Multi-scale Nystrom Method

Woosang Lim', Rundong Du!, Bo Dai!, Kyomin Jung?, Le Song!3, Haesun Park!
Georgia Institute of Technology!, Seoul National University?, Ant Financial?
woosang.lim@cc.gatech.edu, {rdu, bodai}@gatech.edu, kjung@snu.ac.kr, {lsong, hpark}@cc.gatech.edu

Abstract

Kernel methods are powerful tools for model-
ing nonlinear data. However, the amount of
computation and memory required for kernel
methods becomes the bottleneck when deal-
ing with large-scale problems. In this paper,
we propose Nested Nystrom Method (NNM)
which achieves a delicate balance between the
approximation accuracy and computational
efficiency by exploiting the multilayer struc-
ture and multiple compressions. Even when
the size of the kernel matrix is very large,
NNM consistently decomposes very small ma-
trices to update the eigen-decomposition of
the kernel matrix. We theoretically show that
NNM implicitly updates the principal sub-
space through the multiple layers, and also
prove that its corresponding errors of rank-k
PSD matrix approximation and kernel PCA
(KPCA) are decreased by using additional sub-
layers before the final layer. Finally, we empir-
ically demonstrate the decreasing property of
errors of NNM with the additional sublayers
through the experiments on the constructed
kernel matrices of real data sets, and show
that NNM effectively controls the efficiency
both for rank-k£ PSD matrix approximation
and KPCA.

1 Introduction

The scalability of kernel methods is the major bottle-
neck for applying them to large-scale problems due
to the computational and memory cost caused by the
large dense kernel matrices. Nystrom method is one of
the effective methods for accelerating the kernel meth-
ods by low-rank approximation of the kernel matrix,
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K € R™*™, There has been a large body of work that
further improves the approximation quality and compu-
tational efliciency via adopting various sampling meth-
ods [5, 15, 4, 8,13, 3, 11, 23, 10] and refining approxima-
tion formula [7, 5, 12, 20, 13, 18|. Especially, for rank-k
spectral decomposition of K, there are two basic rank-
k Nystrom methods which are rank-k Standard Nys-
trom Method (SNM) [5] and orthogonal Nystrém method
(ONM) [7]. Recently, their efficient versions which are
SNM using Randomized SVD (SNM+Rand.SVD) [12]
and Double Nystrom Method (DNM) [13] were proposed.
All these four methods implicitly approximate the first
k principal directions Uy j; of n mapped data points
Y in the feature space to compute the rank-k spectral
decomposition of K = Y'Y with distinct schemes
based on different motivations [13]. Rank-k SNM [5]
actually computes the first k£ principal directions Usg y
of s sample mapped points S in the feature space, and
SNM-+Rand.SVD [12] uses randomized SVD to im-
prove efficiency for computing the principal directions
of sample mapped points. That is, rank-k SNM and
SNM-+Rand.SVD approximate Uy j, via Ug j, which
is computed by a particular form. However, it is known
that both these two approximations lose the orthogo-
nality and are biased to the sample subspace which is
range(S). On the other hand, the ONM computes the
best k approximate principal orthogonal direction in
the sample subspace range(S) in the sense of minimize
the KPCA reconstruction error [13]. However, such
approximation requires extra computation, resulting
higher time complexity O(s?n) compared to the time
complexity of rank-k SNM which is O(ksn + k3). To
further accelerate ONM, DNM [13]| uses ONM twice
in different scales, so that to compress the sample sub-
space range(S) for reducing the dimension of possible
solution space for efficient computing of Uy ;. Al-
though the algorithm performs well in practice, there is
no analysis about how its rank-k£ approximation error
varies after compression of sample subspace, and it is
not clear whether the double scales are enough in terms
of the balance between approximation accuracy and
computation efficiency.

To achieve a better trade-off between these two factors,
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we extend the DNM to a multi-scale Nystrém method.
Accelerating the algorithms by exploiting multi-scale
structures has been studied for the various methods
including FEM [6], Bayesian optimization [21] and neu-
ral network [1] to solve the nonlinear problems, and
there are also a number of applications such as multi-
scale stable kernel construction [17], manifold learn-
ing [19], dictionary learning [16], and object detection
[2, 14]. Among them, feature pyramid networks [14]
successfully achieves both efficient and accurate object
detection.

Inspired by the multi-scale approximation, we pro-
pose a multi-scale Nystrom method, Nested Nys-
trom Method (NNM), for both efficient and accurate
eigen-decomposition of PSD matrices. NNM has a
multilayer structure which consists of ¢ sublayers and
the final layer to efficiently and accurately updates the
first £ principal direction Uy j, for computing a rank-£
spectral decomposition of K. We note that NNM is a
general multi-scale framework which can be combined
with any other column sampling, and our contribution
is orthogonal to the column samplings. Interestingly, it
can be viewed as t fully connected neural networks in
the structure of NNM as described in Fig 1. We first
briefly introduce the rank-k Nystrom algorithms in Sec-
tion 2. Then, we describe the nested Nystrom method
and provide an error analysis of NNM accordingly in
Section 3. In Section 5, we will demonstrate our theo-
retical analysis of NNM and show that NNM is efficient
for both rank-k PSD matrix approximation and KPCA
on several benchmarks.

2 Rank-£ Nystrom Methods and
Their Implicit Equations

In this section, we briefly introduce the notations and
discuss the Nystrom methods with the implicit equa-
tions regarding to approximating principal directions
Uy ;. of n mapped data points Y in the feature space.

By the spectral theorem, for any n x n PSD matrix
K, there exists a matrix Y € R%™ which can be
considered as n mapped data points so that K =YY
without loss of generality, where d is finite [5]. Even if
K is generated by RBF kernel, the unknown mapped
data in feature space can be isomorphically represented
as Y s.t. K=YTY. Then, let S be the d x s sample
matrix which consists of s sample columns of d x n
matrix Y corresponding to the column index J, and
let C =Y 'S be the n x s submatrix of PSD matrix
K, which can be regarded as the inner product matrix
of the whole data instances and the samples in the
feature space. For kernel methods, C can be computed
by using the kernel function , i.e., C; ;) = s (X, %¢)
where ¢ € J is the j-th sample index among s sample
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Figure 1: An example of muti-scale structure of NNM
with four layers which are three sublayers and the final
layer. Implicitly, NNM with four layers consists of three
Fully Connected (FC) neural networks to compute the
rank-k spectral decomposition of K. The output of
each FC neural network can be considered as approx-
imate principal directions of n mapped data points,
and NNM uses them to compute loading vectors of the
subsamples/samples on the upper layer. By using the
computed loading vectors, we can update the next FC
neural network.

