Downloaded 03/04/26 to 5.198.139.106 . Redistribution subject to SIAM license or copyright; see https://epubs.siam.org/terms-privacy

SIAM J. MATRIX ANAL. APPL. © 2025 Society for Industrial and Applied Mathematics
Vol. 46, No. 4, pp. 2527-2557

EMBRACE REJECTION: KERNEL MATRIX APPROXIMATION BY
ACCELERATED RANDOMLY PIVOTED CHOLESKY*

ETHAN N. EPPERLYT, JOEL A. TROPP!, AND ROBERT J. WEBBER}

Abstract. Randomly pivoted Cholesky (RPCHOLESKY) is an algorithm for constructing a low-
rank approximation of a positive-semidefinite matrix using a small number of columns. This paper
develops an accelerated version of RPCHOLESKY that employs block matrix computations and re-
jection sampling to efficiently simulate the execution of the original algorithm. For the task of
approximating a kernel matrix, the accelerated algorithm can run over 40x faster. The paper con-
tains implementation details, theoretical guarantees, experiments on benchmark data sets, and an
application to computational chemistry.
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1. Introduction. This paper treats a core task in computational linear algebra:

Low-rank psd approximation: Given a positive-semidefinite (psd) matrix
A € CVN*N and a rank parameter 1 < k < N, compute a matrix F € CV*k
such that A~ FF™.

Randomly pivoted Cholesky (RPCHOLESKY) is a randomized variant of the pivoted
partial Cholesky method that stands among the best algorithms for constructing a
rank-k psd approximation from a set of k columns [4]. The present work introduces
accelerated RPCHOLESKY, a new algorithm that runs up to 40x faster than RP-
CHOLESKY, while producing approximations with the same quality. The accelerated
method simulates the behavior of the simpler method by means of block-matrix com-
putations and rejection sampling. Its benefits are most pronounced when the matrix
dimension N and the approximation rank k are both moderately large (say, N > 10°
and k >10?), a regime where existing algorithms struggle.

1.1. Access models for matrices. When designing an algorithm for low-rank
approximation of a psd matrix A, one must consider how the algorithm interacts
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with the matrix. For example, in the matvec access model, the primitive operation
is the matrix—vector product v — Awv, and the algorithm designer aims to construct
the low-rank approximation with the minimum number of matrix—vector products
[26, 32, 36]. The matvec access model can arise from the discretization of differential
and integral operators, among other applications.

In the entry access model, the primitive operation is the evaluation of the matrix
entry A(%,7) for any pair (4,7) of row and column indices. The papers [4, 14, 16, 27,
30, 35] contain efficient algorithms for low-rank psd approximation in the entry access
model. These methods are appealing because they only access and manipulate a small
fraction of the entries in the target matrix.

The entry access model does not always provide a satisfactory abstraction for
scientific computing and machine learning because it fails to account for computational
efficiencies observed in practice by accessing the matrix in a block-wise fashion. To
remedy this deficiency, this paper works in a paradigm that will be called the submatriz
access model. The primitive operation is extracting a submatrix:

(11) A(Slvs2):[A(ivj)]iGSthSz fOT Sl,SQg{l,...,N}.

This access model describes the setting where the cost of generating a moderately
large submatrix is comparable with the cost of evaluating a single matrix entry. As
the next subsection explains, the submatrix access model reflects the computational
challenge that arises from kernel methods in machine learning.

1.2. Kernel matrices and the submatrix access model. Recall that a
positive-definite kernel function x : R? x R? — R can be used to define a similar-
ity metric between pairs of data points [31]. Popular kernel functions include the
Gaussian and ¢; Laplace kernels:

1 ]
(1.2) k(x,z') = exp (—%‘2 |z — w/||2> , [Gaussian]

d
(1.3) k(x,z') = exp <—; Z |z(i) — :L"(z)|> : [¢1 Laplace]

Here, || - || is the £2 norm and o > 0 is the bandwidth, which sets the scale of inter-
actions. Given data points x1,...,zy € R%, the kernel matrix A = [k(x;, x;)]1<ij<n
is a psd matrix that tabulates the similarity between each pair of points. Kernel
methods perform dense linear algebra with the kernel matrix to accomplish machine
learning tasks, such as regression and clustering.

On modern computers, the runtime of numerical algorithms is often dominated by
time moving data between cache and memory rather than time performing arithmetic
operations [13, pp. 13, 581-582]. Each time columns of a kernel matrix are generated,
whether a single column or a large block of b>> 1 columns, all N data points {z;}¥
must be moved from memory to cache. When data movement dominates the runtime,
generating columns in blocks of size b can be up to bx as fast as generating columns
one-by-one. See section A for discussion of other reasons why blocking can increase
the speed of matrix algorithms.

Figure 1 provides empirical evidence that the submatrix access model is the ap-
propriate abstraction for kernel matrix computations. The figure charts the number
of columns formed per second when evaluating blocks of b columns in a 10° x 10° ker-
nel matrix with varying block sizes 1 < b < 103. The per-column efficiency increases
with b, and it saturates once the block size b is large enough to maximally reap the
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Fi1G. 1. Columns generated per second for Gaussian (left) and 1 Laplace (right) kernel matrices
with bandwidth o = 1. The data consists of N = 10° standard Gaussian points with dimension
d € {1,10,100,1000}.

benefits of block-wise access. This critical block size and the maximum speedup is
sensitive both to the dimension d of the data and the choice of kernel. In the most
extreme case (Gaussian kernel with d = 1000), generating columns in blocks of size
b=1000 is 100x as efficient as generating columns one at a time.

For moderately large data sets (say, N > 10°), it is prohibitively expensive to
generate and store the full kernel matrix. Fortunately, the kernel matrix often has
rapidly decaying eigenvalues, so it can be approximated by a low-rank matrix con-
structed from a subset of the columns. When properly implemented with block-wise
access, this approximation makes it possible to scale kernel methods to billions of data
points [25]. The resulting machine learning methods can achieve cutting-edge speed
and interpretability for tasks in scientific machine learning [2].

1.3. Efficient low-rank approximation in the submatrix access model.
Given the large speedups observed in Figure 1, it is natural to ask a question:

What algorithm for low-rank psd approximation is most efficient in the sub-
matrix access model?

This paper answers the question by proposing the accelerated RPCHOLESKY algo-
rithm. To contextualize this new method, the rest of this subsection reviews simple
RPCHOLESKY (subsection 1.3.1) and block RPCHOLESKY (subsection 1.3.2). Last,
subsection 1.3.3 takes a first look at accelerated RPCHOLESKY.

1.3.1. Simple RPCholesky. Randomly pivoted Cholesky (RPCHOLESKY) is
an algorithm for low-rank psd approximation that is designed for the entry access
model [4]. After extracting the diagonal of the matrix, the algorithm forms a rank-k
approximation by adaptively evaluating and manipulating & columns of the matrix.

Starting with the trivial approximation A" =0 and the initial residual A :=

~(k
A, RPCHOLESKY builds up a rank-k approximation A( ) by taking the following
steps. For i =0,...,k—1,
1. Choose a random pivot. Select a random pivot s;11 € {1,..., N} according
to the probability distribution
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AV, )
tr A¢
2. Update. Evaluate the column A(i)(:,3i+1) of the residual indexed by the
selected pivot s;4;. Update the approximation and the residual:
A0TY 20, A(i)(:a(f)i+1)A(i)(si+17:).
A (Siv1,Sit1)
AV 51)AD (si41,)
A9 (si41,8041) '
In this algorithm and those that follow, “pivot” refers to the index of the selected
column. Pivots are chosen by means of an adaptive, randomized selection rule. Ad-
ditionally, A(---) indicates access of A by MATLAB-style indexing notation; see

subsection 1.6 for a discussion of notation.
With an optimized implementation (Algorithm D.1), RPCHOLESKY produces the

(1.4) Psip1 =3} =

)

AGTD . A0 _

—~ (K
approximation A = A( ) in factored form after O(k2N) arithmetic operations. The
history of RPCHOLESKY and related algorithms [4, 9, 10, 28] is surveyed in [4, sec. 3].

1.3.2. Block RPCholesky. RPCHOLESKY is less efficient than it could be
because the algorithm evaluates columns one by one, failing to take advantage of the
submatrix access model. For this reason, large-scale machine learning applications
[2, 11] often employ the block RPCHOLESKY algorithm [4], which is faster. This
method draws b > 1 random pivots with replacement according to the distribution
(1.4). Then it updates the approximation and residual using the b pivots. For target
rank k, the block size b= k/10 is often used in applications. The pseudocode for block
RPCHOLESKY is available in Algorithm D.2 in the appendix.

This paper resolves several open empirical and theoretical questions about the
performance of block RPCHOLESKY. First, new experiments confirm that simple
RPCHOLESKY and block RPCHOLESKY provide similar approximation accuracy on
typical problems (Figure 3), but there are challenging examples where the simple
method is over 100x more accurate than the block method (Figures 2 and 3). Second,
new error bounds guarantee the eventual success of block RPCHOLESKY for any block
size b (Theorem 4.2). However, the bounds show that the efficiency of the block
method can degrade when the target matrix has rapid eigenvalue decay.

1.3.3. Accelerated RPCholesky. The main contribution of this paper is a
new accelerated RPCHOLESKY algorithm, which combines the best features of the
simple and block methods. Accelerated RPCHOLESKY produces the same distribution
of random pivots as simple RPCHOLESKY and enjoys the same accuracy guarantees,
while taking advantage of the submatrix access model to improve the runtime.

At each step, accelerated RPCHOLESKY proposes a block of b random pivots.
Then the algorithm thins the list of proposals using rejection sampling, and it up-
dates the matrix approximation using the accepted pivots. As compared with block
RPCHOLESKY, the new feature of accelerated RPCHOLESKY is the rejection sampling
step, which simulates the pivot distribution of simple RPCHOLESKY.

Here is a summary of the accelerated RPCHOLESKY method; a comprehensive ex-
planation appears in section 2. The user fixes a block size parameter b > 1. Starting

with the approximation X(O) := 0 and the residual A := A, accelerated RPC-

~(t
HOLESKY builds up a low-rank approximation A( ) with rank at most bt by means of
the following procedure. For i =0,...,t — 1,

Copyright (©) by SIAM. Unauthorized reproduction of this article is prohibited.



Downloaded 03/04/26 to 5.198.139.106 . Redistribution subject to SIAM license or copyright; see https://epubs.siam.org/terms-privacy

ACCELERATED RANDOMLY PIVOTED CHOLESKY 2531

1. Propose a block of random pivots. Propose a block of independent and

identically distributed random pivots {s}; ;.. ., 5;;(1'-5-1)} with
AV (4,4)
S I
P{Sé_j} - tr !(i) :

2. Rejection sampling. Initialize the incremental pivot set S; < (). For each
£=bi+1,...,b(i+ 1), accept the pivot s, with probability
AV 8) - A(s),5) A0 (5,,5)1 AV (1)
A (s),5,)

p(sp) ,
and update S; «—S; U {s}}. Otherwise, reject the pivot and do nothing.

3. Update. Update the approximation:

ATV — 2V L A0 5405, 5,)TA0(S,,);

A .= AO _ AG (5405, 5)TA (S, ).

