian process
with a finite-dimensional kernel can be computed more efficiently if the number of data
points exceeds the dimensionality.

One can show that any z-dimensional kernel is equivalent to Bayesian linear regression
in R* after transforming the data with some transform f : X — R® (Rasmussen and
Williams, 2006, pg. 96). This is also equivalent to GP regression with a dot product kernel
k(z,2') = x T2’ in the transformed space R?. Using a dot product kernel, Kxy: = XX'" so
Equations 1 and 2 can be computed in O(2?(n 4+ m)) time in O(z(n + m)) space.

A popular low dimensional kernel is an inducing points kernel; this usually thought of as
a Nystrom approximation of a base kernel, but it is also a kernel in its own right (Williams
and Seeger, 2000). For a base kernel k, and for inducing points Z € X'?, the inducing points
kernel k% (z,z') = KIZKE}KZ;B/. Thus, the kernel matrix K)Z(X, = KXZKE}KZX/ has rank
at most z. And using the transform f(z) = Kgé/zKZx, this kernel can be replaced with the
dot product kernel in the transformed space. Sparse Gaussian Process Regression (SGPR)
(Titsias, 2009) and Sparse Variational Gaussian Processes (SVGP) (Hensman et al., 2013)
are both ways of using variational inference to optimize the inducing points (and in the case
of the latter, also selecting a mean function). This is an approximation of the base kernel in
the sense that as the number of inducing points increases, the resulting kernel approximates
the base kernel (Titsias, 2009).

4 What does infinite-dimensional mean?

Many commonly used kernels are infinite-dimensional, like the radial basis function kernel
or the Matérn family of kernels Rasmussen and Williams (2006, pg. 94). Inducing points
kernels, on the other hand, have a finite dimensionality equal to the number of inducing
points.

However, when an infinite-dimensional kernel is approximated with finite-precision arith-
metic operations, it is technically finite-dimensional.

Proposition 1 (Finite Dimensionality) dimk < |X|

Proof If span(s) = S, then dimS < |s|. span({k(-,z)|z € X} = RKHS(k), so dimk <
Hk(,z):x e X} =|X)|. [ ]

Nobody really cares, because the dimensionality is exponential in the precision of the floating
point numbers, while the time complexity is only quadratic in the precision of the floating
point numbers, and the space complexity is only linear. (O(nlogn)-time algorithms exist for
multiplication, but they are not used).

Therefore, for a kernel that is actually implemented on a computer, we need a slightly
different definition of infinite dimensionality. A kernel is infinite-dimensional if
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1. a dimensionality can be chosen that is arbitrarily high, and
2. the space complexity is O(log(dim)), and the time complexity is O(log(dim)Q)

For a standard infinite-dimensional kernel (like an RBF kernel) implemented with finite
precision arithmetic, an arbitrarily high dimension can be chosen by increasing the floating
point precision; the dimension is exponential in the floating point precision, the space
complexity is linear in the floating point precision, and the time complexity is quadratic in
the floating point precision (using standard multiplication algorithms). By comparison, for
a family of inducing points kernels, we can achieve an arbitrarily high dimensionality by
adding inducing points, but the space complexity is O(dim2) and the time complexity is
O(dim?), not even close.

5 Related Work

We have already discussed inducing points kernels, which are among the more widely-used
fast kernels. We will now discuss other approaches to linear-time GP regression. This does
not cover the whole of the GP literature, of course, or its application to machine learning.
For a broader review, see Rasmussen and Williams (2006) or Liu et al. (2020).

GPs over one-dimensional domains are special. With certain kernels, one can track
sufficient statistics at various points in the domain, such that these statistics screen off the
left from the right; these are known as state space GPs (Sarkké, 2013). This allows for a
reduction to a Kalman filtering problem, enabling linear-time computation (Hartikainen and
Sarkka, 2010). Or, with any kernel, if the data points are evenly spaced, Cunningham et al.
(2008) show how to exploit the Toeplitz structure of the kernel matrix to do log-linear time
GP regression.

In domains with more than one dimension, Sarkké and Hartikainen (2012) extend their
state space method, but it doesn’t scale to high dimensions. Another approach, related to
the inducing points methods, is an inducing frequencies method (Hensman et al., 2017). This
method resembles Rahimi and Recht’s (2007) Variational Fourier Features, but it optimizes
those features according to a variational objective. Unfortunately, the number of frequencies
required for a given approximation grows exponentially in the dimension of the domain. If
the kernel can be written as the sum of kernels over one-dimensional domains, it is possible
to extend these methods tractably to higher-dimensional domains. If the data is on a grid,
and the kernel can be written as a product of a kernel over each coordinate, then the kernel
matrix will have Kronecker structure, enabling fast GP regression (Saatgi, 2012).

Recall that inducing points methods take O(n2?) time, where z is the number of inducing
points, and the dimension of the kernel. If the inducing points are placed on a grid in a
d-dimensional domain, and z = p?, then K, has Kronecker structure, enabling inversion in
O(dz) space and O(dz) time, and matrix-vector multiplication in O(dz) time (Saatgi, 2012).
This is an improvement on the quadratic dependence on z, but it is still not a logarithmic
dependence, which would lead us to call it an infinite-dimensional kernel. Moreover, K7 x
does not have Kronecker structure. Wilson and Nickisch (2015) approximate Kzx as a
sparse matrix times Kzz. This amounts to approximating k(z,-) as a linear interpolation of
various k(z’,-), where the a’s are nearby inducing points. Unfortunately, because the number



A FINITE- TO 0o-DIMENSIONAL KERNEL EXTENSION

Figure 1: A binary tree kernel with four data points. In this example, k(z1,21) = 1,
k(x1,22) =0, k(x1,23) = 0.8, and k(z1,24) = 0.3.

of inducing points is exponential in the dimension, the Kronecker structure method doesn’t
scale to high-dimensional domains.