Table 1: A summary of the notations

Notation Description

n the number of instances

s the number of samples

K n x n PSD matrix

Y dxnmatrix Y st. K=Y'Y

S d X s sample matrix of Y

C n X s sample matrix of K, C=Y 'S
Ka Ka = ATA for VA

A’ compressed matrix for VA

A =UaZAV,

A =UaZAV,
A = EJA,kgA,kYLk
Ay = UA,kEA,kV,I,k

AT =vaz UL

compact SVD for VA
approximate compact SVD for VA
rank-k SVD for VA
approximate rank-k SVD for VA
pseudo inverse for VA

indices. Let Kg be the s x s principal submatrix of K
s.t. Ks =S'S. For kernel methods using PSD kernel
function, without loss of generality, we can also apply
these implicit equations C=Y 'S and K =S'S. A
summary of notations is displayed in Thbl 1.

Now, we are going to discuss rank-k Nystrém methods
which are rank-k standard Nystrom method (SNM) [5],
SNM using randomized SVD (SNM+Rand.SVD) [12],
orthogonal Nystrom method (ONM) [7], and double
Nystréom method (DNM) [13]. These four methods
implicitly approximate the first k£ principal directions
INJ'YJC of the subspace spanned by mapped data points
Y in the feature space to compute the rank-k spectral
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decomposition of K as
Kk ~ Yﬁy7k(ij7k)TYT, (1)

where K = Y'Y without loss of generality, the rank-
k SVD of Y is Yy = Uy Zy i (Vyx)', Uy, is
approximation of Uy j, and K, = YUka(UY,k)TYT
is the best rank-k approximation of K computed by
SVD [13]. Although these methods share Eqn (1) and
approximate Uy for Ky, the computed [NJYJC are
different since they use distinct approaches based on
dissimilar motivations.

Rank-k standard Nystrom method (SNM) [5] ap-
proximately computes the rank-k£ spectral decom-
position as (LYT)? = Z(Bsp)? VYT =
VECVs, 255, Ky = CK[,CT, where k <
rank(S), and Kg ) = Vs’kﬁgﬁkV;k. The implicit
equations of SNM for rank-%k approximation are

U7 = Usy, K™ =Y(Usy)(Usy) YT, (2)

where columns of Ug are the first k principal di-
rections of S s.t. S; = UsykEs,kV;k. We note
that Ki"™ = Y(Usy)(Usy) YT = CK,CT.
Since SNM approximates Uy as Ugy Eqn (2) is
biased to the sample subspace which is range(S).
To reduces time complexity O(ksn + s%) to O(ksn),
SNM+Rand.SVD [12] uses randomized SVD to quickly
decompose s x s sample matrix Kg, and implicitly
compute st,k. Thus, we can consider the implicit
equations of SNM+Rand.SVD by replacing Ug j, in
Eqn (2) as Ug .

To efficiently obtain accurate orthonormal eigenvec-
tors in one-shot, orthogonal Nystrom method (ONM)
was proposed [7]. In fact, rank-k SNM and ONM are
identically the same when k = rank(S). However, for
k < rank(S), rank-k SNM and ONM can be distin-
guished by using the modified approximation formula
[13]. The explicit equations of ONM for rank-k approx-
imation are

S =Zar V¥ =GVarZgh, ()
K" = GVgi(Var) GT,
where G = CVsXg', Kg = VX2 V{ and G has rank
k SVD G = UG,kEG,kVE;,k- The implicit equations
of ONM are
UYT =UsVayr, K =YTUGHUSTHTY,
(4)
where G = CVgXg' = Y'Us, V¢ =
GVGJCE(ETIC = YTUsVG)k(EG”k)_l. It is straight-

forward to verify that Ug , and UgV g are different
when &k < rank(S), consequently two approximations

of the first k principal directions Uy j, are different i.e.,
fJ%}”,f #* fjg’?? Thus, it is again trivial to show that
the results of Eqn (2) and Eqn (4) are different when
k < rank(S).

The another benefit of ONM is that it solves the sample-
based kernel PCA problem (Lem 1) [13]. That is, given
sample matrix S, fjg’}”,? minimizes the reconstruction
error of kernel PCA with the constraint that approxi-
mate principal directions are in the range(S). Columns
of V%}LZLZNIQ}LZL are the corresponding principal compo-
nents.

Lemma 1 [18] Sample-based kernel PCA is defined as
kernel PCA with an additional subspace constraint of
range(Uy 1) € range(S). Then, ONM is the optimal
sample-based kernel PCA.

Based on Lem 1, double Nystrém method (DNM) pro-
posed sample subspace compression, and it uses ONM
twice [13]. However, there is no further error analysis
regarding a multilayer structure in [13].

We provide Lem 2, a refined version of Lem 1, which
states that ONM computes rank-k SVD of Y such that
the computed k principal directions fJ%l”k” minimize
reconstruction error of Y regardless of whether Y is
mean centered or not.

Lemma 2 Regardless of the condition of mean center-
ing on'Y, given sample matrix S, ONM computes first k
approximate principal directions INJYJC which minimize
reconstruction error of Y with range(Uy 1) € range(S),
where the reconstruction error of Y is defined as
RE(Uyy) =Y — UYJCU;,CY IIF-

We will use Lem 2 for the analysis of our method.

3 Nested Nystrom Method

If the data size n is large, rank-k SNM and ONM
need a relatively larger number of samples s to get
accurate spectral decomposition, and the approxima-
tion will take longer. We propose NNM which con-
sistently decomposes very small matrices to efficiently
update the first k principal directions of Y and eigen-
decomposition of K even though n is large. NNM is
described in Alg 1, and its example is displayed in Fig 2,
and the detailed description is as follows.