For numerical stability and efficiency, the pseudoinverse A(")(SZ-,SZ-)Jr should
be computed and applied via a Cholesky decomposition of AW (S,S:)-
Because of the possibility of rejections, this algorithm uses slightly more entry
look-ups than simple RPCHOLESKY to generate a rank-k approximation. However,
it is much faster in practice due to blockwise computations. Algorithm 2.2 provides
an optimized implementation.

1.4. Illustrative comparison. Figure 2 presents a stylized example where sim-
ple RPCHOLESKY, block RPCHOLESKY, and accelerated RPCHOLESKY are applied
to a Gaussian kernel matrix, which is generated from N = 10° data points form-
ing a smile in R? of radius 10. The bandwidth is set to o = 0.2. This example is
only intended to illustrate the differences between the RP CHOLESKY-type algorithms;
subsection 3.1 provides more extensive comparisons on a testbed of synthetic data,
random point clouds, and real-world data.

As shown in the left panel of Figure 2, both block RPCHOLESKY and accelerated
RPCHOLESKY are 4x to 5x faster than simple RPCHOLESKY on this example. The
right panel of Figure 2 shows the relative trace error

30 ; : w 10°
-® RPCholesky l
o5 —¥ Accelerated RPCholesky .
@ Block RPCholesky e =
_20 - 5102
2 15 - E
2 -7 Z o4
= e - 10
10 'k E
gl.-”
Ky 10°®
200 400 600 800 1000 200 400 600 800 1000
Rank k& Rank &

F1G. 2. Runtime (left) and relative trace norm error (1.5) (right) of RPCHOLESKY, block RP-
CHOLESKY, and accelerated RPCHOLESKY applied to a Gaussian kernel matriz A associated with
10° points in R? forming a smile (inset, right). The blocked methods use block size b=120.
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tr(A— A
(1.5) tr(A—A)

tr(A)

of the methods. Accelerated RPCHOLESKY and simple RPCHOLESKY give the same
accuracy, so the error curves coincide with each other. Block RPCHOLESKY fares
much worse, attaining 800x higher error than the other methods at rank & = 1000.
This example supports the basic takeaway message: accelerated RPCholesky pro-
duces the same distribution of random outputs as simple RPCholesky
while being much faster.

1.5. Outline. This paper explores the theoretical and empirical properties of ac-
celerated RPCHOLESKY and compares it to simple and block RPCHOLESKY. Section
2 introduces accelerated RPCHOLESKY and discusses efficient implementations. Sec-
tion 3 presents numerical experiments. Section 4 analyzes accelerated RPCHOLESKY
and block RPCHOLESKY. Section 5 extends these methods and proposes an acceler-
ated randomly pivoted QR method.

1.6. Notation. Entries and submatrices of A are expressed using MATLAB
notation. For example, A(:,7) represents the ith column of A and A(S,:) denotes the
submatrix of A with rows indexed by the set S. The conjugate transpose of a matrix
F is denoted as F*, and the Moore—Penrose pseudoinverse is F''. The inverse of the
conjugate transpose of a nonsingular matrix is denoted F~* := (F~1)* = (F*)~1,
The matrix ITg is the orthogonal projector onto the column span of F'. The function
Ai(A) outputs the ith largest eigenvalue of a psd matrix A. The symbol < denotes
the psd order on Hermitian matrices: H < A if and only if A — H is psd. A matrix
A is described as “rank-r” when rank A <r. Last, || - || denotes the vector ¢5 norm.

2. Faster RPCholesky by rejection sampling. This section explains how
RPCHOLESKY can be implemented efficiently with rejection sampling (subsections 2.1
and 2.2). Afterward, subsection 2.3 introduces and provides the pseudocode for ac-
celerated RPCHOLESKY. Subsection 2.4 explains how to implement accelerated RP-
CHOLESKY with more operations but lower memory requirements.

2.1. Implementing RPCholesky with rejection sampling. Rejection sam-
pling is a standard approach for sampling from a challenging probability distribution
[24, Sec. 2.2]. This section shows how to use rejection sampling to sample the piv-
ots s1,...,S, according to the RPCHOLESKY distribution. Rejection sampling was
originally applied to RPCHOLESKY in [15], building on related ideas from [29].

Consider the following setting. Suppose that one has already sampled pivots S; =

{s1,...,si}, which define the rank-i approximation ﬁ(i) = A(:,S;)A(S:,S:)TA(S;,)

and the residual AY = A — g(l). In addition, suppose that one has access to an
upper bound u on the diagonal of the residual A,

u(j) > AW (j,j) foreach j=1,...,N.
The diagonal of the residual decreases at each step of the RPCHOLESKY procedure:

A(i)(j,j) < A(ifl)(j,j) < .-+ < A(4,7) for each index j. Thus, u = diag(A) is one
possible choice for the upper bound.
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To select the next pivot s;41, rejection sampling executes the following loop:

Rejection sampling loop:
1. Propose. Draw a random pivot s according to the proposal distribu-
tion u, given by P{s=j} =u(j)/ > p_; u(k).
2. Accept/reject. With probability A (s,s)/u(s), accept the pivot
and set s;41 < s. Otherwise, reject the pivot and return to step 1.

Notice that steps 1 and 2 are repeated until a pivot s;4; is accepted. Thus, the
procedure generates a set S;1 <= S; U {sit1} of i + 1 pivots, defining a rank-(¢ + 1)

. .o N . .
approximation A . Continuing in this way, one can sample pivots s;12,S;+3,- ..
and construct a low-rank approximation of the desired rank k.

The advantage of rejection sampling over the standard RPCHOLESKY implemen-
tation (Algorithm D.1) is that rejection sampling only evaluates the diagonal entries
diag A(i)(s,s) at the proposed pivot indices s, whereas Algorithm D.1 evaluates all
the entries of diag AW at every step. Nonetheless, the efficiency of rejection sampling
depends on the typical size of the acceptance probability A(i)(s,s)/u(s). A small
acceptance probability leads to many executions of the loop 1-2 and thus a slow al-
gorithm. Accelerated RPCHOLESKY avoids this issue by periodically updating u to
keep the acceptance rate from becoming too low.

2.2. Efficient rejection sampling in the submatrix access model. This
section describes how to implement RPCHOLESKY with rejection sampling in the
submatrix access model. The resulting procedure, called REJECTIONSAMPLESUBMA-
TRIX, serves as a subroutine in the full accelerated RPCHOLESKY algorithm, which
is developed in subsection 2.3.

REJECTIONSAMPLESUBMATRIX works as follows. Assume the proposal distribu-
tion u := diag A, and assume the initial pivot set is empty: Sg = (). To take advantage
of the submatrix access model, begin by sampling a block S’ = {s{,...,s;} of b>1
proposals independently from the distribution

P{s'=j} = ?r((ji{])) for j=1,...,N.

For efficiency, generate the entire submatrix A(S’,S’). Finally, perform b pivot accept
or reject steps with probabilities given by the diagonal submatrix elements to obtain
aset SCS of accepted pivots. Each time a pivot is accepted, the procedure performs
a Cholesky step to eliminate the accepted column from the submatrix and to update
the acceptance probabilities. The pseudocode for REJECTIONSAMPLESUBMATRIX is
given in Algorithm 2.1. As inputs, it takes the proposed pivots S’ and the submatrix
H = A(S,Y), and it returns the set S C S’ of accepted pivots and a Cholesky
factorization A(S,S)=LL".

In contrast to the procedure in the previous section, REJECTIONSAMPLESUBMA-
TRIX only makes b proposals in total, and the set S C S’ of accepted pivots has random
cardinality 1 < |S| < b. The first pivot s} is always accepted because the proposal
distribution u = diag(A). Conditional on the number of acceptances |S|, the accepted
pivots si,...,5|s| have the same distribution as |S| pivots selected by the standard
RPCHOLESKY algorithm (Algorithm D.1) applied to the full matrix A.

2.3. Accelerated RPCholesky. The shortcoming of the block rejection sam-
pling approach in the previous section is that the acceptance rate declines as the
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Algorithm 2.1. REJECTIONSAMPLESUBMATRIX subroutine.

Input: Psd matrix H € C®*® and proposed pivots S’ = {s},...,s},}
Output: Accepted pivots S CS’; Cholesky factor L
L+ Ob><b7 T+0

u + diag(H)
fori=1,...,bdo
if u;- RAND < h;; then > Accept or reject
T+ TuU{i} > If accept, induct pivot
L(i:b,i)< H(i:b,i)/+/H(i,1) > Compute Cholesky factor
H(i+1:bi+1:0)« H(i+1:bi+1:b)—L(i+1:b,4)L(i+1:b,i)*
end if
end for
L+ L(T,T) > Delete rejected rows and columns
S« {s:ieT} > Get accepted pivots

Algorithm 2.2. Accelerated RPCHOLESKY: Standard implementation.

Input: Psd matrix A € CN*N: block size b; number of rounds ¢
Output: Matrix F' € CV*¥ defining low-rank approximation A = FF*; pivot set S
Initialize F < Onxo, S+ 0, and u + diag A

fori=0tot—1do
Step 1: Propose a block of pivots

/ / iid . ’ / ’
Sample i, 1,- .., 80,0y, ~ w and set S {3 1, S( 1)t

Step 2: Rejection sampling

H « A(S],S;)— F(S;,:)F(S},:)*

Si, L < REJECTIONSAMPLESUBMATRIXS,, H

S+SuUS; > Update pivots
Step 3: Update low-rank approzimation and proposal distribution

G+ (A(:,S:) — FF(S;,:) )L™

F«+[F G|

U < u— SQUAREDROWNORMSG > Update diagonal

u + max{u,0} > Helpful in floating point arithmetic
end for

diagonal of the residual matrix decreases. Accelerated RPCHOLESKY remedies this
weakness by employing a multiround sampling procedure. At the beginning of each
round, the sampling distribution u < diag(A — A) is updated using the current
low-rank approximation A.
In detail, accelerated RPCHOLESKY works as follows. Fix a number of rounds
t > 1 and block size b > 1, and initialize A < 0 and u + diag(A). Fori=0,1,...,t—1,
perform the following three steps:
1. Propose a block of pivots. Sample b pivots independently with replace-
ment according to the distribution P{s = j} =w(j)/ > p_; u(k).
2. Rejection sampling. Use REJECTIONSAMPLESUBMATRIX (Algorithm 2.1)
to downsample the proposed pivots. R
3. Update. Update the low-rank approximation A and the diagonal vector
u « diag(A — A) to reflect the newly accepted pivots.
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The optimized pseudocode for accelerated RPCHOLESKY is given in Algorithm
2.2. As output, Algorithm 2.2 returns an approximation A ~ A of rank t < k < bt,
where k is the total number of accepted pivots. The rank k is at least ¢ since the first
pivot of each round is always accepted. For convenience and computational efficiency,
A is reported in factored form A= FF”".

The computational timing of Algorithm 2.2 can be summarized as follows. Step 1
makes a negligible contribution to the overall timing, requiring O(N + b) operations.
Step 2 is also relatively fast since it requires just O((b+k)b?) operations, independent
of the dimension N of the matrix. Step 3 is typically the slowest, as it generates and
processes a large block of |S;| < b columns in O(k|S;|N) operations. However, the
user should take care that the acceptance rate does not fall below the level O(b/N)
because then step 2 also becomes a computational bottleneck.