6 Binary Tree Kernel

For most infinite-dimensional kernels, GP regression takes O(n?(n +m) log?(dim)) time, but
Cohen et al. (2022) introduced a new infinite-dimensional kernel that takes only O((n +
m)log(n + m)log(dim)) time. And on a suite of regression benchmarks taken from Wang
et al. (2019), it actually performed slightly better than a standard Matérn 3/2 kernel, in
terms of marginal likelihood assigned to the test set.

The binary tree kernel is over the space B?, where B = {0, 1}, and ¢ is the “depth” of the
kernel, so the data must first be transformed into this space. This amounts to placing the
data on the leaves of a depth-g binary tree, with any desired method. If the starting space is
[0, 1)d, they (and we, in our experiments) truncate the binary representation of data points,
and shuffle the bits according to a learned permutation. Figure 1 is a diagram of the kernel,
taken from Cohen et al. (2022).

Formally, for x € B?, let 2=¢ be the first 4 bits of 2. And let [expression] evaluate to 1, if
expression is true, otherwise 0. The binary tree kernel is defined:

Definition 2 (Binary Tree Kernel) Given a weight vector w € R?, with w = 0,

q

ke (21, 22) = Zwi Hxlﬁl — Q:QSZH

i=1

The dimension of this kernel is 29, provided w, > 0, although Cohen et al. (2022) do not
give a proof.

Proposition 3 (BTGP Dimensionality) For w > 0, dim k,, = 29.

Proof Proposition 1 establishes that the dimensionality is no more than 2¢. So it suffices to
identify 27 linearly independent functions in span({k,(-,z) : x € B?}). We show that the
function [z = -] is in that span, for any x. These are clearly linearly independent, since they
are nonzero at disjoint subsets of the domain.
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Let f7(-) = [#=" = -="]. We show by induction on  that this function is in span({k,(-, ) :
r € BY}). Starting with 7 = 1, consider gl(-) = D arw<iz(zy<t kw (-, 2'). This is positive
when -S! = 2=! 0 when it doesn’t, and constant over -=! = 2=! by symmetry over all bits
beyond the first. So multiplying by a constant gives f} € span({ky(-,2) : x € B?}).

Now assuming that the inductive hypothesis holds for ' < r, we show that it also
holds for r. Let gz(-) = > ./ <r_(p)<r kuw(,2"). For ST = 257 g"(-) is constant by
symmetry, and strictly greater than its value elsewhere because w, > 0. Where -S7 # =7,
g () =207 0w [ = 2=, By the inductive hypothesis, the r.h.s. is in the span,

and by subtracting it from g7, we get a function that is constant and nonzero where -<" = =",
and zero where -<" # =", Therefore, f7 is in the span, completing the proof by induction.
Finally, note that the function [z = -] is equal to f7. [ |

Cohen et al.’s (2022) Binary Tree GP (BTGP) requires O((n + m)q) space and O((n +
m)log(n + m)q) time, and ¢ = log(dim), so it qualifies as infinite-dimensional under our
definition.!

7 Dot Binary Tree Kernel

We both improve and extend the Binary Tree GP. Our improvement is a more efficient
algorithm for computing it. Instead of taking ©((n + m)qlog(n + m)) time, it takes only
O((n + m)q) time, and that is because it takes that long to read the data. Setting aside
the memory requirements of the data, and the time requirements of reading it (alongside
some extremely simple “write” operations), our algorithm implements BTGP in O(n +m+ q)
time and space, not ©((n + m)log(n + m)q). For precious GPU space, that is the relevant
complexity.

Our extension allows us to multiply the binary tree kernel by any finite-dimensional
kernel, and efficiently compute the GP.

Definition 4 (Dot Binary Tree Kernel) k{;(a:l,xg) = ky (1, 22) f(x1) " flx2).

This means we can construct the kernel kZ (1, 72) = ky (21, 22)k? (21, 22), for example. When
f maps to R*, our Dot Binary Tree GP (DBTGP) can be computed in O((n +m)(q + 22))
space and O((n 4+ m)(q + 2®)) time. That is, both space and time are linear in the number
of data points. If the binary tree is balanced, then a factor of z can be removed from each;
in that case, we have the same complexity compared to the z-dimensional kernel on its own,
but the kernel is now infinite-dimensional! Compared to BTGP, for which the posterior
mean is always piecewise constant, the posterior mean of DBTGP is piecewise linear in
the transformed z-dimensional space, so the latter is significantly more expressive. Because
we can optimize w, we can recover the original finite-dimensional kernel k%, by setting
w = (1,0, ...,0), so DBTGP qualifies as an extension, not just a modification, of the original
finite-dimensional kernel.

1. Technically, infinite dimensionality requires an infinite domain, so it is only in that circumstance that the
binary tree kernel is infinite-dimensional, as with any kernel. If we do have an infinite domain, let it be
B* = U;, B, or else we map the original domain to that one. The binary tree GP requires approximating
the infinite binary strings with their first ¢ bits, but we can increase ¢ arbitrarily at linear cost.
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8 Tree Matrix Representation

We achieve this time and space complexity with a special representation of the kernel matrix
Kxx and its inverse. We call it a Tree of Sparse Low Rank Matrices, or just a Tree Matrix.
This matrix representation, and the fast operations it affords, might deserve a standalone
paper, since its utility could go well beyond GPs.

The tree matrix representation is inspired by Cohen et al.’s (2022) Sparse Rank One
Sum representation. This scheme represents a matrix as a sum of rank one matrices, where
most of the rank one matrices are the outer product of very sparse vectors. Note that if
v has 10 nonzero elements, then vv! has 100, so this can be a very space-efficient way of
representing linear transformations.