The multilayer architecture of NNM is based on the fol-
lowing three parts: subsampling part, Nystrom method
part, and compression part. First, we run subsampling
part which constructs a nested sequence of subsample
matrices and stacks multiple layers with it. Then, we
run both Nystrom method and compression parts with
the nested sequence of subsample matrices on the t sub-
layers until the final layer. Specifically, NNM updates
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Algorithm 1 Nested Nystrom Method (NNM)

Require: n x s matrix C and s x s matrix Kg, where
C=Y'Sand Ks=ST'S, where s < n

Ensure: rank-k spectral decomposition of K

1: Subsampling part:
Subsampling indices from the index set J of S
st. 20 2 ... 2 J, and corresponding C D
Ks 2 C; 2 Kg, --- 2 C; 2 Kg,, where |J;| = s,
§>81 > ... > S

2: For i-th sublayer from the 1st to the ¢-th
sublayer:
Rank-s; Nystrém method: Compute Vs, , , of
Ks, , with C;_;_,, and K,St—(i—l) (optional use
ONM)
Compression: Compress sample matrices C;_; and
Ks, , as C,_; and Kg,  (Eqn (6), Eqn (7))

3: Final layer:
Run ONM (Eqn (3)) with C" and Kg

the principal subspace and compresses sample matri-
ces by using the small-dimensional subspace which is
compressed and transformed by computed eigenvec-
tors on each sublayer. At the final layer of NNM, we
computes the rank-k spectral decomposition by us-
ing ONM with the compressed sample matrices, since
ONM computes the best principal directions which min-
imizes reconstruction error given the samples (Lem 1,
Lem 2). We note that NNM computes the true rank-k
spectral decomposition when the range of compressed
samples includes the true rank-k principal subspace,
i.e., range(Uy) C range(S’).

Subsampling part: Given indices set J of s samples
and the corresponding sample matrices S and Kg, we
construct a nested index sets J 2 J1 2 ... 2 J; and
the corresponding nested sequence of submatrices as
Eqn (5).

S$S28;28;2:--28;, (5)
COKs2CiDKg, 2DCy;0Kg, 2---2C; DKg,,

where |J;| = s;, and s > s1 > ... > s;. Especially,
we can understand (s;—1) X s; matrix C; and s; X s;
matrix Kg, with implicit equations as C; = S;F_ISZ»
and Kg, =SS, for 1 <i <t, where S; is d x s; and
Sg=S.

Rank-s; Nystrom method part: In this part, we
compute the approximate eigenvectors Vsi of Kg, by
using compressed submatrices Cg,, | and K/Si+1' From
the 1st to the (¢ — 1)-th sublayer: We compute the first
s; approximate eigenvectors VSi,St of Kg, by using
compressed submatrices C; |, and Kg,  on the (t —1)-
th layer, where ¢ € {1,2,...,(¢t — 1)} and C} = C;
and K’St = Kg,. On the t-th sublayer: We compute
the first s; approximate eigenvectors \757& of Kg by

Nested Sub-sampling

_’DD_’DD

C Cz Ks, CsKs,

Ks Cy Ks,
ONMl
Vy i C' Ky Vs, CiKs, | Vs,oo  ChK, Vs,
ONM ° ONM o |:|ONM |:| o [
— -— -—

Recursive Eigenspace Update
by Compression and Kernel PCA

—

Figure 2: An example of multilayer structure of NNM
with 4 layers (3 sublayers and the final layer), which can
be described by the explicit equations Eqn (5), Eqn (6)
and Eqn (7). Right arrow denotes subsampling. ONM
with the arrow denotes that we compute approximate
eigenvalues and eigenvectors by using ONM. Circle C
means a compression of sample matrices with approxi-
mate eigenvectors.

using C and Kg , and select \737@ from Vs,s,,, where
s¢ > £ > k. We recommend using the ONM for rank-s;
Nystrom method at each layer due to both its efficiency
and accuracy, especially Lem 1 and Lem 2. Then, the
time complexity of rank-s; Nystrom method part with
ONM at i-th layer is O(s?s;—;) for i € {1,2,...,(t—1)},
and the time complexity of rank-s; Nystrom method
part with ONM at t-th layer is O(s?s). These time
complexities are very small, since n > s> s1 > ... >

Compression part: In this part, we compress sample
matrices by using the approximate eigenvectors. From
the 1st to the (¢ — 1)-th sublayer: we compress sample
matrices C; and Kg, by using \73 as

C; = Civsi,sm I</S7 = (Vsiyst)TKSivSi,St3 (6)
where \Nfsi,st is computed at (t — i)-th layer, and i €
{1,2,...,(t = 1)}. On the ¢-th sublayer: we compress

sample matrices C and Kg by using Vg, with k <
/ S St

C' =CVsy, K= (Vsy) KsVgy. (7)

We can connect the compression of sample matrices
to the compression of sample subspace with implicit
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equations
C,=8/ .8, C=Y"¢ (8)
Ks, =S;'S), Kg=8""8,

where S} = S; Vs, ,,,S = SVsy, i€ {1,2,...(t — 1)},
and Sop = S.

Based on Eqn (8), we can think that the sample sub-
space range(S;) is compressed into a smaller dimen-
sional subspace range(S}), where ¢ € 0,1,...,(t —1)
and So = S. From the 1st to the (¢ — 1)-th sublayer,
we efficiently and accurately update the compressed
sample subspace range(S,) by using the eigenvectors
of sample matrices. Since the compressed sample sub-
space range(S}) is biased to the principal subspace of
s; subsamples, we preserve the s; dimension of com-
pressed sample subspace until the ¢-th sublayer. At the
t-th layer, we compress the sample subspace range(S)
with a smaller dimension ¢ for a shorter running time
instead of using sy, since the principal subspace of s
samples is more closer to the rank-% principal subspace
of n nodes. That is, we can use Vs’g for compression
of S instead of using Vs,st, where k < ¥ < s;.

The time complexity of compression part at (¢t — 4)-th
layer is O(sts;8;—1) for i € {1,2,...,(t — 1)}, and the
time complexity of compression part at t-th layer is
O(¢sn), where sg = s. We note that all performances in
the compression parts are only matrix multiplications.

Time complexity analysis: Suppose that we
construct the nested sequence of subsamples with
Z§:1 sj = 0(s), e.g., 22:1 sj < s, where s > s1 >
.. > s8¢ > £ > k. Then, we provide Proposition 1
which states the time and space complexities of NNM.

Proposition 1 Suppose that we use ONM for rank-
s¢ Nystrom method parts in NNM, and set the nested
sequence of subsamples with 2321 sj = O(s), where
§> 81> ... > s > > k. Then, the total time
and space complezities of NNM are O(¢sn+ sys15) and
O(sn), respectively.

The detailed proof of Proposition 1 is in the Appendix.
A large portion of the total time complexity O(¢sn +
sts18) is O(€sn) corresponding to the simple matrix
multiplications in the compression parts. In Section 5,
we will show that the running time of NNM is linear
for s.