2.4. Low-memory implementation. As a limitation, Algorithm 2.2 requires
storing an N X k factor matrix, which is prohibitively expensive when the approxima-
tion rank and the matrix dimensions are very large, say, k > 10* and N > 10°. For
a problem of this particular size, storing the factor matrix requires > 80GB of mem-
ory in double-precision floating-point format, which exceeds the available memory on
many machines.

Algorithm 2.3 addresses the memory bottleneck with an alternative implementa-
tion of accelerated RPCHOLESKY that only requires O(N +k?) storage and repeatedly
regenerates entries of A on an as-needed basis. The method produces the same distri-
bution of pivots and acceptance probabilities as Algorithm 2.2, and the computational
cost is still O(Nk?) operations. However, the number of kernel matrix evaluations

Algorithm 2.3. Accelerated RPCHOLESKY: Low-memory implementation.
Input: Psd matrix A € CV*¥; block size b; number of rounds ¢
Output: Pivot set S defining low-rank approximation A= A(:,S)A(S,9)TA(S,);
Cholesky factor L with A(S,S)=LL"
Initialize k <t - b, L < Ogxg, S+ 0, and u + diag A

fori=0tot—1do
Step 1: Propose a block of pivots

Sample i 155840 % w and set Si 4 {sippr - St

Step 2: Rejection sampling

H «— A(S},S}) — A(S},S)L™"L™'A(S},S)

Si, L; < REJECTIONSAMPLESUBMATRIXH, S/

S+ SuUS; > Update pivots

Step 3: Update low-rank approrimation and proposal distribution

for j=0tot—1do > Update diagonal, k entries at a time
R {jb+1,...,(j+1)b} > Chunk of b rows
Evaluate the submatrix A(R,S)
G+ (A(R,S;) — A(R,S\S) L *L ' A(S\S;,5:))L;*
u(R) + u(R)— SQUAREDROWNORMSG

end for
L+ L 0 > Update Cholesky factor
A(S;,S\S;))L™" L,
u < max{u, 0} > Ensure w remains nonnegative
end for
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increases from O(Nk) to O(Nk?) because the kernel matrix entries are regenerated
when they are needed.

The low-memory implementation in Algorithm 2.3 does not explicitly store an
N x k factor matrix. Rather, it maintains a Cholesky factorization A(S,S)=LL"* €
Ck*k that implicitly defines the low-rank approximation:

(2.1) A=A(;,S)A(S,S) " A(S,:) = A(:,S)L "L A(S,").

The submatrix A(:,S) is not stored, and it is regenerated as needed. The implicit
low-rank approximation A can be accessed via matrix—vector products, and it can be
employed, for example, to speed up kernel machine learning algorithms [11].

2.5. Related work: Robust blockwise random pivoting. In recent work
[12], Dong, Chen, Martinsson, and Pearce introduced robust blockwise random piv-
oting, a variant of block randomly pivoted QR for rectangular matrix low-rank ap-
proximation; this method can also be extended to provide a partial pivoted Cholesky
decomposition for psd low-rank approximation. Similar to accelerated RPCHOLESKY,
RBRP works by first sampling a block of random pivots and downsampling them to
a smaller set of representatives. A comparison of our method with their approach
appears in section C.

3. Numerical results. This section presents numerical experiments highlight-
ing the speed and accuracy of accelerated RPCHOLESKY, both for a testbed of 125
kernel matrices (subsection 3.1) and for 8 potential energy calculations from molec-
ular chemistry (subsection 3.2). The code to replicate the experiments can be found
in the block_experiments folder of https://github.com/eepperly /Randomly-Pivoted-
Cholesky. In all these experiments, a target rank k is set, and block RPCHOLESKY
and accelerated RPCHOLESKY are run for as many rounds ¢ as needed to select k
pivots. The full-memory implementation of accelerated RPCHOLESKY (Algorithm
2.2) is used in all experiments.

3.1. Testbed of 125 kernel matrices. The first round of experiments eval-
uates the accuracy and speed of accelerated RPCHOLESKY using over 100 kernel
matrices, although some matrices were constructed from the same data with different
kernel functions k. The target matrices were generated from the following synthetic,
random, and real-world data sets:

e Challenging synthetic examples. Three synthetic data were constructed
to provide challenging examples of outliers and imbalanced classes of data
points. The first two data sets depict a smile and a spiral in R?, scaled to
three different length scales. The third data set represents a Gaussian point
cloud in R?°, with 50 or 500 or 5000 points perturbed to become outliers.
These synthetic data sets include N = 10° points, and the kernel function is
Gaussian with bandwidth o =1.

¢ Random point clouds. Four random data sets were simulated, containing
N = 10° standard Gaussian data points in dimension d € {2,10,100,1000}.
The kernel function is Matérn-3/2 or ¢;-Laplace with bandwidth
o € {Vd/2,v/d,2V/d} or Gaussian with bandwidth o € {+/d/20,/d/10,v/d/5}.

¢ Real-world data. 28 real-world data sets were downloaded from LIBSVM,
OpenML, and UCI. They include the 20 examples from [11, Tab. 1], supple-
mented with a9a, cadata, Click_prediction_small, phishing, MiniBoonNE,
santander, skin nonskin, and SUSY. These data sets range in size from
N =4.3x10* to N =1.3 x 105 points, but the larger data sets were randomly
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Fi1G. 3. Speed-up factor (top) and trace error ratio (eq. (3.1), bottom) of block and accelerated
RPCHOLESKY compared to simple RPCHOLESKY on the testbed of 125 kernel matrices. Ezamples
are sorted by the block RPCHOLESKY speed-up factor (top) or the block RPCHOLESKY error ratio
(bottom).

subsampled to a maximum size of N = 10° points. The kernel function is
either Gaussian, Matérn-3/2, or ¢;-Laplace. The bandwidth is the median
pairwise distance ({2 or £1, as appropriate) from a random subsample of 103
points.
For each kernel matrix, the approximation rank is £k = 1000 and the block size is
b=150. A small number of examples were discarded which possess a rank-k approx-
imation of relative trace error < 10713; after this filtering process, there were 125
examples.

Results are shown in Figure 3. The top panel shows the speed-up factor of block
and accelerated RPCHOLESKY over simple RPCHOLESKY. The speed-up factor is at
least 5x for all kernel matrices, and it reaches a level of 40x to 50x for 5% of the
matrices. Consistent with Figure 1, the largest speedups are for high-dimensional data
sets (real or synthetic) with the Gaussian or Matérn kernels. On most examples, the
acceptance rate for accelerated RPCHOLESKY remains at or above 50%. However, for
a few problems, like COMET_MC_SAMPLE with a Gaussian kernel, the acceptance rate for
accelerated RPCHOLESKY drops as low as 3%. As might be expected, the examples
where accelerated RPCHOLESKY has a high rejection rate coincide with the problems
where block RPCHOLESKY is much less accurate than accelerated RPCHOLESKY,
demonstrating the importance of filtering the pivot set for these examples.

The bottom panel shows the ratio of trace norm errors

tr(A— A)

(3.1) tI‘(A — A\RPC) ’
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where A is computed by block or accelerated RPCHOLESKY and ARPC is produced by
simple RPCHOLESKY. As expected, accelerated RPCHOLESKY and RPCHOLESKY
have the same approximation quality. For 100 out of 125 kernel matrices, block
RPCHOLESKY leads to 1.00x to 1.16x the simple RPCHOLESKY error. For the re-
maining matrices, block RPCHOLESKY produces a significantly worse approximation
than simple RPCHOLESKY; the error is 3000x worse for the most extreme problem.

3.2. Potential energy surfaces in molecular chemistry. Molecular dynam-
ics simulations rely on a fast-to-compute model for the potential energy of an atomic
system. Recent work has explored fitting potential energies with machine learning
methods such as kernel ridge regression (KRR) [5, 6, 7, 33]. However, despite the
ubiquity of KRR in molecular chemistry, there is a surprising lack of consensus over
the best numerical method for KRR optimization.

Responding to this uncertainty, the present paper demonstrates how low-rank
preconditioners can accelerate KRR for potential energy modeling and it shows that
accelerated RPCHOLESKY is the best available low-rank approximation method for
this use case. These conclusions are supported by experiments on a benchmark data
set of eight molecules: aspirin, benzene, ethanol, malonaldehyde, naphthalene, sali-
cylic acid, toluence, and uracil.

The experiments in this section use density functional theory data released by
Chmiela et al. [6], available at sgdml.org. This data was prepared as follows:

e Data size: The measurements for each molecule were randomly subsampled
to N =107 training points and Ny = 10* testing points.

e Input data features: The input data consists of positions r; € R? for each
atom i = 1,...,Natoms. Since the potential energy is invariant under rigid
motions, the data is transformed into a vector x listing the inverse pairwise
distances 1/|r;—r;|| for 1 <i < j < nagoms [6]. Following the usual procedure,
these features x were standardized by subtracting the mean and dividing
by the standard deviation. The dimensionality of the input data is thus
d= ("“5“‘5) € [36,210], depending on the molecule.

e Qutput data features: The output data is potential energy measurements in
units of kcal mol~!. The potential energies were centered by subtracting the
mean, but they were not divided by the standard deviation. The standard
deviations are thus 2.3-6.0 kcal mol~!, depending on the molecule.

This paper employs a standard KRR model [23], in which the potential energy
for each molecule is approximated by a linear combination of kernel functions,

N
(3.2) flx)= Zﬁi K(x;,x),

that are centered on the training data points (x;)i1<i<n. The coefficients 5, € R are
chosen as the solution to the linear system:

(3.3) (A+ul)B=y.

Here, y € R™ is the vector of potential energy output values, A = (k(x;,;))1<ij<n
is the kernel matrix, and g > 0 is the regularization parameter. Following [6], the
present study chooses k to be a Matérn-5/2 kernel

oo 5 2 o
o= (1 vE 2=l 5 o=l (o e o]
o 3 o2 o

with bandwidth o = v/d. The regularization parameter is set to u=10"9N.
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FI1G. 4. Runtime needed to generate the preconditioner (prep time) and run the necessary num-
ber of CG iterations until ||AB® —y||/|ly|l < 10~3 (PCG time). Each calculation is performed once
and the results are averaged over the eight molecules.

For large N, the standard approach for solving (3.3) in both the scientific [5, 6,
7, 33] and mathematical [1, 3, 8, 11, 17, 18, 34] literatures is preconditioned conjugate
gradient (PCG) [20, Alg. 11.5.1]. PCG is an iterative algorithm, and each iteration
requires a matrix—vector product with A+ uI and a linear solve with a preconditioner
matrix P. To control the number of iterations and the total runtime, it is essential
to find an easy-to-invert preconditioner satisfying P ~ A + ul. Recent work has
promoted the use of low-rank preconditioners, which take the form

(3.4) P=FF* +ul for FeRV*¥

where FF* ~ A is a rank-k approximation. The community has vigorously debated
the best algorithm to compute F' in practice and in theory [1, 3, 8, 11, 17, 18, 27, 30, 34].

Figure 4 charts the average runtime needed to perform potential energy prediction
with a low-rank preconditioner generated by accelerated RPCHOLESKY, simple RP-
CHOLESKY, ridge leverage score sampling (using the RRLS algorithm [27]), uniform
Nystrom approximation [8, 17], and greedy Nystrém approximation [18, 34]. The
results show that accelerated RPCHOLESKY achieves the fastest runtimes, improving
on the other low-rank approximation algorithms by 4% to 17%. Accelerated RP-
CHOLESKY has the twin advantages that it quickly generates a preconditioner (fast
prep time), and it leads to the minimal number of PCG iterations (fast PCG time).
Another important feature is the consistent performance across problems: accelerated
RPCHOLESKY always produces near-optimal low-rank approximations, whereas other
methods can struggle on difficult examples; see Table 1.