We now define an m x n tree matrix. Each row and each column of the matrix is
assigned to a leaf of a proper binary tree. (“Proper” means that no node has exactly one
child). Each node encodes a matrix, and the matrix as a whole is the sum of all the node
matrices. Each leaf node contains a matrix which only has nonzero elements at the rows
and columns belonging to that leaf, and which has rank no more than z. If a leaf node has
no constituent rows or no constituent columns, the matrix is empty. Each leaf’s matrix is
represented as VAV'' | where V € R™** V' € R™* and A € R***. A row of V is only
nonzero if the row belongs to that leaf, and a row of V' is only nonzero if that column
belongs to that leaf. Because each row and column only belong to one leaf, the V- and
V/-matrices for all the leaves can be stored in an m x z and an n x z array. All other
nodes’ matrices are represented as VAV’T, where Viode = Vieft child Blett + Vright child Bright s
and Voo = Viegs chita Blete + Viignt chita Brignt- Throughout the paper, when referring to a node
“node”, “leftc” and “rightc” will refer to its left and right children. For non-leaf nodes, only
the A, B, and B’ matrices are stored, all z x z. Because the number of non-leaf nodes in a
proper binary tree is less than the number of leaf nodes, this requires O((m + n)z?) space,
regardless of the depth of the tree.

Formally, let each node be indexed by a natural number from 0 to t — 1, where t is the
number of nodes in the tree, which is twice the number of leaves minus one. Let 0 be the
root node.

Definition 5 (Tree matrix) A tree matriz T = (lc, re, i, cl, V, V', A, Biefr, Bright, Bfeﬁ, B;ight).
The arrays lc and rc € [t]' store the indices of the of the children of node i at their ith elements.

rl € [t]™ and cl € [t]™ are vectors that identifies which leaf each row and column belongs to.
An m x z array V and an n x z array V' contain the V and V' matrices for all the leaf
nodes. For a leaf node j, V; = V[rl= j] (in numpy notation), and V] = V'[cl= j]. The A,
B, and B’ matrices defined above are each stored in at x z X z array.

For a symmetric tree matrix, all V/ =V all B’ = B, and rl = cl. A symmetric tree matrix
is depicted in Figure 2.

If a node’s descendant leaves contain z or fewer rows (so we’ll say the node contains
that many rows) and z or fewer columns, it may as well be a leaf node, without any loss of
expressivity. The sum of the matrices encoded by it and its descendants cannot have rank
greater than z, so that sum can be assigned to the node in question. As we prove later, if
the tree is a-weight-balanced, the tree can be pruned to have no more than a~!n/z leaves.
And if the weight-balancing by node is stochastic, but the expected balance at each node
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Figure 2: Depiction of a symmetric tree matrix. The visual equation represents the contribu-
tion of a single node, and the sum of the contributions of each node gives the matrix as a
whole. The white patches of the V' matrices represent all Os.

exceeds «, then the expected number of leaves after pruning is no more than a~'n/z, even
if the probability that the whole tree is a-weight balanced is quite small. In the balanced
case, the tree matrix can be represented in O(a~'nz) space.

For many computations involving a tree matrix, it will be helpful to partition the nodes
into a list. Each element of the list is a set of nodes, and every node’s parent belongs to an
earlier element. Within such a set of nodes, important operations can be done in parallel
for each node. Call this list of sets Q € P([t])9, where ¢ is an upper bound on the depth of
the tree. In our implementation, the indices of each such set of nodes are contiguous, so the
subsets of nodes can be represented by two integers—the start and end of the slice.

We now produce algorithms for key operations with tree matrices and note their compu-
tational complexity. We show in Algorithm 1 that matrix-vector multiplication can be done
in O(tz?%) time C O(nz?) time. All loops can be parallelized, which we do on a GPU, except
for the loop over ¢ iterations on Line 5.

For symmetric tree matrices, we develop algorithms for inversion and calculating the log
determinant, after adding AI to the tree matrix, all in O((n + t2)22) time and O((n + tz)z)
space. Without loss of generality, we let A = 1, and scale the tree matrix if other values
of A\ are desired. We develop an algorithm for computing the diagonal of a symmetric tree
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Algorithm 1 Matrix-vector multiplication with a tree matrix.

Require: a tree matrix 7, defined by lc,rc € [t]*, 1l € [t]™, cl € [t]", V € R™** V' € R™*?,
A’ Blﬁﬁ? Brightv Bleft7 Bll'lght € Rtx,zx,z; Q S P([t])q; r e R"

Ensure: y =T x

LW« Vo > each row of V'’ is multiplied by the corresponding element of x

2: D=0 ¢e R

3: for j € [n] do > parellelizable; O(nz) time

4 Dey; < Dy, + Wj’ > For all leaf nodes s, Dy now contains V' ;rx

5: for nodeslice € reversed(Q) do > leaves to root; O(t22) time

6 for node € nodeslice do > parellelizable

7 Dyoge < (Bleft)nodechno e (Bl/"lght)nodeDrCno 4 D> 2 X z matrix-vector mult’cation

8 > O(22) time; Dpode now contains V', j.a

9: for node € [t] do > parellelizable; O(tz?) time

10: Diode — AnodeDnode > z X z matrix-vector mult’cation; D)4 now contains
Anodevlnodex

11: for nodeslice € @Q do > root to leaves; O(tz?) time

12: for node € nodeslice do > parellelizable

13: chnode — DlCnode + (Bleft)nodeDnode

14: Z)rcmde — Drcnode + (Bright)nodeDnode

15: > leaves will contain their part of ancestor nodes’ Blea...Bnode Anode V' Iodex

16: W« 0 € R™*?

17: for i € [m] do W; < Dy, > parellelizable

18: return y = sum-over-columns(W © V)

matrix in the same time and space. And for two symmetric tree matrices with the same tree
structure, we develop an algorithm for calculating the Frobenius inner product in the same
time and space.

We now derive the algorithm that takes a tree matrix 7 and identifies another tree matrix
T’ such that (T +I)~! =T +1.

Theorem 6 (Inversion) Almost everywhere, for a symmetric tree matriz T, there exists
another symmetric tree matriz T’ such that (T +1)~1 = T’ +1.