Selecting number of subsamples and sublayers:
We can select the number of subsamples based on the
condition Z;Zl s; = O(s) of Proposition 1. We first
set M for M - s > 22:1 s;j. The simple choice of M is
1 or 2, then we have s > 2321 s;j or 2s > Z;Zl s;. We
then define a relation among the numbers of subsamples.
One of the simplest way is to set s; = as;_1 for i €

{1,2,...,t}, where 59 = s and 0 < a < 1. A smaller
a leads to a shorter running time, but a larger a is
better to obtain a small approximation error. To attain
both efficiency and accuracy, we can set a = %, then

22:1 sj = 22:1 778 < s. For example, we can set
s1 = 1000, s2 = 500, and s3 = 250 when s = 2000 and
t = 3. We note that s; and ¢ are tuning parameter,
where s > s1 > ... > s; > £ > k. Finally, we note that
the proper number of sublayer ¢ should satisfy M - s >

Z§:1 s; and s > s;. For example, suppose that we set
a= % and M = 2, then we have 2 - s > 22:1 s; and
s; = 2!7Js;. Then, for s; = 250 and s € [2000, 5000,
the proper number of sublayer ¢ is between 1 and 4,
since we have 2-s > 2321 2t=Js, and s > 2t~7s, when
te{1,2,3,4}.

Several properties of NNM: We note that NNM
is a generalized multilayer architecture, not a simple
approximation version. For example, NNM with no
sublayer is equivalent to ONM, and NNM with one
sublayer is equivalent to the DNM. But the main dif-
ference is that the upper error bound of NNM further
decreases when we decompose the same sized sample
matrix with additional layers. That is, we can compute
more accurate rank-k decomposition within the same
short time. We will show it in Section 5.

We can use any sampling method along with NNM,
since NNM does not need any assumption for proper-
ties of sample matrices C and Kg. Thus, for kernel
methods, we can apply any sampling method both
for constructing sample matrices and a nested set of
subsamples.

We note that it is possible to replace ONM in
the rank-s; Nystrém method part with other eigen-
decomposition methods. However, if we use the ONM
in the rank-s; Nystrém method part, then the benefit
will be small time complexity, low errors, and easy
implementation. Furthermore, it guarantees that the
upper error bound of NNM decreases when we use
an additional sublayer. We will prove it as Thm 1 in
Section 4.

We do not consider rank-k SNM at any layers instead
of ONM. Since, if we use the SNM at any layers, we
can not guarantee that the error decreases even we use
additional sublayers or increase £. We provide a formal
statement as Proposition 3 in Section 4.

3.1 Extension of NNM

In this section, we discuss the extension of NNM which
is described in Alg 2. Suppose that, given the s sam-
ples and NNM with ¢ sublayers, we want to compute
sp additional samples to update the spectral decompo-
sition of n x n PSD matrix K by using the s, extended
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Algorithm 2 Extension of NNM with Additional Sam-
ples
Require: the number of additional samples s;, NNM
with ¢ sublayers and its inputs and outputs
Ensure: rank-k spectral decomposition of K
NNM with (¢ + 1) sublayers, additional s; samples
(total s, = (s + sp) samples),
appended sample matrices C, and Kg,
1: Additional sampling:
Sampling additional s, points
Constructing appended sample matrices: n X s,
matrix C, and s, X s, matrix Kg,
2: (t + 1)-th sublayer:
Rank-s; Nystrém method: Compute szg of Kg,
by using the sample matrices of Kg, compressed
by VS,st
Compression: Compress sample matrices C, and
Ks, as C, and Kg_ by using Vs, .« (Eqn (7))
3: Final layer:
Run ONM (Eqn (3)) with C, and K§g_

samples, where s, = (s + s3). Then, by extending
the multilayer structure of NNM, we can efficiently
update the spectral decomposition. The extension of
NNM which consists of three components: additional
sampling, (¢ + 1)-th sublayer, and the final layer. The
followings are description of NNM.

Additional sampling: We can use either uniform or
non-uniform sampling. For non-uniform sampling, we
can efficiently compute s;, additional samples by using
the rank-k spectral decomposition obtained from NNM
with t layers, e.g., approximate column norm sampling
[5], approximate leverage score sampling [13], and adap-
tive partial sampling [11]. The implicit equation of s,
samples is S, = [S Sb], and the implicit equations
of appended n x s, sample matrix C, and s, X s,
sample matrix Kg, are C, = YTS, and Ks, = SaTSa,
respectively.

(t + 1)-th sublayer: In the rank-s; Nystrom method
part, we efficiently compute Vsa,g of Kg,. Let Cp and
Ks be the s, x s and s x s sample matrices of Kg_,
respectively. Then, we compress Cy and Kg as Cj,
and Kg by using Vs 5, which was computed at the ¢
sublayer of NNM, and compute \75(“@ of Kg, by using
ONM and the compressed sample matrices Cj, and Kg.
In the compression part, we compress sample matrices
C. and Kg, as C, and Kg_ by using Vs, .0

Final layer: We compute V, by using C., Kg, and
ONM.

The time complexity of rank-s; Nystrom method part
using ONM in (¢ + 1)-th sublayer is O(s?s,), and the
time complexity of compression part is O(fs,n). At

the final layer, the time complexity of ONM with C/,
and Kg is O(£*n).

We can combine different sampling strategies for com-
puting spectral decomposition of PSD matrices by using
the extension of NNM. For example, we can easily com-
bine uniform and approximate leverage score sampling,
since the time complexity of computing approximate
leverage scores using V, computed by NNM with ¢ sub-
layers is just O(kn). Then, the total time complexity of
NNM with (t+1) sublayers is O(€sqn + $¢S45) which is
linear for s, when (s+ Z;Zl 5j) = O(s,). In Section 5,
we will compare the experimental results of NNM by
using uniform sampling and uniform + approximate
leverage score sampling. Finally, we note that we can
use multi-sublayers between t-th sublayer and the final
layer, if s,/s is too large.

4 Error Analysis of NNM

In this section, we provide an error analysis of NNM.
First, we provide the implicit representations of com-
pressed sample subspaces to analyze the error of NNM.
Next, we show the upper error bounds of NNM, and
prove that the upper error bounds decreases when we
use additional sublayers.

4.1 Representations of Compressed Sample
Subspaces

NNM efficiently and accurately updates the compressed
sample matrix S} so that range(S}) closely approxi-
mates the true principal subspace based on Eqn (8)
until the final layer. That is, we want to compute S’ s.t.
range(Uy) C range(S’). Consequently, we need to ana-
lyze how compressed sample subspace varies range(S;)
through the multilayer structure to analyze NNM.

First, we provide the implicit representation of the
principal subspace as range(Uy,) = range(UpXy ;) =
range(YVy ). Similarly, we can give the implicit rep-
resentations of compressed sample subspaces range(S;)
and range(S’) as range(YVy ,,) and range(Y Vy (),
respectively. Lem 3 formally states their implicit rep-
resentations.