The potential energy model in this paper is a direct application of standard KRR,
yet it leads to higher accuracies for four of eight molecules than the more complicated
kernel model in [6]. On the most extreme example (uracil), the simple model is 10x
more accurate then the existing model. See Table 2 for a table including all eight
molecules. These experiments demonstrate that simple kernel methods combined
with scalable algorithms based on accelerated RPCHOLESKY can be competitive for
problems in scientific machine learning.

4. Theoretical results. This section compares accelerated RPCHOLESKY with
simple RPCHOLESKY using rigorous error analysis. On the surface, the comparison
is straightforward. Since accelerated RPCHOLESKY generates the same distribution
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TABLE 1
Relative errortr(A—FF*)/tr(A) of the low-rank approzimation for each kernel matriz. Accel-
erated and simple RPCHOLESKY have the same error up to £0.001 random variations. Best results
are indicated in bold for each molecule.

Molecule Accelerated RPC  Simple RPC  Greedy Uniform Ridge leverage scores
Aspirin 0.091 0.090 0.085  0.097 0.099
Benzene 0.064 0.064 0.069 0.067 0.070
Ethanol 0.078 0.078 0.087 0.079 0.080
Malonaldehyde 0.073 0.073 0.084 0.074 0.075
Naphthalene 0.106 0.106 0.108 0.109 0.111
Salicylic acid 0.093 0.093 0.095 0.096 0.098
Toluene 0.104 0.103 0.109 0.106 0.107
Uracil 0.056 0.056 0.051 0.062 0.066
Average 0.083 0.083 0.086 0.086 0.088

(8 molecules)

TABLE 2
Mean absolute error (kcal / mol) for the existing potential energy model [6] versus the new
model (3.2). Best results are indicated in bold for each molecule.

Molecule Formula Old energy error  New energy error
Aspirin CoHgOy4 0.127 0.040
Benzene CgHg 0.069 0.048
Ethanol C2HgO 0.052 0.089
Malonaldehyde  C3zH402 0.074 0.133
Naphthalene CioHg 0.113 0.126
Salicylic acid C7HgOs3 0.105 0.102
Toluene CgH5CHg 0.092 0.146
Uracil C4H4N2O2 0.103 0.010

of pivots as simple RPCHOLESKY, it satisfies the main RPCHOLESKY error bound
[4, Thm. 5.1].

THEOREM 4.1 (sufficient pivots for simple and accelerated RPCHOLESKY [4]).
Consider a psd matric A € CN*N | and let A®) denote the random residual after
applying simple or accelerated RPCHOLESKY with k random pivots. Then

N
Eltr(AM)] <(1+2)- > Ai(A)
1=r+1
as soon as

PUARRPNC)
i i(A4)

Theorem 4.1 bounds the sufficient number of pivots in accelerated RPCHOLESKY,
yet it does not bound the sufficient number of iterations needed to produce the pivots
via rejection sampling. The following new result completes the theoretical under-
standing of accelerated RPCHOLESKY by bounding the number of iterations. It also
provides error bounds for block RPCHOLESKY. This new result will be proved in
subsections 4.3 to 4.6.

1
k> r + rlog <> ,  wheren=
€ en

THEOREM 4.2 (sufficient iterations for accelerated and block RPCHOLESKY).
Consider a psd matriv A € CN*N and let AW denote the random residual after
applying t rounds of accelerated RPCHOLESKY or block RPCHOLESKY with a block
size b>1. Then
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N
Eltr(AD)] < (142)- Y X(A)
i=r+1

as soon as the number of proposed pivots bt satisfies

N
r 1 Dimri1 Ai(A)
bt > — + (r +b)log <>, where n= =L 2
T TYIN@

The comparison between accelerated and block RPCHOLESKY follows from a
coupling argument in which block RPCHOLESKY accepts a greater number of pivots
than accelerated RPCHOLESKY in each round, leading to a higher approximation
quality. However, in this comparison, accelerated RPCHOLESKY has the benefit of
rejecting many of the proposed pivots and therefore producing a similarly accurate
approximation with a smaller approximation rank. When the methods are run with
the same approximation rank, accelerated RPCHOLESKY can be much more accurate,
as reflected in the numerical experiments of section 3. The failure modes of block
RPCHOLESKY can be seen in Figures 2 and 3.

The bounds in Theorems 4.1 and 4.2 hold for all accuracy levels € > 0, and they
each contain a term z‘\/ e, which is the minimal number of pivots needed to guarantee an
error level (1+¢)-> ;2 | A\i(A) in any low-rank approximation produced by a pivoted
partial Cholesky decomposition applied to a worst-case matrix [4, Thm. C.1]. The
bounds also contain a term rlog(1/(en)) or (r + b)log(1/(en)), which represents the
number of pivots that need to be accepted or proposed for the algorithm to improve
the approximation quality from an initial error level tr(A)=n"1- Zﬁirﬂ Ai(A) to a
lower error level (1+¢)- Zf\; 41 Ai(A). Indeed, the only difference between Theorems
4.1 and 4.2 is the quantity blog(1/(en)), present in the latter. This difference becomes
significant when the theorems are evaluated for a small target rank r < b and a tiny
approximation error < 1. This extreme setting occurs when the matrix A is nearly
rank-r. Then, accelerated RPCHOLESKY accepts very few proposals per round, so it
takes many rounds to converge to high accuracy.

Last, Theorem 4.2 can be compared with the bound of Deshpande, Rademacher,
Vempala, and Wang [9]. Their bound was originally derived for block randomly
pivoted QR, but it can be extended to block RPCHOLESKY. Here is a simplified
version of their result, adapted from [4, sec. 3.6].

THEOREM 4.3 (sufficient iterations for block RPCHOLESKY with a large block
size [9]). Fiz € <3/2 and a large block size b > 3r/c. Consider a psd matriz A, and
let AY denote the random residual after applying t rounds of block RPCHOLESKY.
Then

N
Eftr(AD)] < (142)- > Ai(A)
1=r+1
log(1/n+ 1) Y, Ai(A)

where n =

=77 log(3/e) Yz Ai(4)

When Theorems 4.2 and 4.3 are both applicable, they specify a similar number of
sufficient iterations for block RPCHOLESKY to converge to high accuracy. However,
Theorem 4.3 has a more limited range of applicability since it requires a large block
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size b > 3r/e. This prescription for a large block size is exactly the reverse of block
RPCHOLESKY’s behavior in practice, in which the method provides more accurate
approximations given a smaller block size. In particular, Theorem 4.3 has limited
applicability in the typical setting where the user tunes the block size b for a given
computing setup to achieve the fastest runtime. The final weakness of Theorem 4.3
is that it does not extend to accelerated RPCHOLESKY.

4.1. Method of proof. The proof uses many probabilistic and linear algebraic
tools that were introduced in the analysis of simple RPCHOLESKY [4, Thm. 5.1], and
it follows the same core approach:

(a) Evaluate the function that gives the expected value of the residual matrix

after generating and processing a single pivot.

(b) Prove monotonicity and concavity properties for the expected residual func-

tion.

(c) Use monotonicity and concavity to identify a worst-case matrix A € RV*V.

(d) Analyze the worst-case matrix to produce error bounds.

As the core difficulty, accelerated RPCHOLESKY leads to an expected residual
function that does not satisfy the matrix monotonicity property. Therefore, it is
necessary to develop more subtle concavity and monotonicity properties, and the
proof is twice as long as before.

The expected residual function for accelerated RPCHOLESKY can be derived as

~(1,% . . .
follows. Let A( K be the low-rank approximation generated from the first ¢ <b pro-

i ~(1,1 . . .
posals, and let AL = 4 A( ) be the corresponding residual matrix. Accelerated
RPCHOLESKY updates the residual matrix in three steps:
1. A pivot sj; is sampled according to ]P’{s;H =j}=A(j,j)/tr A.
2. The pivot is accepted with probability A1) (4,9)/ A, 7)-
3. Conditional on acceptance, the residual matrix is updated:

ALY = 40D — A ) AU (G,2) AT G ).
By combining steps 1-3 above, the expected residual matrix is

E[A(l,i+1)|A(1,i)] — A(l,i) o Z A(]v]) ) A(l, )(]a.]) ) A(l, )(:7])A(1, )(]a :)

= w(A4)  AG)) ALD (5 5
. 1 .
:A(l,l) _ A(LZ) 2.
tr(A) ( )
Therefore, the expected residual function can be defined as

Oo(x)=12— éa:z, where o = tr(A) and z = A9,

This function depends on a scalar parameter o > 0, and it can be evaluated for inputs
x that are scalars or matrices. By repeated function composition, this function bounds
the expected residual matrix of accelerated RPCHOLESKY after any number of steps.

Bounding the error in this way requires an expected residual function that is
concave and monotone. However, the function ¢, (x) barely has enough monotonocity
for the argument to work. In particular, the mapping x — ¢, () is only monotone
for scalars = € [0,a/2], and it fails to be monotone for large classes of psd matrices.

The analysis pushes through the technical difficulties and produces an upper
bound for accelerated RPCHOLESKY depending on the expected residual function.
The bound becomes worse when the eigenvalues are averaged together or increased.
Hence, the worst-case matrix takes the form
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— 3 M (A),
D 8 T=g A
A =diag TN N ([ where N
r _ _
N 8= Ai(A).
r times N —7r times i:%] l( )

It is a two-cluster matrix with a small block of leading eigenvalues and a large block of
trailing eigenvalues. The identification of this two-cluster matrix is not new: the same
worst-case matrix was already encountered in the proof of [4, Thm. 5.1]. Applying
the expected residual function to this matrix completes the proof of Theorem 4.2.

4.2. Organization of proof. Here is the overall organization for the proof of
Theorem 4.2, which will be carried out over the next four subsections.

Part I: Properties of the expected residual function. The first part of the analysis
(subsection 4.3) establishes concavity and monotonicity properties for the expected
residual function. The concavity and monotonicity properties are more detailed than
what was proved in [4, Thm. 5.1].

Part II: Accelerated RPCHOLESKY error. The second part of the analysis (sub-
section 4.4) establishes the following error bound.

LEMMA 4.4 (central error bound). Fiz a block size b>1 and a target psd matrix
AcCN*N_ Let AY denote the residual matriz after applying t rounds of accelerated
or block RPCHOLESKY with blocks of b proposals. Also introduce the matriz-valued
function

1
Dy (M) = der(nr) © Per(pr) © - © Pre(nay (M), where  ¢o(x) =2 — aw27

b times

and let @,St) = ®, 0 Py 0--- 0Py denote the t-fold composition of ®,. Then, the
eigenvalues of E[A(t)] are bounded by the eigenvalues of <I>[()t)(A) as follows:

MN(E[AD]) < X (@ (A))  for eachi=1,...,N.

The proof of Lemma 4.4 is the most intricate argument of the paper. This lemma
shows that the expected trace norm error is bounded by a deterministic quantity:

Etr(A®) < tr(@!"(A)).

This upper bound depends only on the eigenvalues of A, independent of the eigen-
vectors.