Proof We construct such a tree matrix 7’. We can write 7 = Y nodecnodes VnodeAnodeVI;{)de,

and recall Viode = Viefs child(Bleft)node + V;"ight child(Bright)node- Let Mgome nodes = I +

T
ZnodeGsome nodes VnodeAnode Vnode’
First, order the nodes so that all descendants of a node appear before it. Let Shode be

the set of nodes that appear before the node. We calculate Mg 1d Ufnode} — Mt AR Then,

adding these terms together for every node amounts to building up the tree from the leaves
to the root, and updating the inverse as we go. Using the Woodbury Matrix Identity, we
have

-1

T -1 1 -1 -
(MSnodc+VHOd€AH0deVnode) = MSnode_MSno eVHOde(Anode+Vnode S ode Vnode) Vnode

d node

(4)
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. -1 - Mzt
Lettlng Vr{ode = Msno Vnod67 and Anode - (Anode+vn0de Shode VnOde) » We have M r.odeu{node}
Mgnide = VéodeA;OdeV’node So we just need to calculate V. ;. and AL ..

Now recall that the nonzero rows of Vieas are disjoint for the set of all leaves. And for
any node, a row of Vjo4e can only be nonzero if it is nonzero in one of its descendant leaves.
Therefore, for any pair of nodes where neither is a descendant of the other, the nonzero
rows of their V' matrices are disjoint. Now, we show that a row of V' is nonzero only if it is
nonzero in one of its descendant leaves, like for V. We proceed by induction, node by node,
following the order selected above. For the first node, Mg, =1, so V! ode = Vnode- Now
note that, by definition,

-1
MSnode = I + Z Vriode’Anode V,node (5)

node’€Sn0de

So for an arbitrary node “node”,

/ _ ! I
node = Vnode E Vnode’Anode’V node’ ¥node- (6)

node’ €Snode

node’ is not an ancestor of node, given the constraints of the order. Thus, if node’ is not a

descendant of node, then by the inductive hypothesis, the nonzero rows of Vrio ger a0d Viode
are disjoint. Therefore v ode = 0, unless node’ is a descendant of node. So we can

write

node’

! ! /
node = VnOde + Z Vnode/Anode/V node’ Vnode- (7)

node’ €descendants(node)

Therefore, like Viode, V4o can only have nonzero rows if it is nonzero in one of its descendant
leaves, because all terms in the sum are left multiplied by a V/ matrix that nullifies all other
TOWS.

With that observation, we can efficiently compute and represent V/ and A’. Letting leftc
and rightc be the left and right children of node,
Mﬁ Vnode

node
= (M’l + Ve Alene Vet + Vi) Vi
- Shode \{leftc,rightc} leftc“*eftc ¥ leftc r1ghtc rlghtc rightc/ Y node

-1 1T 2
= (M Shode \{leftc, rlghtc} leftcAleftcV leftc + rlghtc rlghtcV rlghtc) *
(Vieftc (Bleft)node + ‘/rightc (Bright)node)

—~
N

a ~1

al
- Z MSnode\{leftc,rightc}‘/;idec(BSide)HOde + ‘/51dec s1decv 51dec‘/sidec(Bside>node
sidec{left,right}

—1 al
= Z Mssidec ‘/;idec (Bside ) node + V51dec sidec Vv sidec ‘/sidec (Bside)node
side€{left,right}

= Z 81dec (I + As1dec V,SldeC‘/Sidec) (Bside)node (8)
sidec{left,right}

—
=

where (a) follows because neither rightc nor leftc is a descendant of the other, so V' ;li—ghtc‘/ieftc =
0 and vice versa, and (b) follows because all descendants of sidec appear in both Sgjgec and

10
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Shode \ {leftc, rightc}, no ancestors of sidec appear in either, and all other terms in the inverse
M matrix are irrelevant because the nonzero columns are disjoint with the nonzero rows of
Viidec-

Thus, we can write (Bjyg )node = (I + AlgpcV’ l—gftc‘/]eftc)(Bleft)node, and likewise for the
right, and then V! . = Vi (Blssi Jnode + Viionte (Buright Jnode- The only term remaining to

rightc \*~right
: T /
calculate is 'V 1.Vio e

which appears in the definitions of B’ and A’.

C’node = VT .

node ¥ node

T T T T
= ( (BIEft ) node ‘/leftc + (Bright ) node ‘/;‘ightc) ( léftc (Bl/eft )node + V;,ightc (Bliight ) node)
T T T T
= (Bleft ) node Vieftc‘/l/eftc (Blleft ) node (Bright ) node‘/rightcv;/ightc (Biight ) node

= (Bleft ) Iode Clefte (Blleft ) node T (Bright ) Iode Crightc (Béight ) node (9)

And the first equation suffices when node is a leaf. Manipulating the definition of A’ into a
more numerically stable form gives

ilode = _(Ar:olde + C’node)_1 = _Anode(Iz + C'nodeAnode)_1 (10)

Note that this matrix is invertible almost everywhere. (We really ought to define a measure,
but any standard measure will do). Note that if all A matrices are positive semidefinite, one
can show by induction that all A’ and C' matrices are as well, in which case, invertibility is
guaranteed. Finally, we construct 7’ by replacing the A and B matrices of 7 with A’ and
B’ |

Theorem 7 (Inversion Runtime) The operator T +1 can be inverted in O((n + tz)z?),
in O((n +tz)z) space.

Algorithm 2 is the proof, which calculates the quantities in the proof of Theorem 6.
Cohen et al.’s (2022) SROS representation can be employed for the same calculation if z = 1,
but their algorithm for inversion takes ©(ng) time, not O(n) time.

We now give an algorithm for computing the diagonal of a tree matrix 7.

First, note diag(, o des VnodeAnodeVn—gde> =D odes diag(VnodeAnodeVn—gde). Second, note

that if we eXpand VnodeAnode Vn—gde = (‘/ieftc (Bleft ) node+‘/rightc (Bright ) node ) Anode (Vieftc (Bleft ) nodet

Vrightc(Bright)node)T, any term beginning with Viesie and ending with Vr;éhtc or the other way
around contributes nothing to the diagonal, because the nonzero rows don’t line up with the

nonzero columns. Thus,

diag(VnodeAnodeVnEde) = Z diag(vsidec (Bside)nodeAnode(Bside)Iode Vs;Elec) : (11)
sidee{left,right}

This allows us to write an algorithm that modifies the tree matrix while keeping the
diagonal invariant. For a given node, we add (Bleft)nodeAnOde(B]eft)l—ode to the A matrix of
its left child, do likewise for its right child, and then we zero its own A matrix. This and the
trivial final step appear in Algorithm 3.