Lemma 3 Given the mutilayer Nystrom structure of
NNM with t sublayers, let S=YP and S; =S, 1P,
where P;'—Pl- = I for column sampling, Py = P,
and Sg = S. Then, we have S; = YZ; with Z; =
PP, - P, and S} = Y\~7Y7St on the (t—1i)-th layer, and
S = YVY’e on the t-th layer, where \N/'Y,St = zi\?si’st
and VY,Z = PVS/.

By Lem 3, we note that if range(YVyyr) C
range(Y Vy ¢) = range(S’), then NNM computes the
rank-k spectral decomposition with the optimal error.
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4.2 Decrease of Upper Error Bounds of
NNM

For the case of using linear combination input S =
YVY s with VY SVY s = I, the generalized upper
error bounds of ONM have been proven [13]. Since the
input of the final layer of NNM can be considered as
S = YVY,K by Lem 3, we provide Lem 4 which states
the upper bounds of the final error of NNM.

Lemma 4 Suppose that S’ = YVY,Z is the com-
pressed . samples as an input of the final layer of NNM,
where V7, EVY ¢=Tand k <0 < s;. Then, upper er-
ror bounds of NNM for kernel PCA and rank-k matriz
approximation are

C 2¢2(V
NRE(Uy ;) < NRE(Uy ) + Q(v”) o)
k
MRE(K},) < MRE(K},) + 262(:%@) (K).
k

where Vy L 18 any submatriz consisting of k columns
of Vy £ Uy & consists of the first k approrimate prin-
cipal dmzctwn:s which are implicitly generated by kernel
PCA, NRE(UYk) = HY - UY,kUg,kY HF/HY HF 18
the normalized reconstruction error (NRE) of kernel
PCA, MRE(K}) = |K — Ky || is the reconstruction
error of rank-k PSD matriz approximation, v is the
k-th eigengap, 62(VY k) is the sum of errors of eigen-
values from VY L Wwith VY kVY =1 s.t. 62(VY k)=

tr(Vy )Y 'YVy ) — tr(VYka YVy).

These upper error bounds in Lem 4 only depend on
e2(Vy ), since 73, and tr(K) are constant given the
K. The approximation errors in Eqn (9) go to the
optimal errors which are NRE(Uy ) and MRE(K})
as e2(Vyx) goes to 0, and e(Vyy) = 0 when
range(Vy i) C range(\?y,g). Since reducing GQ(VY’]C)
is important, we need to show how GQ(VY’]C) varies
through the sublayers.

Suppose that, given the mutilayer structure of NNM
with ¢ sublayers, we use ONM for kernel PCA parts and
only ¢ sublayers which are from the first sublayer to i-th
sublayer until the final layer, where ¢ € {1,2, ..., (t—1)}.
Then, the i-th sublayer becomes the last sublayer before
the final layer, and we have S, = Y (Z; V &) as the
input of the final layer with j = (¢ — i) by Lem 3
and Lem 4. Thus, we can select Vy j, = ZJVEZ”E for

e2(Vy.r), i-e., €2(Z;V g") since Vyo= zj\?gf;jg.

Proposition 2 states that the sum of eigenvalue error
€2(Vy ) decreases as we use additional sublayers.

Proposition 2 Suppose that we use ONM for kernel
PCA parts in NNM. Then, we have e3(Z; g’;%) and

Table 2: The summary of 4 real data sets. n is the
number of instances and m is the dimension of the
original data.

data set ‘ Letter MNIST  MiniBooNE  Covertype
n 20000 60000 130064 581012
m 16 784 50 54

Letter Letter

—e—SNM —e—SN\M
—4— SNM+Rand.SVD (p=100) 457| —<— SNM+Rand.SVD (p=100)
—»— SNM+Rand.SVD (p=500) 40}| —>—SNM+Rand.SVD (p=500)
NNM (t=1)
35| NNM (t=2)
—NMg)
s ~ NNM (t=2+1,Univ+Alev)
2 sol| —a M ()
£ —v— NNM (t=3+1,Univ+Alev)

Relative Error (k=50)

2000 2500 3000 3500 4000 4500 5000 2000 2500 %000 3500 4000 4500 5000
s: The number of samples s: The number of samples

Figure 3: Performance comparison of SNM,
SNM—+Rand.SVD, and NNM. The upper left figure
displays the results for rank-k kernel matrix approxima-
tion, and the upper right figure displays their running
time. The results show that the error of NNM decreases
as we use additional sublayers within the short time.

eg(Zj_l\?g’;i”hk) for NNM using i and (i+1) sublayers
respectively, and eg(Zj,l\N/g;”” p) < €(Z; V"”m)

Due to the page limit, the proofs are in the Appendix.
By Lem 4 and Proposition 2, we provide our main
theoretical result Thm 1 which states that the quality
of compressed input at the final layer is important, and
we can increase accuracy by using more sublayers.

Theorem 1 Suppose that we use ONM for the kernel
PCA parts in the sublayers. Then, the upper error
bound of NNM in Lem 4 decreases when we use addi-
tional sublayers.

Finally, Proposition 3 states that rank-k SNM does
not have the benefit for using additional sublayers or
increasing ¢ parameter.

Proposition 3 Suppose that we compress C and Kg
as C' and Kg with \757@ = Vg at the t-th layer, and
we run the rank-k SNM with C' and Kg at the final
layer. Then Kinm are the same regardless of values of ¢,
where £ > k. That is, the rank-k spectral decomposition
using rank-k SNM is biased by s samples.

5 Experiments

In this section, we present experimental results that
demonstrate our theoretical work. We compare rank-%
Nystrom methods to the rank-k kernel matrix approxi-
mation and KPCA. The three error measures which we
used are matriz reconstruction error (MRE(Ky) =
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Figure 4: Performance comparison for rank-k kernel
matrix approximation among the NNM with 1, 2, 3, 4
sublayers. NNM (¢ = 4) is more efficient than NNM
(t=1,2,3).
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Figure 5: Comparison of MRE(K},) for rank-k kernel
matrix approximation among the four representative
methods with: SNM, SNM-+Rand.SVD, ONM, NNM
(ours). NNM is more efficient than other state-of-the
art Nystrom methods given the short time.

MNIST (sigma=10.0) MinibooNE (sigma=0.5)
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Figure 6: Comparison of convergence to the optimal
error with rMRE(Kk) for rank-k kernel matrix approx-
imation. It shows that error of NNM rapidly decreases
compared to other Nystrom methods.
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Figure 7: Comparison of convergence to the optimal

error with rNRE(K},) for KPCA. Tt shows that recon-
struction error of KPCA of NNM rapidly decreases
compared to other Nystrom methods.