Part III: Permutation averaging lemma. The next key idea is to average together
the leading eigenvalues of A and also average together the trailing eigenvalues. Sub-
section 4.5 proves the following helpful lemma, which shows that the averaging can
only make the error worse.

LEMMA 4.5 (permutation averaging). For any diagonal, psd matriz A € RN*N
and any random permutation P € RVXNV,

tr(®((A)) < tr(®}” (E[PAP?))).

Part IV: Main error bound. The last part of the analysis in subsection 4.6 exam-
ines the worst-case matrix A and obtains a simple recursive formula for tr(i)l(f) (A)) in
terms of £. Bounding the recursion leads to the proof of the main result, Theorem 4.2.
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4.3. Part I: Properties of the expected residual function. This section
establishes concavity and monotonicity properties for the expected residual function.
The first lemma considers the application of this function to scalars.

LEMMA 4.6 (expected residual properties). Let ¢, : [0,a] — [0,a] be the function
ba(®) =2 — 122, and let

¢Syb):¢ao¢ao"'o¢a

b times

denote the b-fold composition of ¢o. Then the following holds for each b>1:
(a) Uniform boundedness: o) < a/4.

(b) Monotonicity in x on [0,a/2]: (b)( )Sgb ( Nife<a' <a/2.

(c) Joint positive homogeneity: gb(ﬁb)a(ﬂ )(:bB Do ® (z) for B>0.

) o8 (

(d) Joint concavity: The mapping (z, o) — ) is concave:

060) (1) + (1= 0)0L) (22) < 65, (1 _gran (021 + (1= 0)22) for 0 €(0,1).

(e) Upper bound: ¢ (x) <1/(ba~! +z~1).
Proof. See section B. ]

The next lemma shows that the expected residual function continues to exhibit
concavity and monotonicity when it is applied to certain classes of matrices.

LEMMA 4.7 (expected residual properties for matrices). Define

1
D, (A) = dir(a) © Pir(a) © - 0 Pira)(A), where Po(x) =1 — E$2~

b times

Let @gt) =®,0P,0--- 0P, denote the t-fold composition of ®,. Then the following
holds for any t > 1:
(a) <I>£t) is mondecreasing on the space of diagonal, psd matrices:

" (A) =@ (Ay) if Ay <A
(b) @gt) is concave on the space of diagonal, psd matrices:
08" (A1) + (1 - 0)® (As) < @ (OA, + (1 — 0)As)  for 0 € (0,1).
(c) ®; is concave on the space of all psd matrices:
0P1(A1)+ (1 —0)®1(A2) < P®1(0A1 + (1 —60)As) for0e(0,1).

Proof. See section B. ]

4.4. Part II: Accelerated RPCholesky error. This section analyzes the er-
ror of accelerated RPCHOLESKY and proves Lemma 4.4. The technical crux is the
following proposition, which bounds the error of accelerated RPCHOLESKY or block
RPCHOLESKY applied to a random psd matrix.
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PROPOSITION 4.8 (block and accelerated RPCHOLESKY on a random matrix).
Consider a random psd matriz A € CN*N | and let AMY denote the residual matriz
after applying one round of accelerated RPCHOLESKY or block RPCHOLESKY to A
with b > 1 proposals. Also introduce the matriz-valued function

L

D,(M) = ber(nr) © Per(na) © - © Pee(na) (M),  where  Po(r) =2 — P

b times

Then the eigenvalues of EJAYY)] are bounded by the eigenvalues of CI’lgl’b) (E[A]):
M (E[ATD]) < X (®4(E[A]))  for eachi=1,...,N.

The proof of this result relies on the min—max principle [37, Thm. 8.9].

LEMMA 4.9 (min—max principle). The eigenvalues of a Hermitian matriz M €
CNXN satisfy

v* Mo,

Ai(M) = min max
dim(S)=N—i+1 veS, ||v||=1

where the mazimum is taken over all (N —i+ 1)-dimensional linear subspaces S. The
optimal S is spanned by the eigenvectors of M with the N —i+1 smallest eigenvalues.

Proof of Proposition 4.8. The proof has three steps.

Step 1: Comparison of block and accelerated RPCholesky. Acceler-
ated RPCHOLESKY and block RPCHOLESKY yield the same distribution of pivot
proposals, so the proposals S’ = {s/,...,s;} are assumed to be identical. Block RP-
CHOLESKY then accepts all the proposals, leading to a residual matrix

A A A(LS)AS.S)TA(S, ) = AT - I 410(.51) A,

where
I,/ 5 = AY?(1,S)A(S',S)TAV(S' )

is the orthogonal projection onto the range of Al 2(:,S' ). In contrast, accelerated
RPCHOLESKY accepts a subset of the proposals S C S’ leading to a residual matrix

ALY = AT =T 4172 6)) A2
The range of A/2(:,S') is no smaller than the range of A/2(:,S), so
(41) I*HAl/Q(:’s/) jI*HA1/2(:’S).

Conjugate both sides of (4.1) with A2 to yield

~(1,b
AN Z AL T ) A2 < AV (1= Ty 05 AV = AOD),
~(1,b
Taking expectations, it follows that E[A(l )] = E[A(l’b)} and, by Weyl’s inequality,
(17b)

N(E[AT]) < M(E[ATP]), for each i=1,...,N.

This completes the comparison of block and accelerated RPCHOLESKY.
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Step 2: Bounding U*E[A(l’b)]v. Now it suffices to analyze the accelerated
RPCHOLESKY error. This proof will do so by (a) deriving an upper bound for the
quadratic form v*E[A"P]v, (b) constructing a (N — i 4+ 1)-dimensional subspace
where the Rayleigh quotients are no larger than \;(®,(E[A])), and (c¢) invoking the
min—max principle.

The residual for accelerated RPCHOLESKY after the first proposal has expectation

E[AV] =E[E[ATD|A] =E [A - tr(lA)Ag] = E[®1(A)).

Since ®; is concave over psd matrices (Lemma 4.7c), Jensen’s inequality implies
E[ATD] = E[®,(A)] < @ (E[A]).
Next fix a unit-length vector v € CV and conjugate both sides of this display with v:
E[v* AL Yo] < v*®, (E[A])v.

By boundedness of ¢gi;(4)] and monotonicity of ¢I(Eb[;r&)] (Lemma 4.6a-b), it follows

b—1 * b—1 *
(4.2) SSniay Blo" AT Vo)) <o V) (071 (E[A])w).
The residual matrix after the (¢ + 1)st proposal has conditional expectation

1 (A0)2,

ElAQAHD AL A1= A6 _
A4 ) A

Conjugate both sides of this display with v to obtain:

1
]E[U*A(Lé—l-l),u‘A(ll)’A] :,U*A(LZ),U _ tr(A) ’U*(A(l’e))2’0

1
< ,U*A(l,f),v _ M(U*A(Le)v)Q _ ¢tr(A) (’U*A(l’e)’v).

The inequality follows because vv™* is a contraction. Take expectations and apply
Jensen’s inequality to the concave function z + ¢y, (4)(7) (Lemma 4.6d):

Efv* AT 0] A] < Elgera) (0" A0) [ A] < dou(a) (Elp* AT Ov]A)).

Use the boundedness of ¢,(4) and monotonicity of gf)ﬁb(;} b (Lemma 4.6a—b) to show

S (B ATy A)) <600 (Bl AN ] A)).

Chaining the above inequalities for /=1,2,...,b — 1 yields
Elo"ATYv|A] < 67 (Blv* AT Vo] A]).
Taking expectations yields
E[A"D]w <E[gl) ) (E[v* A"V v| A])]

< Bniay Bl AT V0]) <600 (0" @1 (B[A])o).

(4.3)
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The second inequality is Jensen’s inequality applied to the jointly concave function
(z,0) — ¢>£f"” (z) (Lemma 4.6d), and the third inequality is (4.2). This establishes a
convenient upper bound for the quadratic form U*E[A(l’b)]'v.

Step 3: Apply the min—max principle. Let vy,...,vx be eigenvectors of
®,(E[A]), associated with its decreasingly ordered eigenvalues. For any unit-length
vector v € span{v;, ..., vy}, the min—max variational principle implies

v ' ® (E[A])v <\ (®1(E[A)])).
By (4.3), boundedness of ¢g[i.(a)), and monotonicity of qﬁg’trl) A)] (Lemma 4.6a-b), i
follows

v B[AM o < ¢l U (0 @1 (B[A])v) < 67 Oy (Ai(@1(E[A]))).

By boundedness of ¢g(i;(4)] and the monotonicity of ¢I(Ebt 84)] (Lemma 4.6a-b), the

matrices (;SE P )] (®1(E[A])) and P, (E[A]) have the same eigenvectors with the same
ordering of the eigenvalues. Hence,

b— b
onta (@1 (ELAD)) = X (0474 (@1 (ELA]) ) = Xi(@ (ELA))).
Combining the two previous displays yields
]E[A(l’b)]v < \i(®(E[A])) for any unit-length v € span{v;,...,vn}.

It follows from the min-max variational principle that )\i(E[A(l’b)]) < \i(®y(E[A))),
completing the proof. O

The central result of this section is proved by iteratively applying Proposition 4.8.

Proof of Lemma 4.4. The (s + 1)st round of accelerated RPCHOLESKY or block
RPCHOLESKY leads to the same residual matrix as a single round of accelerated RP-
CHOLESKY or block RPCHOLESKY applied to the psd matrix A®) Thus, Proposition
4.8 shows that

(4.4) M (BE[ACTY]) < X\ (®,(E[A®)])) for each i=1,...,N.
Next take eigendecompositions
E[ACTY]=Q,A1Q] and &, (E[AY)]) = Q,A2Q5,

where the eigenvalues are listed in weakly decreasing order. Equation (4.4) implies
A1 < A5, so the monotonicity of i’lgt_s_l) (Lemma 4.7a) further implies

(4.5) 2V (A) 2@ V(A
The function ®;, is covariant under unitary basis transformations:
®,(QAQ") = QP,(A)Q* for unitary Q e CV*NV,
Therefore, the eigenvalue ordering (4.5) implies
Q@) TV EACT])Q, =2 (A

(
(A = @@ (E[AY)Q,.
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Since the eigenvalues are invariant under unitary basis transformations, Weyl’s in-
equality implies

(4.6) Ai(@) TV EIACTI))) = (@@ Y (BIACTI)Q,)
' <M (Q5 TV E[AC])Q,) = M (B (B[AD))),

Apply (4.6) for s=0,1,...,t — 1 to complete the proof. |

4.5. Part III: Permutation averaging lemma. The permutation averaging
lemma has the following short and simple proof.

Proof of Lemma 4.5. Since the trace is invariant under permutations and the
function ®;, is covariant under permutations,

tr(@(A)) = tr(PB" (A)P*) = tr(@\" (PAP")).
Now apply Jensen’s inequality to the concave function tI>,(7t) (Lemma 4.7b):
E[®\" (PAP*)] < ®\" (E[PAP")).
Since the trace respects the psd ordering, it follows
(@} (A)) = tr(E[@} (PAP)]) < tr(®[ (E[PAP"))).

This completes the proof. 0

4.6. Part IV: Main error bound. At this point, the main error bound for
accelerated RPCHOLESKY is nearly in hand. The last step is an analysis argument
that explicitly bounds the error for a worst-case instance of accelerated RPCHOLESKY.