Finally, we show how to compute the Frobenius inner product between tree matrices that

have the same tree structure.

11
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Algorithm 2 Inverse and Log Determinant of Tree Matrix + 1.

Require: a symmetric tree matrix 7, defined by leftc, rightc € [t]?, leaves € [t]", V € R"*?,
Aa Bleftv Brighta € RtXZXZ; Q € P([t])q
Ensure: 7' +I = (T +1)"Y 2 = log | T +I|

Lo Bl Bligns A, C < 0 € R#%2

2: for i € [n] do > parallelizable, O(nz?) time
3: Cleaves; <— Cleaves; + outer-product(V;, V;)

4: for leaf € leaves do > parallelizable; O(tz3) time
5: Aieaf — _Aleaf(lz + Cfleaf*’élleaf)_1

6: for nodeslice € reversed() do > leaves to root; O(tz3) time
7 for node € nodeslice do > parellelizable
8: for side € {left, right} do

9: (Béide)node — (IZ + Aéideccsidec)(Bside)node > O(ZS) time
10: C'node — Cnode + (Bside)l—odecsidecnode (B;ide)node > 0(23) time
11: A;ode — _Anode(-[z + CnodeAnode)_l > O(Z3) time
12: £ <0

13: for node € [t] do > parallelizable; O(t2%) time
14: x <+ x4+ log |, + AnodeChodel > O(2?) time
15: V'’ leftc’, rightc’, leaves’ < V, leftc, rightc, leaves

16: return 7',

Algorithm 3 Diagonal of Tree Matrix.

Require: a symmetric tree matrix 7, defined by leftc, rightc € [t]!, leaves € [t]", V € R"*?,
A7 Bleft; Brighta € RtXZXZ; Q € P([t])q
Ensure: d = diag(7T)

L H+— A > O(t2?) space
2: for nodeslice € @ do > root to leaves; O(tz3) time
3 for node € nodeslice do > parellelizable
4 for side € {left, right} do

o Hsidec <~ Hsidec + (Bside)nodeHnode(Bside)IOde

6: d < 0,

7. for i € [n] do > parallelizable; O(nz?) time
8 dz — ‘/;'Hleavesi (‘/;)T

9: return d

12
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Theorem 8 (Frobenius Inner Product) The Frobenius inner product between two tree
matrices T and T’ with the same tree structure can be computed in O((n + tz)z?) time.

- T T
Proof We aim to compute Tr [(ZnodeEnodes VnOdeAHOdeVnode) (ZnodeEnodes nodeA,node( node) )]
= Tr [Z%b@odes VaAaVaTVb’Ag(V;)’)T]. But note that unless a = b, or a is a descendant of b,

or vice versa, then VJVb’ = 0, because the nonzero rows of V;, and V} are disjoint. Using the
cyclic property of the trace, and letting C,;, = VQTVb’, we rewrite the expression as

Z Tr <A Cy, AgC;ra) + Z Tr (AaCa,bAf,CaTb) + Z Tr (AaCa,bAéCaT,b>

a€nodes a,benodes:b desc of a a,benodes:a desc of b

We skip the calculation of the third term, because it is exactly the same as the second, except
swapping A with A" and C,; with CTb We begin with the calculation of Cg .

First, if a is a leaf, VaTVC{ can be computed in 722 time, where 7 is the number of rows
belonging to the leaf. Over all the leaves, this takes O(nz?) time. Otherwise,

T Ty, T Ty,T
Va VZ = ((Bleft)a Vleftca + (Bright)a V;ightc > < léftca (Blleft)a + r/ightca( ;ight)a)

. /
= Z ( 51de) ‘/51deca mdeca (Bside)a
sidee{left,right}

= Z (Bside);rcsideca,sideca (Béide)aa (12)
sidee{left,right}

because Vijghtc, and Viézftca have disjoint nonzero rows, and vice versa. Iterating from leaves
to root, each C, , can be calculated from a’s children in O(zg) time. Thus, the first term
can be computed in O(tz3) time.

Turning to the second term, if b is a descendant on the left of a, C,p = VaTV},’ =

<(Bleft)1 Vidtiea T (Bright)a Vidghtc, > Vi = (Biett)a Vietie, Vo = (Biett)q Clefic, b- And likewise
for the right. Now we transform the second term,

Z Tr (A CupAj ab) Z Tr( Z CapAy, ab) =: Z Tr (AgEq)

a,b€nodes:b desc of a a€nodes b desc of a a€nodes
(13)
So our final task is to compute E,. If a is a leaf, it has no descendants, so E, = 0. Otherwise,
sl I T r~T
Ba= Y CapACip= Y.  CopACoy+ > CapApCap
b desc of a b left desc of a b right desc of a
T
= Z Z (Bside)a Csideca,bAbC sidecq ,b ( 51de)a

side€{left,right} b side desc of a

T / I ~T
= Z (Bside)a Csideca,sideca Asidecac idecq ,sidecq + Z Csideca,bAszideca,b (Bside)a
sidee{left,right } b desc of sidec,

T / T
= Z (Bside)a (CSideCa,SideCaAsidecacsidecmsideca + Esideca> (Bside)a (14>
sidee{left,right }

13
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[terating from leaves to root, each E, can be calculated from a’s children in O(z%) time,
so the second (and third) terms can be computed in O(tz3) time, which completes the proof. W

9 Tree Matrix Representation for DBTGP

We now show that the kernel matrix Kxx for the dot binary tree kernel can be written
as a tree matrix in O((n 4+ m)q) time. For the kernel matrix Kxx/, we can simply take a
submatrix of the matrix Keoncat(x,X")concat(X,X")-

First, we must construct a binary tree with rows (each described by a binary string of
length ¢) assigned to the leaves. The algorithm is very straightforward. Begin with only a
root node, and all strings assigned to it. This node is “live”. For ¢ ranging from 1 to ¢, for
each live node, if the i*! bits of the member strings differ, create two children, put the “0”
strings on the left, and the “1” strings on the right, and make that node dead and its children
live. This is written formally in Algorithm 4.