IK — Ky ||r), relative matriz reconstruction error

(tMRE(K},) = w € [1,00)), and relative KPCA

reconstruction error (INRE(U}) = %ﬁg:; € [1,00)),

where ||K — K, ||[r and NRE(Uy,) are the optimal error
which comes from SVD. The optimum of rMRE and
rNRE is 1. To construct PSD matrix K, we use RBF

.12
kernel which is defined as k(x;,x;) = exp (—%)7
where o is a kernel parameter. We select 4 real data
sets for evaluating performances, and summarize them

in Thl 2.

We empirically compare the NNM described in Alg 1
with four representative Nystrom methods: SNM [5],
SNM-+Rand.SVD [12], ONM (7], and DNM [13]. We
abbreviate NNM with ¢ sublayers to NNM (¢ = 1)
for convenience, and DNM is the same with NNM
(t = 1). For all methods except NNM (¢t = 4), we
set s = 5005 with j = 4,5,...,10 in Fig 3. We set
s = 3000, 3500, ...,5000 for NNM (¢t = 4). We use
the same amount of sn kernel matrix elements for all
methods.

We set p parameter as 100,500 for SNM+Rand.SVD,
since the error of SNM-+Rand.SVD decreases to the
error of SNM when p = 500 regardless of data sets
and experiment settings. We report the additional
experimental results with p = 500, 1000, 2000 in the
Appendix. To compare NNM with SNM+Rand.SVD,
we use the following parameters: s; = (1000 + 505),
s2 = (500+2575) , s3 = (2504257), £ = (k+15045j) for
s = 2000, 2500, and s; = (2000+505), s2 = (1000+505),
s3 = (500+257) , s4 = (250+257), £ = (k+150+57) for
s > 3000. With these parameters, we have s; ~ 2tJs,,
and set the maximum number of sublayers ¢ as 4 to
satisfy 2 -5 > 2221 2t=Jg, and s > 2775, (see the
paragraph of selecting ¢ in Section 3).

In Fig 3, we can see that the errors of NNM are smaller
than SNM and SNM+Rand.SVD, and the errors of
NNM further decrease as we use additional sublayers
within the short time. We also run NNM by combining
uniform sampling (Unif) and approximate leverage
score sampling (ALev) based on the extension of NNM.
For example, (¢t = 2+ 1,Unif+ Alev) means that we run
NNM with 2 sublayers by using Unif, and extend NNM
with 1 sublayers by using ALev. In Fig 3, although
the error of NNM (¢ = 2+ 1,Unif+Alev) is higher than
NNM (¢ = 3), the error of NNM (¢ = 3 + 1,Unif+Alev)
is smaller than the error of NNM (¢t = 4), since the
accuracy of approximate leverage scores computed by
NNM increases as we use more sublayers. Fig 4 shows
that the error of NNM decreases as we use additional
sublayers regardless of data sets. We can see that
NNM (t = 3,4) sublayers are more accurate than NNM
(t = 1,2) within the same short time. Fig 5 shows that
the errors of NNM are smaller than errors of other state-
of-the art Nystrom methods within the same short time.
Fig 6 and Fig 7 show that the errors of NNM both for
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rank-k kernel matrix approximation and KPCA rapidly
decrease compared to other rank-k£ Nystrom methods.

6 Conclusion

In this paper, we presented a multi-scale Nystrom archi-
tecture, called nested Nystrom Method (NNM), which
efficiently and accurately updates the rank-k spectral
decomposition of PSD matrix on the multilayer struc-
ture with the nested sequence of subsamples and sub-
space compression. Both theoretically and empirically,
we demonstrated that the error of NNM decreases as
we use additional layers. Finally, we showed that NNM
is more efficient than other rank-k Nystrom methods.
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A Additional Experimental Results

In this section, we provide the experimental results
with various setting: different sigma, different rank-
k, different ¢, and etc. We empirically compare the
NNM described in Alg 1 with four representative Nys-
trom methods: standard Nystrom method (SNM) [22],
standard Nystrom method using randomized SVD
(SNM-+Rand.SVD) [12], one-shot Nystrom method
(ONM) [7], and double Nystrom method (DNM) [13].
We note that DNM is equivalent to NNM with 1 sub-
layer. For convenience, we abbreviate NNM with i
sublayers to NNM (¢ = 4). If we consider the final
layer, then NNM (¢ = i) has (i 4+ 1) total layers. For
all methods, we set s = 5005, where j = 4,5, ..., 10.
Thus, there are 7 episodes for each test and the corre-
sponding 7 points on the each line in the figures. We
use the same amount of sn kernel matrix elements for
all methods. We report only the decomposition time
in this section, since we report the running time in-
cluding kernel construction time in the main section
(Section 5).

We tested the value of p parameter of SNM+Rand.SVD
from 5 to 2000, since the errors of SNM+Rand.SVD
decrease to the errors of SNM as we increase the value
p parameter. We report the experimental results of
SNM+Rand.SVD with p = 500, since the errors of
SNM+Rand.SVD decrease close to the errors of SNM
regardless of data sets and experiment settings when
we increase p as 500. We observed that the errors
of SNM+Rand.SVD did not further decrease even if
we increased the value of p parameter over 500 in
the experiments, e.g., p = 1000, 2000, since the errors
of SNM+Rand.SVD converge to the errors of SNM
as we increase p parameter. To compare NNM with
SNM-+Rand.SVD, we use the following parameters for
Fig 8 Fig 9 and Fig 10: For NNM with ¢t = 3, we set
s1 = (1000 + 507), s2 = (500 + 2575) , s3 = (250 + 257),
¢ = (k+ 80+ 5j), where j = 4,5,...,10. For NNM
with ¢ = 2, we set s = (500 + 257) , s2 = (250 + 257),
¢ = (k+ 80+ 5j5). For NNM with ¢t = 1, we set
s1 = (250 4 255), £ = (k+ 80+ 55). In Fig 8 Fig 9
and Fig 10, we exclude the kernel construction time for
report the running time. Meanwhile, in Fig 3 and Fig 4
in Section 5, we reported the running time including
kernel construction time.