Proof of Theorem 4.2. Take an eigendecomposition A = QAQ*. By Lemma 4.4,
E[tr(A")] < tr(@ (A)) = tr(@{” (QAQ")).

Since the trace is invariant under unitary basis transformations and the function ®,,
is covariant under unitary basis transformations,

(@) (QAQ")) = tr(Q®)" (A)Q") = tr(®[" (A)).

Therefore, the upper bound only depends on the eigenvalue matrix A € RV*N,

Next, take a random permutation P that permutes the first » coordinates uni-
formly at random and permutes the trailing N — r coordinates uniformly at random.
By Lemma 4.5,

tr(®{”(A)) <tr(®"(A)), where A =E[PAP"].

The matrix A has the explicit form

.
o= )\1 A 5
jA\:diag @z b p where =% ()
71 ) ? ,,1 ) N _ 717 ) N _ 7", ? /8 _ Z )\(A)
r times N —7r times i=r+1

It is a two-cluster matrix that leads to the worst possible value of tr(@ét) (A))
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For the next step, argue by induction that

By ® ~0 . Ja® ol p B
47 ®P(A)<A", where A =diag — T
r times N —r times
and the entries a(®) are given by the recursion
£))2
(4.8) Q) _ gt b g

(b+r)a®) + 7B’

The comparison (4.7) is valid with equality at time ¢ = 0. Assume the comparison is
valid at a time ¢ > 0. Using the monotonicity of ®, (Lemma 4.7a), it follows that

~ ()
).

~ ~(®)
" A)z@,(A")=0", A

By Lemma 4.6e, the trailing N — r diagonal entries of d)il)()t)+5(1i(t)) are bounded by

B
N—r

and the leading r diagonal entries are bounded by

1 1 b(a®)?
— 2 |a® (')

erﬁir C(b+7r)a® +rB

Therefore, (4.7) holds for all ¢ > 0 by induction.
At each instant ¢ = 0,1,..., the discrete-time dynamical system a(*) (4.8) is
bounded from above by a continuous-time dynamical system «(t) that satisfies

ba(t))? a®— g

o N ROE)

The comparison holds because x — bz?/((b+7)z+r3) is a non-negative, nondecreasing
function.

Last, assume that a < ef. (Otherwise, the theorem holds trivially at all times
t > 0.) By separation of variables, the continuous-time dynamical system (4.9) satisfies
a(t) <ef as soon as

b+r rp -1 o)== p4y 1 roor
G losla(t) +pa( ™ =S log () =g

This establishes a slightly stronger version of the theorem, completing the proof. O

5. Extension: Accelerated randomly pivoted QR. The pivoted partial
Cholesky decomposition of a psd matrix A is closely related to the pivoted par-
tial QR decomposition of a general, possibly rectangular, matrix B € CM>*¥_ This
section reviews the connection betweeen algorithms and introduces a new accelerated
randomly pivoted QR algorithm for general low-rank matrix approximation.

A low-rank approximation for a general matrix can be computed by column-

pivoted QR as follows: Begin by initializing the approximation B( - = 0 and the
residual B®) := B. For each i = 0,...,k—1, perform the following bteps:
1. Select a pivot column. Choose s;41 € {1,...,N}.
2. Update. Evaluate the column B(i)(:7 $i+1) indexed by the pivot index s;41.
Update the approximation and the residual:
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E(Hl) — ﬁ(i) I B(i)(:v5i+1?B(i)(:75i+21)*B(i)7
B(z)(Z,SiJrl) ‘
BY(:,51)B (,5:1) BY

. 2
B(Z)(:vSiJrl) ‘

Each update has the effect of orthogonalizing the residual B @) against the column

B+ ._ g _

indexed by the selected pivot and adjusting the approximation B @ accordingly. This
version of column-pivoted QR has issues with numerically stability and is provided
for conceptual understanding only. Numerically stable implementation of QR decom-
position methods is discussed in numerical linear algebra textbooks, e.g., [20, ch. 5].
Pivoted QR and Cholesky approximations are closely related (see, e.g., [21]):

PROPOSITION 5.1 (QR and Cholesky). Suppose that column-pivoted QR is ex-
ecuted on a matriz B with pivots si,...,s, producing an approximation B ~ B.
Similarly, suppose that partial Cholesky is performed on the (A}ram matrix 4*:A B*P
with the same pivots s1,...,Sk, producing an approzimation A~ A. Then B B=A.

This result establishes the connection between the low-rank approximation of a
psd matrix based on the pivoted Cholesky decomposition and the low-rank approx-
imation of a general, rectangular matrix by the column-pivoted QR decomposition.
In particular, any pivot selection strategy for Cholesky decomposition (i.e., random
pivoting) has an analogue for QR decomposition and visa versa.

The analogue of RPCHOLESKY is the randomly pivoted QR algorithm, which was
introduced by Deshpande, Vempala, Rademacher, and Wang [9, 10] under the name
adaptive sampling. See Algorithm 5.1 for randomly pivoted QR pseudocode. As with
RPCHOLESKY, randomly pivoted QR can be extended using block and accelerated
variants; see [4] for block randomly pivoted QR pseudocode and see Algorithm 5.2
for accelerated randomly pivoted QR pseudocode. Note that Algorithm 5.2 uses a
block Gram—Schmidt procedure to perform orthogonalization, which employs two
orthogonalization steps for improved stability [19]. A different, even more numerically
stable approach uses Householder reflectors instead [20, Ch. 5].

Due to the connection between QR and Cholesky (Proposition 5.1), theoretical
results for block and accelerated RPCHOLESKY immediately extend to their QR ana-
logues.

Algorithm 5.1. Randomly pivoted QR.
Input: Matrix B € CM*¥; approximation rank k
Output: Matrices Q € CM*F F € CV*k defining B= QF”; pivot set S
Initialize @ < 0p;xk, F < Onxk, S+ 0, and d + SQUAREDCOLUMNNORMSB
for i=1to k do
Sample pivot s ~d/ Ej d;
Induct new pivot S+ SU{s}
g« B(;,s)—Q(:,1:1—49)F(s,1:9—1)*
Qi) g/ llgll
F(:,i)+< B*Q(:1)
d<«d—|F(:i)|?
end for

Copyright (©) by STAM. Unauthorized reproduction of this article is prohibited.



Downloaded 03/04/26 to 5.198.139.106 . Redistribution subject to SIAM license or copyright; see https://epubs.siam.org/terms-privacy

ACCELERATED RANDOMLY PIVOTED CHOLESKY 2551

Algorithm 5.2. Accelerated randomly pivoted QR.

Input: Matrix A € CM*¥; block size b; number of rounds ¢

Output: Matrices Q € CM** F € CN** defining B= QF*; pivot set S
Initialize Q < Opsx0, F < Onxo, S« 0, and u < SQUAREDCOLUMNNORMSB

fori=0tot—1do
Step 1: Propose a block of pivots

/

/ iid / / ’
Sample s, ..., 5 ~w and set Sj<—{s}, 1., 80}

i+1)b
Step 2: Rejection sampling

C <+ B(:,S))—QF(S;,)*

S; <+ REJECTIONSAMPLESUBMATRIXS), C*C > Discard second output
S+ SuSs; > Update pivots

Step 3: Update low-rank approzimation and proposal distribution

QJ_ — B(vsl) - QF(S“ :)*

Q, +Q -QQQ) > Extra step of Gram—Schmidt, for stability

Q, + OrTHQ | > Orthonormalize columns

Q<+ [Q QL]

G+ B*Q,

F+[F G|

u < u— SQUAREDROWNORMSG > Update diagonal

u < max{u,0} > Helpful in floating point arithmetic
end for

COROLLARY 5.2 (sufficient iterations for accelerated and block randomly pivoted
QR). Consider a rectangular matrix B € CMXN = and let BY denote the random
residual after applying t rounds of accelerated randomly pivoted QR or block randomly
pivoted QR with a block size b>1. Then,

N
E[BYIE<(1+¢)- > 0iB)
1=r+1

as soon as

N 2
r 1 > ieri10i(B)
th> - b)log [ — h =
,€+(r+ ) log <€77>7 where 1) S 01(B)?
Accelerated randomly pivoted QR is a new algorithm, while block randomly pivoted
QR was introduced and analyzed in [9, Thm. 1.2]. This earlier analysis has the large
block size limitation that is discussed in section 4.

Appendix A. Why blocking? Figures 1 to 3 demonstrate the empirical speed-
ups of algorithms that simultaneously process large blocks of columns from kernel
matrices. Subsection 1.2 has discussed one reason for this speed-up, due to data
movement. This appendix describes two additional reasons why blocked (kernel)
matrix algorithms can be faster: the fast Euclidean distances trick (subsection A.1)
and matrix—matrix operations (subsection A.2).

A.1. The fast Euclidean distances trick. The fast Euclidean distances trick
is a method for evaluating kernel matrix entries that take the special form

I{(IL'i,CL’j) Z(ﬁ(Hl’l — a:J||) for i e Sl,j S SQ,
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where ¢ : R — R is a univariate function. The trick relies on decomposing the square
Euclidean distance into three summands:

2 2 * 2
(A1) i — 25" = [l2i|” = 2Re{@ja; } + [l

It takes just O(d|S1|+d|S2|) operations to compute the square norms ||z;||? and ||z;||
for each 7 €5y and j €S;. Meanwhile, the inner products x;x; can be obtained from
the entries of the inner product matrix

(A.2) X (:,51)* X (:,S2) where X:[ml mN}.

Computing the inner product matrix requires O(d|S1||S2|) operations using a single
matrix-matrix multiplication, a highly optimized operation on modern computers [13,
Ch. 20.1]. The fast Euclidean distances trick explains why generating columns can be
10x faster for a high-dimensional Gaussian kernel (Figure 1, left) than an ¢; Laplace
kernel (Figure 1, right).

As a potential concern, the fast Euclidean distances trick can lead to catastrophic
cancellations [22, sec. 1.7] in floating point arithmetic when two points x; and x;
are close. Catastrophic cancellations sometimes produce inaccurate results for block
RPCHOLESKY, even after adding a multiple of the machine precision to the diago-
nal of the target matrix to promote stability. In contrast, accelerated RPCHOLESKY
avoids catastrophic cancellations by rejecting the small diagonal values as pivots. The
opportunity to use the fast Euclidean distances trick without catastrophic cancella-
tions is a major advantage of accelerated RPCHOLESKY. Nonetheless, to promote a
simple comparison, all the experiments involving block RPCHOLESKY avoid the fast
Euclidean distances trick; the code computes distances by subtracting x; — x; and
directly calculating the norm.

A.2. Matrix—matrix operations. The cost of RPCHOLESKY-type methods
can be decomposed into the cost of generating columns of the kernel matrix and the
cost of processing the columns to execute the algorithm. Blocking leads to speed-ups
in both steps of the algorithm. For the second step, blocking organizes the operations
into efficient matrix—matrix operations. Accelerated RPCHOLESKY takes advantage
of these optimized operations for an improved runtime. Simple RPCHOLESKY, by
contrast, uses only vector—vector and matrix—vector operations, which are slower.

Appendix B. Deferred proofs from Appendix 4. This section contains
deferred proofs from Appendix 4.