Algorithm 4 Create Binary Tree.

Require: B € B"*%: n binary strings of length ¢

1: h«< 0" > h stores the home node of each string
2: a <+ (0,) > a stores a list of all nodes that are “alive”
3m<+1 > m is the number of nodes in the tree
4: I,7r + (null)) > [ and r store the left and right children of each node
5: for j € [¢] do

6: o,p < 0" > these will store a count of 0’s and 1’s
7 for i € [n] do > parallelizable
8: if Bz’j = 0 then Op; < Op, + 1

9: else py, < pn, +1
10: for k € a do > parallelizable
11: if o > 0 and pi > 0 then
12: delete k from a
13: append (m,m+ 1) to a
14: lg, e <~ mym+1
15: m<—m+2
16: append (null, null) to { and r
17: for i € [n] do > parallelizable
18: if h; §é a then h; + lhi if Bij =0 else Th;

return h,l,r

This takes O((n +m)q) time when done for both train and test points, and the loop over
(n+m) is parallelizable. In the binary tree kernel k,, there is a weight for each 7, so as we do
this, we must keep track, for each node, how many bits of correspondence there are before
its member strings must be split into seperate child nodes.

Then, to construct the tree matrix, the V' matrix is simply the feature matrix, where the

ith row is the feature vector f(z;). Recall that for any leaf, Vieas is the V matrix, but with all

14
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rows not belonging to the leaf set equal to 0. All B matrices are the identity matrix. And for
. #bits of correspondence(node) ) . .

all nodes, Anoge = 1 Zj: 4bits of correspondence(parent(node))+1 Wi * Call this tree matrix 7T, ;.

Proposition 9 (Tree Matrix Kernel) Letting I; be vector where (I;); = 8;5, I] T L =

kw (i, x) f(2:) T f(2).

Proof For all nodes that are not a parent of the leaf containing i, I;V;0qe = 0, and for all
nodes that are not a parent of the leaf containing j, Vn—(r)deﬂj = (. For nodes that are a parent

of both, since all B matrices are the identity, I;Vhode = f(z;)" and V.| T, = f(x;), so

node

. . . NT ] #Dbits of correspondence(node)
the contribution of each such node is f(z;)" f(z;) > 7 Jbits of correspondence(parent(node))+1 T

. . bits of correspondence between z; and
Summing over all such nodes gives f(z;)" f(z;) Zil P ween Tw, =

F(@i) T f () kw (i, 25). u

We can now efficiently compute Equations 1 and 2. Recall,

p=Kxx(Kxx+M,) 'y
Y =Kyx — Kyx(Kxx +AM,) ' Kxx + M

For p1, inverting K x x + Al takes O(t2?) time, and then we do matrix-vector multiplication
right to left in O(tz?) time. For ¥, we could represent it as a composition of tree matrices,
and calculate matrix-vector multiplications Yv as Kx/xv — Kx/x (Kxx + )\I)_IKXX/U + v,
but we often want diag(X), independent predictive variances for each of the m points in X’.
Borrowing a trick from Cohen et al. (2022), let X be the concatenation of X and X', and
then ¥ = (K3 ¢ + Myuym)/Kxx, where / denotes the Schur complement. Now note that
the bottom right m x m block of (K¢ ¢ + Mpyym) L= (Kgg + Muim)/Kxx)™t So to
represent X as a single tree matrix, we first construct K¢ ¢ as a tree matrix, then we invert
it (adding Aly,4r), then we take the submatrix corresponding to the bottom right m x m
matrix, and then we invert it again. Finally, to get independent predictive variances, we use
Algorithm 3 to compute the diagonal.

For the tree matrix 7, y that we constructed, the number of leaves is the number of unique
binary strings in the data, so it could be as large as m + n. This means that GP regression
takes O((n +m)(q + 2%)) time and O((n +m)(q + 2%)) space. But if we prune the trees, GP
regression only takes O((n +m)q + (n +m +t2)2z?%) time and O((n + m)q + (n +m + t2)z)
space, where t is the number of leaves. Recall that pruning can be done without changing the
underlying linear operator, as long as none of the new leaves have more than z constituent
rows or columns (unless they started with that many).

Cohen et al. (2022) find it helpful to do gradient-based optimization of the weight vector
w. This is also possible for the dot binary tree kernel. The optimization target is to minimize
the negative log likelihood of the training data. This minimand and its gradient can be
calculated as follows:

NLL(w) = /2 [yT(KXX(w) + /\In)_ly +log |Kxx(w) + AL, | + nlog(27r)] (15)

NLL 1
g == |-0' OKxx v+ Tr OKxx
ow; 2 ow;

(Kxx(w) + )\In)l)] (16)

i
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where v = (K xx(w) + A,,) " ty. This is why we devised an algorithm for calculating the
Frobenius inner product of two binary tree matrices with the same tree structure. In our
experiments, we use slightly different algorithms to calculate each term of the gradient to make
it more efficient to compute for all elements of w. For both terms, we construct algorithms
where we can “fold in” the A matrix for 9Kxx/ow, last, because that is the only thing that
changes for the different 4. These can be found in the code linked in the experiments section.

10 Pruning

First, we discuss how we prune binary trees, and then we identify a condition such that the
expected number of leaves on the pruned tree is O(n/z). If any sibling leaves have z or fewer
constituent rows between them and z or fewer constituent columns, they are pruned, and
their constituent rows and columns are passed to their parent. For any new leaf, the sum of
the matrix for that node and the matrices from all its former descendants has no more than
z nonzero rows and columns, so it has rank no more than z, so we can easily find matrices
V, A, and V', such that VAV'T is equal to this sum. And if we are pruning a symmetric
matrix, we can ensure V' = V’. We omit the details of such a calculation. For T, f, since the
A and B matrices are all constant multiples of the identity, it can be done very efficiently.