Fig 8 displays the experimental results on 4 different
real data sets. In this experiment, we set k = 20
instead of &k = 50. We set ¢ for 4 data sets as follows:
o = 1.0 for Letter, 0 = 5.0 for MNIST, ¢ = 1.0
for MiniBooNE, and ¢ = 1.0 for Covertype. For our
method, we display the experimental results of NNM
with 3 sublayers. Fig 8 shows that NNM computes
more accurate rank-k matrix approximation compared

Letter
\\ —e— SNM
\ | —— SNM+Rand.sVD
\ | —=—onNm
&) —x—NNM
— -~ SVD (optimal)
1000 \
\

P -
10717 S~

S e —ua_

nnnnn

uuuuu

20)

Relative Error (k:

10° 10'
Time (s)
MNIST (sigma=5.0)

—e— SNM

—— SNM+Rand.SVD
—=— ONM
—*— NNM

— - — - SVD (optimal)

Relative Error (k=20)
A /.//

Time (s)
MiniBooNE

-20)
el 7

Relative Error (k:
4

107 10° 10' 10°
Time (s)
Covertype

-20)

,,,,,

100 \-‘

,,,,,

Relative Error (k:

10° 10' 10°
Time (s)

Figure 8: Performance comparison with £ = 20 among
the four representative methods: SNM [22], ONM [7],
SNM + Rand.SVD [12], and NNM (ours). There are
7 episodes for each test, and there are 7 points on the
each line in the figures. That is, we gradually increase
the number of samples s as 2000, 2500, 3000, ... ,
5000, and there are corresponding 7 points on the each
line. We perform SVD algorithm only on the Letter
and MNIST data sets due to the memory limit. The
results show that NNM is more accurate than other
Nystrom methods within the same short time.

to the other Nystrém methods within the same time.
Especially, for Letter and MNIST data sets, we can
notice that the error of NNM rapidly decreases to the
optimal error. Although SNM+Rand.SVD is slightly



Woosang Lim', Rundong Du', Bo Dai!, Kyomin Jung?, Le Song"'®, Haesun Park®

Letter (sigma=1.0)

000 \
\ [—e—swm
\ | —— SNM+Rand.sVD
1070057 \ | —=—ONM
& —x—NNM
~ — -~ SVD (optimal)
8 -0.093 \
\\
g0 -
‘0'“ 103 \

Time (s)
Letter (sigma=3.0)

=21
35

Relative Error (k:

-1.032

Relative Error (k=20)
aw BA
-

10

Time (s)
MNIST (sigma=>5.0)

—e— SNM
—>— SNM+Rand.SVD
—=— ONM
—— NNM
— = SVD (optimal)
\ L
N
\

-20)

10°

Relative Error (k-

10704

Time (s)
MNIST (sigma=10.0)

Relative Error (k=20)
3 3
P

Time (s)

Figure 9: Performance comparison with the different
sigma values of kernel function. In this experiment,
we display the experimental results of NNM with 3
sublayers. The results show that the errors of NNM is
smaller than other Nystrom methods within the same
short time regardless of sigma values.

faster, the errors of NNM are much smaller than the
errors of SNM+Rand.SVD. ONM is the accurate, but it
takes much longer. Fig 9 also shows that NNM is both
accurate and efficient regardless of the sigma values of
kernel function.

Fig 10 shows that the errors of SNM+Rand.SVD do not
further decrease even if we increase the value of p param-
eter over 500 in the experiments, e.g., p = 1000, 2000.
We can also notice that the errors of SNM+Rand.SVD

converge to the errors of SNM.

B Proof of Proposition 1

Proof 1 For the proof of Proposition 1, we use
2321 sj = O(s) and properties of big O notation. The
time complexity of kernel PCA part with ONM at i-th
layer is O(s?si—;) fori € {1,2,...,(t — 1)}, and the
time complexity of kernel PCA part with ONM at t-th
layer is O(s?s). Then, the sum of time complexities in
kernel PCA parts is bounded as

t—1
s2s + Z s2s;_; < (M +1)s?s,
i=1

where Z§:1 s; < M-s and we usually set M < 2 in the
experiments. Thus, by the properties of big O notation,

the total time complexity of kernel PCA parts using
ONM is O(s?s).

The time complexity of compression part at (t — i)-th
layer is O(sts;8;—1) fori € {1,2,...,(t — 1)}, and the
time complezity of compression part at t-th layer is
O(¢sn), where sy = s. Then, the sum of time complex-
ities in compression parts is bounded as

t—1 t—2
fsn + E 818;S;—1 = €sn + $4818 + E 5¢8i415;
i=1 i=1

<Utlsn+ (M + 1)sts18,

where sg = s and 22:1 s; < M -s. Thus, the total
time complezity of kernel PCA parts is O(€sn + $¢515).

Finally, at the final layer, the time complexity of ONM
with C' and K§g is O(¢*n), since C' isn x £ and K§
1s £ x £. Therefore, the total time complezity of NNM
is O(€sn + st818).

C Proof of Lem 3

Lem 3 formally states implicit representations of com-
pressed subspaces.

Lemma 3: Given the mutilayer Nystrom structure of
NNM with ¢ sublayers, let S=YP and S; =S;_1P;,
where P/P; = I for column sampling, Py = P,
and Sg = S. Then, we have S; = YZ; with Z; =
PP;---P,and S} = YVY’St on the (t—%)-th layer, and
S’ = YVy 4 on the t-th layer, where Vy s, = Z; Vg
and VY’( = PVs,g.

i3St

Proof 2 For a general case, we assume that a muti-
layer Nystrom structure of NNM has t sublayers with
the nested sequence of samples in Eqn (5). Without loss
of generality, we can define P; for column sampling s.t.
S =YP and S; = S;,_1P; with (P;)"P; = I, where
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Figure 10: Performance comparison for £ = 20,50 with different sigma values among the four representative
methods: SNM [22], ONM [7], SNM + Rand.SVD [12], and NNM (ours). There are 7 episodes for each test, and
there are 7 points on the each line in the figures. We gradually increase the number of samples s as 2000, 2500,

3000....,

5000, and there are corresponding 7 points on the each line. Regardless of rank-k and sigma values,

experimental results show that the NNM is more accurate than other Nystrom methods within the same short

time.

Py =P, and So = S. Then, we have S;
Zj :PP1P] ande =P.

By Eqn (6), Eqn (7) and Eqn (8), we have S, =
S; Vs, s, on the (t—1i)-th sublayer fori € {1,...,(t—1)}
and S’ Svs,g on the t-th sublayer. Thus, if we
apply S; = YZ; to the S, = Sivsi,st and S’ =
SVs., then we have S
th layer, and S’

=YZ,;, where

= YPVsj on the t-th layer. Since

= YZ;Vs,,, on the (t —i)-

(ZiVsi,st)TZiVsi,st =1 and (P\N]SJ)TPVS,Z = I, we
can think that S, = YVy ,, on the (t —i)-th layer with
Vym = Zﬂ’sw“ and S’ = YVY,Z on the t-th layer
with \N/'Y,g = P\N/'s,g.