Proof of Lemma 4.6. The proof is based on a series of direct calculations.
Parts (a)—(b). Observe that

(B.1) dala) =2 = (2= )

is a concave quadratic which is uniformly bounded by ¢. This immediately establishes
part (a) and part (b) in the case b =1. Next assume part (b) is valid for some b > 1
and assume z < z’ < a/2. By the boundedness property (a), (b&b)(x) < ¢ (") <a/4.
Since &+ ¢o(x) is nondecreasing over the range [0, §], it follows:

o0V (@) = 3a(60(2)) < da (@l (') = 6D ("),

which establishes part (b) by induction.
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Part (c). Calculate

m.a(m)—ﬂxﬂz?ﬂ[azxz] 8- Ga(@),

which confirms part (¢) when b= 1. Homogeneity for b > 1 follows by induction.
Part (d). The quadratic representation (B.1) shows that ¢; is concave. Assume
that qbgb) is concave for some b> 1. Then, calculate for 6 € (0,1):

06" (z) + (1 - 0)6" ™ (y) = 061 (6 () + (1 = )1 (61" ()
< 61091 (x) + (1 — )61 (y))
< 1(¢7 (02 + (1 - 0)y)) = ¢" "V (0 + (1 - O)y).

The first inequality is concavity of ¢, and the second inequality is concavity of ¢§b)
and parts (a)—(b). Conclude by induction that qﬁgb) is concave for each b > 1.
The next step is to establish joint concavity of (z,«) — oL (x). For any 6 € (0,1):

06 (1) + (1 - )¢ (x2) = 1 6" (ml)ﬂl—@)am&b) (m)
(e71 (&%)

< oo+ 1 pof? (S £ 0002

¢>§f21+1 0)ag (01 + (1= 0)2).

The first equality is part (c), and the inequality is the concavity of ¢(1b). Part (d) is
proven.
Part (e). Calculate

z? z? ax 1

- - —< — = =
fal(z) =2 a =" " zfa zta alia T

which confirms part (e) in the case b= 1. Next assume part (e) holds for some value
b>1. Then using the monotonicity property (b),

o (2) = g (6 (z))

<o ( 1 )7 1 B 1
= \ba 4+ 271) bal4z! (bal+ 2N (b+arl)
1 1 1

< — =
“bal+zl (bal4+zHb+1+az~t)  (b+1Da 4zt

Therefore, part (e) holds by induction. 0

Proof of Lemma 4.7. The proof is based on a series of direct calculations.
Part (a). Assume A; =< Ay. Use the positive homogeneity and concavity of
(z,0) — ngb)(:v) (Lemma 4.6¢—d) to calculate
L )
§¢tr(A1)(A1) = ¢tr(A1 (Al) + 5 ¢tr(A2 (A2 - Al)
1
<Phinn (34 ) 36 (R2).

Equivalently, ®,(A1) < ®,(As2). Iterating this property establishes part (a).
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Part (b). Use the concavity of (z,a) — P (z) (Lemma 4.6d) to conclude:
9<I’b(A1) + (1 — 9)¢b(A2) = <I’b(9A1 + (1 — Q)Ag) for 6 € (0, 1)
This confirms part (b) in the case ¢ = 1. Next assume part (b) holds for ¢ > 1. Then
0%V (A1) + (1= 0)2," (A2) = 0848, (A1) + (1~ 0)84(®;” (A2))
< ®,(02, (A1) + (1 - 6)®;" (Az2))
< ®,(®" (OA, + (1 - 0)Ay))
=3 (OA; + (1 - 0)A).

The first inequality is the concavity of ®,, and the second inequality is the concavity
of <I’l(7t) and the monotonicity property (a). Therefore, by induction, part (b) holds
for t > 1.

Part (c). Calculate

D1(0A; + (1 -0)Az) — 0P, (A1) — (1 - 0)P1(A2)

_6AZ (1-0)A3 [0A; + (1 —-0)As)°
T tr(A)) | tr(Ay)  Otr(Ay) + (1—6)tr(A)
0(1— 0)tr(A) tr(As) [ A A 17,

T 0tr(Ay) + (1—0)tr(As) [tr(A7)  tr(A)
This establishes the concavity of ®; over all psd matrices. 0

Appendix C. Robust blockwise random pivoting. The robust blockwise
random pivoting (RBRP) method was introduced by Dong, Chen, Martinsson, and
Pearce to improve the performance of block randomly pivoted QR [12]. Similar to
accelerated randomly pivoted QR, each round of RBRP begins by generating a block
of proposed pivots S} = {s};, 1, .., 8(;1),}- Then RBRP chooses a subset of the pivots
by a deterministic, greedy method. in detail, let G denote the residual submatrix with
columns indexed by S;:

G =B(:,S)) — B(;,S)).
RBRP applies a partial QR decomposition to G using greedy column pivoting, stop-
ping when the squared Frobenius norm of G has been reduced by a factor . RBRP
then accepts the pivots chosen before the tolerance is met and rejects all others.

RBRP can be extended to psd low-rank approximation, resulting in a robust
block randomly pivoted Cholesky method. A comparison of RBRP Cholesky, block
RPCHOLESKY, and accelerated RPCHOLESKY appears in Table 3. Both accelerated

TABLE 3
Runtime and relative error for rank-1,000 approximation of the smile example from Figure 2
with block size b =120. Here the mean and standard deviation are computed empirically over 100
independent trials.

Relative trace error ~ Runtime (sec)

Block RPCHOLESKY 3.89e-04 £ 1.40e-04 7.00 £ 0.63
Accelerated RPCHOLESKY 4.85e-07 £ 3.60e-08 7.43 £ 1.06
RBRP Cholesky 6.62e-07 + 1.35e-07 7.53 £+ 0.80
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Algorithm D.1. RPCHOLESKY.
Input: Psd matrix A € CV*V; approximation rank k
Output: Matrix F' € CV*F defining low-rank approximation A= FF*; pivot set S
Initialize F' <+ Oy« and d <+ diag A
for i=1to k do
Sample pivot s ~d/ 3", d;
Induct new pivot S+« SU {s}
g+ A(G,8)—F(;,1:i—1)F(s,1:0—1)*
F(.i) < 9/\/3
d<+d—|F(:i)|?
end for

Algorithm D.2. Block RPCHOLESKY.

Input: Psd matrix A € CV*V: block size b; number of rounds ¢

Output: Matrix F € CV*% defining low-rank approximation A=FF *; pivot set S
Initialize F < Onxpi, S+ 0, and d < diag A
fori=0tot—1do

iid
Sample iy 1, .., Sipp ~ d/ Zj d;
S/« UNIQUE{Sib+1, . 73ib+T}
S+Su¥¢

G+ A(:,S)—F(,1:4D)F(S,1:47)*

R+ CHOLG(Y,:)

F(,ib+1:ib+|S'|)« GR™'

d <+ d— SQUAREDROWNORMSF(:,ib+ 1:ib+b)
end for
Remove zero columns from F'

RPCHOLESKY and RBRP Cholesky achieve dramatically lower trace error than stan-
dard block RPCHOLESKY on this example, demonstrating that both methods are
effective at filtering redundant columns. This example does suggest a few prelim-
inary reasons to (slightly) prefer accelerated RPCHOLESKY over RBRP Cholesky,
though. First, RBRP Cholesky has 1.4x higher trace error than accelerated RPC-
HOLESKY on this example, and the error of the output is more variable for RBRP
Cholesky. Second, RBRP Cholesky is slightly slower than accelerated RPCHOLESKY
in our implementation. Finally, rigorous error bounds are known for accelerated RP-
CHOLESKY (and QR) but not known for RBRP methods. Notwithstanding these
difference, RBRP methods and accelerated RPCHOLESKY/QR both appear to be fast
and accurate in practice, and both methods significantly outperform standard block
RPCHOLESKY/QR.

Appendix D. Existing algorithms. This section provides the pseudocode for
RPCHOLESKY (Algorithm D.1) and block RPCHOLESKY (Algorithm D.2).

Reproducibility of computational results. This paper has been awarded the
“SIAM Reproducibility Badge: Code and data available” as a recognition that the
authors have followed reproducibility principles valued by SIMAX and the scientific
computing community. Code and data that allow readers to reproduce the results in
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this paper are available at https://github.com/eepperly /Randomly-Pivoted-Cholesky
and in the supplementary materials (github-repo.zip [local/web 82.9KB]).

Acknowledgments. We thank Vivek Bharadwaj, Chao Chen, and Yijun Dong
for helpful discussions.

REFERENCES

(1] A. Avaout AND M. W. MAHONEY, Fast randomized kernel ridge regression with statistical
guarantees, in Proceedings of the 28th International Conference on Neural Information
Processing Systems, 2015, https://dl.acm.org/doi/10.5555/2969239.2969326.

[2] D. ARISTOFF, M. JOHNSON, G. SIMPSON, AND R. J. WEBBER, The fast committor machine:
Interpretable prediction with kernels, J. Chem. Phys., 161 (2024), 084113, https://doi.org/
10.1063/5.0222798.

[3] H. AvroN, K. L. CLARKSON, AND D. P. WOODRUFF, Faster kernel ridge regression using sketch-
ing and preconditioning, STAM J. Matrix Anal. Appl., 38 (2017), pp. 1116-1138, https://
doi.org/10.1137/16M1105396.

[4] Y. CHEN, E. N. EpPERLY, J. A. TROPP, AND R. J. WEBBER, Randomly pivoted Cholesky:
Practical approzimation of a kernel matriz with few entry evaluations, Commun. Pure
Appl. Math., 78 (2025), pp. 995-1041, https://doi.org/10.1002/cpa.22234.

[5] S. CuMIELA, H. E. SAUCEDA, K.-R. MULLER, AND A. TKATCHENKO, Towards exact molecular
dynamics simulations with machine-learned force fields, Nat. Commun., 9 (2018), 3887,
https://doi.org/10.1038/341467-018-06169-2.

[6] S. CHMIELA, A. TKATCHENKO, H. E. SAUCEDA, I. Portavsky, K. T. ScuiUTT, AND K.-R.
MULLER, Machine learning of accurate energy-conserving molecular force fields, Sci. Adv.,
3 (2017), 1603015, https://doi.org/10.1126/sciadv.1603015.

[7] S. CHMIELA, V. VASSILEV-GALINDO, O. T. UNKE, A. KaBYLDA, H. E. SAUCEDA, A.
TKATCHENKO, AND K.-R. MULLER, Accurate global machine learning force fields for mol-
ecules with hundreds of atoms, Sci. Adv., 9 (2023), eadf0873, https://doi.org/10.1126/
sciadv.adf0873.

[8] K. CuTAJAR, M. OSBORNE, J. CUNNINGHAM, AND M. FILIPPONE, Preconditioning kernel ma-
trices, in Proceedings of the 33rd International Conference on Machine Learning, 2016,
https://proceedings.mlr.press/v48/cutajarl6.html.

[9] A. DESHPANDE, L. RADEMACHER, S. S. VEMPALA, AND G. WANG, Matriz approzimation
and projective clustering via volume sampling, Theory Comput., 2 (2006), pp. 225-247,
https://doi.org/10.4086/toc.2006.v002a012.

[10] A. DESHPANDE AND S. VEMPALA, Adaptive sampling and fast low-rank matriz approzimation,

in Proceedings of the 9th International Conference on Approximation Algorithms for Com-

binatorial Optimization Problems, and 10th International Conference on Randomization
and Computation, 2006, pp. 292-303, https://doi.org/10.1007/11830924_28.