Now, we analyze how many resulting leaves we can expect in the pruned tree. This
depends on the distribution of the binary strings in the data. We begin with simple scenario:
the data-distribution is equivalent to every bit being sampled from a Bernoulli(«) distribution,
with 0 < a < 1/2. (If « = 0, all the data ends up on the root node, so the number of resulting
leaves is 1, without even pruning.) We assume ¢ is infinite; lesser ¢ will only potentially
reduce the number of leaves, since we may have more than z copies of a single string in the
data.

More concisely, let F,, be a random variable corresponding to the number of leaves
resulting from the following stochastic process. Let the root node of a tree have the value n,
then for any node with value v > z, create a left and right child, give the left child a value
sampled from Binomial(v, a), give the right child a value of v minus that, and set the node’s
own value to 0. Repeat until all nodes have a value at most z. Let f,(n) = E, F,,, which we
abbreviate f(n) =E F,.

Theorem 10 (Basic Prunability) f(n) < a 'n/z forn > z.

To prove Theorem 10, we require two lemmas. First:

Lemma 11 For two probability distributions p1 and pa over a finite set of elements X C R,
if p2(x)/p1(x) < p2(y)/p1(y) for all x <y, then Bonp, ¥ > Eqrp, @

Surely this is a special case of some known result, but we cannot find it. It is depicted in
Figure 3.

Proof We prove this by induction over the number of elements of X'. If | X' | = 2, then let y
be the larger element, and = the smaller. Now note that pa(z)/p1(x) < 1, because it is the
minimal element, so if this ratio were greater than 1, then it would be for y as well, but then
the sum of the ps probabilities would exceed one. Likewise pa(y)/p1(y) > 1. The rest of the
| X | = 2 case is trivial.
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Now, assuming the lemma holds for | X' | < s, we show it holds for | X' | = s. Let z* be
the minimal element of X, and let X' = X \{z*}. We abbreviate E,.,, as Ei, and likewise
for po.

Eyx = 2*pa(a*) + Ealz|x € X'|po(X') > x*pa(z*) + Eqlz|z € X'|p2(X’), by the induc-
tive hypothesis, since the ratio of elements’ probabilities is the same within a conditional
distribution. As before, pa(x*)/p1(x*) < 1, because it is the minimal element, so if this ratio
were greater than 1, then it would be for all elements, but then ) po(x) > 1. That implies
p2(X')/p1(X') > 1, because if not, Y pa(x) < 1. Now note that 2* < E;[z|z € X'], because
¥ <z forall x € X

So now we can consider the set {z*,E;[z|z € X’]}, and two probability distributions
p1 and py over those two elements, where p;(Eq[z|z € X']) = p;(X’). Since we have
shown the lemma holds when the set has two elements, *pa(2*) + Eq[z]z € X'|pa(X’) >
x*p1(2*)+E [z]|z € X']p1(X’), and this is just E; 2, which completes the proof by induction. B

Lemma 12 (Conditional Binomial) For k ~ Binom(n,«), for z <n, E[k|k < z] > az.

The intuition for this is that equality holds for n = z, and as n increases, the conditional
distribution only gets more skewed to the right.
Proof We prove this by induction on n. First, let n = z. E[k|k < z] =Ek = an = az. (The
expectation of a binomial distribution can easily be derived using the moment generating
function). Now, letting p,, denote the conditional distribution pginom (k|k < 2), for n > z,
we assume an inductive hypothesis—E,,_1 k£ > az—and we compare p,—1(k) to p,(k). Let
=1-aq.

Letting p, (k) = (})a"B"*, we have p,(k) = pn(k)/ > i—1Pn(j) for the conditional dis-
tribution. Observe p(k)/Bn—1(k) = B8(})/(".") = Bn/(n — k). Therefore, p,(k)/pn_1(k) =
Bn/(n — k), so b2l < — (n — k4 1)/(n— k) > 1.

. (k=1)/pr—1(k—1) —
This means we can apply Lemma 11, so we have E, k > E,_1 k > az. |
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Proof [Proof of Theorem 10| First, we identify a recurrence relation in f(n). Observe that
Fy, =1 forn <z s0 f(n) =1 there as well. And for n > z, f(n) = Ep inom(n,a) f (k) +
f(n — k). We construct a function g and show inductively that f < g.

Let g(n) = a™'n/z for n > z and = 1 for n < z. For the base case of n < 2, f(n) = g(n)
clearly. Now assuming that for k < n, f(k) < g(k), we show that f(n) < g(n).

f(n) = EkNBinom(n,a) f(k) + f(n - k) < IElcrvBinorn(n,oz) g(k) + g(n - k)a by the inductive
hypothesis. Splitting into two conditional expectations, E g(k) = E[g(k) | £ > z|p(k >
2) +E[g(k) | k < 2]p(k < 2). Given the definition of g, this evaluates to a 12 'E[k | k >
2lp(k > 2z) + a2z Y az)p(k < z). Applying Lemma 12, that quantity is < a 'z 1 E[k | k >
2p(k > 2)+a 27 Ek | k < 2p(k < 2) = a 27 E[K].

Likewise,

E~Binom(n,a) 9(n — k)

= Ep/~Binom(n,1-a) 9(k')

=Ei_ a[ (KK > 2lpi—a(K' > 2) + E1_a[g(K)|K < 2]p1-a(k < 2)

=a 2T R LK K > 2pia(K > 2)+ (1 —a) 21— a)2)pr_alk < 2)

< a_l _IIE ,a[k: | K > 2]p1alk > 2) + (1 —a) L2 By oK | K < 2]pr_o(K < 2)
<a~ 1—alK' | K > z]p1 ok >2) Fa 2T B LK | K < zproa(k < 2)
[

=a 1z _1IE1 o[k =a 27 Bl — K] (17)
Therefore, Ejginom(n,a) 9(k) + ( — k) a 127 YE[k] + E[n — k]) = a~'27In, which
completes the proof that f(n) < « In for n> z. [ |

Now, we extend Theorem 10 by relaxing the assumptions. First, by symmetry, for
a > 1/2, fo(n) < (1 —a)"'n/z. And now instead of having a constant a for every
Bernoulli distribution, let every bit be sampled from Bernoulli(3(s)), where s is the string of
already-sampled bits, and o < B(s) < 1 — a. We would like to bound Eg F,.

Theorem 13 (Prunability) Es F,, < a™'n/z forn > z.

Proof Because 8 depends on the address of the node in question, we cannot immediately
produce a recurrence relation. Instead, we quantify over all possible functions 3 that have the
property described above. So let f,(n) = supg g [q,1-a] Eg' Fn, where X™ is the Kleene-*
operator. Now, the maximum number of descendant leaves of a node does not depend on its
address.

First, of course, Eg F;, < f/,(n). And now we show f/,(n) < g(n), as defined in the proof
of Theorem 10, which we do by induction. For the base case of n < z, f/(n) = g(n) = 1.
Now we assume that the inductive hypothesis holds for & < n, and show that it holds for n
as well.

We can split the supremum over functions into a supremum over the function’s value at a
particular string and the supremum over all functions consistent with that value. So f/ (n) =
SUP~e[a,1—a] SUPB":B* —[a,1—als.t.8(0)=y Eﬁ’ Fn = SUP~e[a,1—0] IEkNBinom(n,'y) féz(k) + f(;(n - k)
By symmetry, we can restrict v € [, 1/2] without reducing the supremum. By the inductive
hypothesis, f/(n) < SUP~e[a,1/2] Ek~Binom(n,y) 9(k) + g(n — k). The proof proceeds exactly
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as before, except all p’s and E’s are with respect to k ~ Binom(n, ) instead of Binom(n, «),
and when we apply Lemma 12, instead of immediately saying az < E[k|k < z], we say
az < vz <E[klk < z]. [ |

Therefore, under the conditions of the Prunability Theorem, the expected number
of leaves t < a~!(n + m)/z, so the expected space requirements of the algorithm are
O((n+m)(g+a~12)) and the expected run time is O((n+m)(q+a~'22)). In terms of n, m,
and z, this is the same asymptotic complexity that a general z-dimensional kernel achieves.

11 Experiments

We duplicate the experimental setup of Wang et al. (2019) and Cohen et al. (2022)—we
evaluate our method on the same 12 regression datasets (Dua and Graff, 2017), using the
same three train/test splits, and we look at the root mean square error of predictions for
the test data alongside the mean negative log likelihood assigned to individual points in
the test data. We adopt Cohen et al.’s (2022) method for optimizing the weight vector
w, with minor modifications.? Of course, the gradient of the negative log likelihood with
respect to the weight vector has a completely different form than it does in Cohen et al.
(2022). The benchmarks used by these papers have data € R?, so we also adopt Cohen
et al.’s (2022) method for heuristically optimizing the mapping from R? to B?. The only
major deviation from Cohen et al. (2022) is that we do not run twenty training runs from
different initializations and pick the one with the lowest training loss; we just run it once.

The Dot Binary Tree Kernel can be constructed with any finite-dimensional kernel as a
base, so for our experiments we pick a model finite-dimensional kernel that is commonly used:
an inducing points kernel, where the inducing points are optimized minimize the negative
log likelihood of the training data plus a variational penalty (SGPR). And following the
benchmarks in Wang et al. (2019) and Cohen et al. (2022), the SGPR kernel’s base kernel is
a Matérn 3/2 kernel.

It takes more memory to build our DBTGP from an SGPR kernel with some number of
inducing points that just use an SGPR kernel with that number of inducing points. Under
the conditions of the Prunability Theorem, the overhead of DBTGP compared to SGPR is
only a multiplicative constant, but even so, doubling the number of inducing points also
has only constant overhead. So to make a fair comparison, we evaluate DBTGP and SGPR
with different numbers of inducing points, and compare performance as a function of the
memory usage of each method. The code is available at https://tinyurl.com/dbtgp-code
and https://tinyurl.com/sgpr-code.

For NLL and RMSE evaluation, see Figures 4 and 5, respectively. In terms of NLL, on
two datasets—kin40k and keggundirected—SGPR does robustly better than DBTGP. On two
datasets—elevators and song—performance is comparable. And on the other eight datasets,
DBTGP is robustly better. For houseelectric and slice, DBTGP’s improvement is more than
a nat per prediction; for 3droad, it is more than two nats; for bike, it is one to three nats.

2. Like Cohen et al. (2022), we use Adam optimization, but we also add annealing (calculating the gradient
at a nearby location, with noise decaying harmonically). We regularly check the loss, and if it has gone
up, we revert and decrease the learning rate and annealing noise. And whereas Cohen et al. (2022) require
[|lw|]1 = 1, we only add quadratic penalty for ||w||1 exceeding 1.
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This improvement is not incremental. In terms of RMSE, on one dataset—kin4d0k—SGPR
does robustly better than DBTGP. On two datasets—the same ones as before—performance
is comparable. And on the other nine datasets, DBTGP is robustly better. Following Wang
et al. (2019) and Cohen et al. (2022), the targets are transformed so that the training targets
have zero mean and unit variance. So to get a sense of scale, an RMSE of 1 could be obtained
by always guessing 0. With the exception of keggundirected for NLL, DBTGP matches or
exceeds the performance of BTGP, sometimes substantially.

12 Conclusion

We have developed a new matrix representation suited for fast GP regression, which allows
us to extend any finite-dimensional GP to an infinite-dimensional one with little to no
increase in asymptotic complexity. In particular, our method still achieves linear complexity
in the number of data points. We found empirically that this tended to improve predictive
performance at a fixed memory budget.
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Figure 4: Test negative log likelihood as a function of memory usage for DBTGP (purple),
SGPR (black), and BTGP (magenta). The three lines for each method correspond to three
different train/test splits.
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Figure 5: Test root mean square error as a function of memory usage for DBTGP (purple)
and SGPR (black), and BTGP (magenta). The three lines for each method correspond to
three different train/test splits.
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