Diaz, E. N. EPPERLY, Z. FRANGELLA, J. A. TROPP, AND R. J. WEBBER, Robust, Random-

ized Preconditioning for Kernel Ridge Regression, preprint, 2024, https://arxiv.org/abs/

2304.12465v4.

[12] Y. Dong, C. CHEN, P.-G. MARTINSSON, AND K. PEARCE, Robust blockwise random pivoting:
Fast and accurate adaptive interpolative decomposition, STAM J. Matrix Anal. Appl., 46
(2025), pp. 1791-1815, https://doi.org/10.1137/24M1678027.

[13] J. DONGARRA, I. FOSTER, G. Fox, W. Groprp, K. KENNEDY, L. TORCZON, AND A. WHITE,
eds., Sourcebook of Parallel Computing, Morgan Kaufmann Publishers, San Francisco, CA,
2003.

[14] P. DRINEAS AND M. W. MAHONEY, On the Nystrém method for approzimating a Gram ma-
triz for improved kernel-based learning, J. Mach. Learn. Res., 6 (2005), pp. 2153-2175,
http://jmlr.org/papers/v6/drineasO5a.html.

[15] E. N. EPPERLY AND E. MORENO, Kernel quadrature with randomly pivoted Cholesky, in Pro-
ceedings of the 37th International Conference on Neural Information Processing Systems,
2023, https://dl.acm.org/doi/10.5555/3666122.3668997.

[16] S. FINE AND K. SCHEINBERG, Efficient SVM training using low-rank kernel representations, J.
Mach. Learn. Res., 2 (2002), pp. 243-264, https://dl.acm.org/doi/10.5555/944790.944812.

[17] Z. FRANGELLA, J. A. TrROPP, AND M. UDELL, Randomized Nystrom preconditioning, SIAM J.
Matrix Anal. Appl., 44 (2023), pp. 718752, https://doi.org/10.1137/21M1466244.

[11] M.

=

Copyright (©) by SIAM. Unauthorized reproduction of this article is prohibited.


https://github.com/eepperly/Randomly-Pivoted-Cholesky
github-repo.zip
https://epubs.siam.org/doi/suppl/10.1137/24M1699048/suppl_file/github-repo.zip
https://dl.acm.org/doi/10.5555/2969239.2969326
https://doi.org/10.1063/5.0222798
https://doi.org/10.1063/5.0222798
https://doi.org/10.1137/16M1105396
https://doi.org/10.1137/16M1105396
https://doi.org/10.1002/cpa.22234
https://doi.org/10.1038/s41467-018-06169-2
https://doi.org/10.1126/sciadv.1603015
https://doi.org/10.1126/sciadv.adf0873
https://doi.org/10.1126/sciadv.adf0873
https://proceedings.mlr.press/v48/cutajar16.html
https://doi.org/10.4086/toc.2006.v002a012
https://doi.org/10.1007/11830924_28
https://arxiv.org/abs/2304.12465v4
https://arxiv.org/abs/2304.12465v4
https://doi.org/10.1137/24M1678027
http://jmlr.org/papers/v6/drineas05a.html
https://dl.acm.org/doi/10.5555/3666122.3668997
https://dl.acm.org/doi/10.5555/944790.944812
https://doi.org/10.1137/21M1466244

Downloaded 03/04/26 to 5.198.139.106 . Redistribution subject to SIAM license or copyright; see https://epubs.siam.org/terms-privacy

(18]

19]

20]

(21]

(22]

23]

[24]

[25]

(26]

27]

28]

29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

ACCELERATED RANDOMLY PIVOTED CHOLESKY 2557

J. GARDNER, G. PLEIss, K. Q. WEINBERGER, D. BINDEL, AND A. G. WILSON, GPyTorch:
Blackbox matriz-matriz Gaussian process inference with GPU acceleration, in Proceedings
of the 32nd International Conference on Neural Information Processing Systems, 2018,
https://dl.acm.org/doi/10.5555/3327757.3327857.
L. GIRAUD, J. LANGOU, M. ROZLOZNIK, AND J. V. D. ESHOF, Rounding error analysis of the
classical Gram—Schmidt orthogonalization process, Numer. Math., 101 (2005), pp. 87-100,
https://doi.org/10.1007/s00211-005-0615-4.
. H. GoLu AND C. F. VAN LoOAN, Matriz Computations, 4th ed., Johns Hopkins Studies in
the Mathematical Sciences, Johns Hopkins Press, Baltimore, 2013.
. J. HicHAM, Analysis of the Cholesky decomposition of a semi-definite matriz, in Reliable
Numerical Commputation, M. G. Cox and S. Hammarling, eds., Oxford University Press,
1990, https://doi.org/10.1093/0s0/9780198535645.003.0010.
N. J. HiIGHAM, Accuracy and Stability of Numerical Algorithms, 2nd ed., Society for Industrial
and Applied Mathematics, Philadelphia, 2002.

M. KANAGAWA, P. HENNIG, D. SEJDINOVIC, AND B. K. SRIPERUMBUDUR, Gaussian Processes
and Kernel Methods: A Review on Connections and Equivalences, preprint, 2018, https://
arxiv.org/abs/1807.02582v1.

Q

2,

J. S. Liu, Monte Carlo Strategies in Scientific Computing, Springer New York, 2004, https://
doi.org/10.1007/978-0-387-76371-2.
G. MEANTI, L. CARRATINO, L. Rosasco, AND A. Rupi, Kernel methods through the roof: Han-

dling billions of points efficiently, in Proceedings of the 34th International Conference
on Neural Information Processing Systems, 2020, https://dl.acm.org/doi/abs/10.5555/
3495724.3496932.

R. MURRAY, J. DEMMEL, M. W. MAHONEY, N. B. ERICHSON, M. MELNICHENKO, O. A. MALIK,
L. GriGORI, P. Luszczek, M. DEREzINSKI, M. E. Lores, T. LianG, H. Luo, AnND J.
DONGARRA, Randomized Numerical Linear Algebra: A Perspective on the Field with an
Eye to Software, preprint, 2023, https://arxiv.org/abs/2302.11474v2.

C. Musco AND C. Musco, Recursive sampling for the Nystrém method, in Proceedings
of the 31st International Conference on Neural Information Processing Systems, 2017,
https://dl.acm.org/doi/10.5555/3294996.3295140.

C. Musco AND D. P. WOODRUFF, Sublinear time low-rank approximation of positive semidefi-
nite matrices, in 2017 IEEE 58th Annual Symposium on Foundations of Computer Science,
2017, pp. 672-683, https://doi.org/10.1109/FOCS.2017.68.

A. REZAEI AND S. O. GHARAN, A polynomial time MCMC method for sampling from continuous
determinantal point processes, in Proceedings of the 36th International Conference on
Machine Learning, 2019, https://proceedings.mlr.press/v97 /rezaeil9a.html.

A. Rupi, D. CALANDRIELLO, L. CARRATINO, AND L. RosAsco, On fast leverage score
sampling and optimal learning, in Proceedings of the 32nd International Conference
on Neural Information Processing Systems, Vol. 31, 2018, https://dl.acm.org/doi/
10.5555/3327345.3327470.

B. SCHOLKOPF AND A. J. SMOLA, Learning with Kernels: Support Vector Machines, Regular-
ization, Optimization, and Beyond, MIT Press, Cambridge, MA, 2018.

J. A. Trorp AND R. J. WEBBER, Randomized Algorithms for Low-Rank Matrixz Ap-
prozimation: Design, Analysis, and Applications, preprint, 2023, https://arxiv.org/
abs/2306.12418v3.

O. T. UNKE, S. CHMIELA, H. E. SAUCEDA, M. GASTEGGER, 1. Portavsky, K. T. ScHUTT, A.
TKATCHENKO, AND K.-R. MULLER, Machine learning force fields, Chem. Rev., 121 (2021),
pp. 10142-10186, https://doi.org/10.1021/acs.chemrev.0c01111.

K. WaNG, G. PLEISS, J. GARDNER, S. TYREE, K. Q. WEINBERGER, AND A. G. WILSON, Ezact
Gaussian processes on a million data points, in Proceedings of the 33rd International Con-
ference on Neural Information Processing Systems, 2019, https://dl.acm.org/doi/10.5555/
3454287.3455599.

C. K. I. WILLIAMS AND M. SEEGER, Using the Nystrom method to speed up kernel machines,
in Proceedings of the 13th International Conference on Neural Information Processing
Systems, 2000, https://dl.acm.org/doi/10.5555/3008751.3008847.

D. P. WOODRUFF, Sketching as a tool for numerical linear algebra, Found. Trends Theoret.
Comput. Sci., 10 (2014), pp. 1-157, https://doi.org/10.1561,/0400000060.

F. ZuANG, Matriz Theory: Basic Results and Techniques, 2nd ed., Springer, New York, 2011.

Copyright (©) by SIAM. Unauthorized reproduction of this article is prohibited.


https://dl.acm.org/doi/10.5555/3327757.3327857
https://doi.org/10.1007/s00211-005-0615-4
https://doi.org/10.1093/oso/9780198535645.003.0010
https://arxiv.org/abs/1807.02582v1
https://arxiv.org/abs/1807.02582v1
https://doi.org/10.1007/978-0-387-76371-2
https://doi.org/10.1007/978-0-387-76371-2
https://dl.acm.org/doi/abs/10.5555/3495724.3496932
https://dl.acm.org/doi/abs/10.5555/3495724.3496932
https://arxiv.org/abs/2302.11474v2
https://dl.acm.org/doi/10.5555/3294996.3295140
https://doi.org/10.1109/FOCS.2017.68
https://proceedings.mlr.press/v97/rezaei19a.html
https://dl.acm.org/doi/10.5555/3327345.3327470
https://dl.acm.org/doi/10.5555/3327345.3327470
https://arxiv.org/abs/2306.12418v3
https://arxiv.org/abs/2306.12418v3
https://doi.org/10.1021/acs.chemrev.0c01111
https://dl.acm.org/doi/10.5555/3454287.3455599
https://dl.acm.org/doi/10.5555/3454287.3455599
https://dl.acm.org/doi/10.5555/3008751.3008847
https://doi.org/10.1561/0400000060

	Introduction
	Access models for matrices
	Kernel matrices and the submatrix access model
	Efficient low-rank approximation in the submatrix access model
	Simple RPCholesky
	Block RPCholesky
	Accelerated RPCholesky

	Illustrative comparison
	Outline
	Notation

	Faster RPCholesky by rejection sampling
	Implementing RPCholesky with rejection sampling
	Efficient rejection sampling in the submatrix access model
	Accelerated RPCholesky
	Low-memory implementation
	Related work: Robust blockwise random pivoting

	Numerical results
	Testbed of 125 kernel matrices
	Potential energy surfaces in molecular chemistry

	Theoretical results
	Method of proof
	Organization of proof
	Part I: Properties of the expected residual function
	Part II: Accelerated RPCholesky error
	Part III: Permutation averaging lemma
	Part IV: Main error bound

	Extension: Accelerated randomly pivoted QR
	Acknowledgments
	References
	Appendix A. Why blocking?
	The fast Euclidean distances trick
	Matrix–matrix operations

	Appendix B. Deferred proofs from Appendix 4
	Appendix C. Robust blockwise random pivoting
	 Appendix D. Existing algorithms