By Lem 3, we note that if range(YVyy) C
range(Y Vy ¢) = range(S’), then NNM computes the
rank-k spectral decomposition with the optimal error.
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D Proof of Lem 4

For the case of using linear combination input S =
YVy , with V;SVY’S = I, the generalized upper error
bounds of ONM have been proven as Proposition 4 [13].

Proposition 4 [15] If we set S = YVy.. with
VY Vy .. =1, then errors of kernel PCA and rank-
k matriz approximation using ONM are bounded as
follows:

. -
NRE(Uy ;) < NRE(Uy 1) + 2e2(Vy k)
’ Yk
~ v
MRE(K}) < MRE(K}) + 62(7m (K.
k

where ﬁy’k consists of the first k approzimate principal
directions which are implicitly generated by kernel PCA,
NRE(Uy 1) Y = Uy Uy, Ye/l[Y|p is the
normalized error (NRE) of kernel PCA, MRE(K}) =
|K — Ky ||r is the error of rank-k PSD matriz approa-
imation, v is the k-th eigengap, e2(Vy ) is the sum
of errors of eigenvalues from Vy i s.t. e(Vy, k) =

tr(Vy YT YVy ) — tr(Vy kYTYVY k), and Vy i

1s any submatriz consisting of k columns of VY,S.

The input of the final layer of NNM can be considered
as S’ = YVY,Z by Lem 3, then we can consider s
samples, \~7y7s, and S in Proposition 4 as compressed
£ samples, Vy’g, and S’, respectively. Since the input
of the final layer of NNM satisfy the condition of input
in Proposition 4, we can provide Lem 4 which states
the upper bounds of the final errors of NNM.

Lemma 4: Suppose that S’ = YVy ¢ is the com-
pressed samples as an input of the final layer of NNM,
where VY L,VY ¢=Tand k < /¢ < s;. Then, upper er-
ror bounds of NNM for kernel PCA and rank-k matrix
approximation are

. -
NRE(Uy ;) < NRE(Uy ) + 62(7Yk) 10)
k
2 262 (V
MRE(K}) < MRE(Kj) + 62(7”) 2(K),
k

where VY k 1s any submatrix consisting of k columns
of Vy 2 UY  consists of the first k approximate prin-
cipal dlrectlons which are implicitly generated by ker-
nel PC‘A7 NRE(UY’}C) = ||Y — UY,kU—Yr',kY ||F/||Y ||F
is the normalized reconstruction error (NRE) of ker-
nel PCA, MRE(K},) = ||K — K, ||r is the reconstruc-
tion error of rank-k PSD matrix approximation,
is the k-th eigengap, GQ(VY k) is the sum of errors
of eigenvalues from VYk with V VY,k = I s.t.

e2(Vy ) = tr(Vy Y YVy ) —tr(thTYvy,k).

E Proof of Proposition 2

We provide Proposition 2 which states that the eigen-
value error of K from Vv j decreases as we use addi-
tional sublayers.

Proposition 2 Suppose that we use ONM for kernel
PCA parts in NNM. Then, we have €2(Z;Vg'}) and
€2(Z;j-1 Vg™ ;) for NNM using i and (i + 1) sublayers
respectively, and 62(Zj,1\~7g’;1”17k) < ez(Zj\?g?,’Z).

Proof 3 To prove Proposition 2, we need Cor 1,
Lem 7, Lem 6 and Lem 5, and their statements and
proofs are in the following subsections.

Suppose that, given the mutilayer structure of NNM
with t sublayers, we use ONM for kernel PCA parts and
only i sublayers which are from the first sublayer to i-th
sublayer until the final layer, where i € {1,2,...,(t—1)}.
Then, the i-th sublayer becomes the last sublayer before
the final layer, and we have S} = Y(Z; V")) as the
input of the final layer with j = (t — i) by Lem 3 and
Lem 4. Since Vy o = Zng’;jZ‘, we can select Vy , =
zﬁgzm,g which is the first k columns of Zjvg??}? for
GQ(VYJC).

Similarly, suppose that we use only (i + 1) sublayers
from the first sublayer to (i + 1)-th sublayer until the
final layer, where i € {1,2,...,(t — 1)}. Then, we have
89—1 = YZj,lVg?i’Lg as the z'np~ut of the final layer
with j = (t—1), and we can select Vy , = Z; 1VsJ 'k
for ea(Vy 1) since Vy o = Zj_lvgﬁi"ﬂ.

Thus, if we apply Vy = ZJ\Nfg’J”}: to e2(Vy ) for
Vg to e(Vy )
for using (i + 1) sublayers, then we have EQ(ZJ‘V%’;LTZ)
and eQ(Zj_l\?g?Tl

using i sublayer and \7Y71c =7Z;_

)s Tespectively.
Next, we need to prove Eqn (11)
€2(Z;_ 1V‘”J””1 w) < €2(Z; V""m) (11)

where j = (t —1) and i € {1,2, ...,
equivalent to Eqn (12) by Lem 5.

(t—1)}. Eqn (11) is

tr((VER) 'S/ S, VEy) (12)
< (V™ 1) '8/ _18,-1VE™ &),
where j = (t—1) and i € {1,2,...,(t —1)}.
By Lem 6, we have
tr(({fg’;m) STS V‘"””)
< a((VE) ST S,V
= tr(((S})"S))k) = tr(Ks: k),
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where () stands for the best rank k approzimation,
and V"”m consists of the first k columns of VO"’”

Without loss of generalization, we can define P; to
satisfy S; = S;-1P;, then (P;)"P; = 1. Now, we
have

\ronm

I _ Q. \ronm __ Q. ) _ Q. /
Sj = SJVS]J - S]—1PJ St — S]—lpj’

where P;- = Pj\?g’;j;} for the cases in Thm 1. By using
compact SVD of S s.t. S = Us;_ ES;V;,
have
tr(((S5)7S))x)
= tr(Ug, 4S5(S}) " Us; x)
= tr(US, #Si—1P5(P}) TS Uss 1)
tr(Ug, xSj-18; 1 Ust 1)

then we

The last inequality holds because of Lem 6 and the fact
that (P}) TP} =1.

So far, we have shown
(Vg ST S V)
< tr(Usg’ij,ls;-';lUS;’k).
Now, we want to argue that
tr(Ugg,ij—ls;rﬂUs« k)

<tI‘(( onm )TSJ 1S Uonm )

S;_1,k

We note that fjg?inlk and U’Sj,k are in the range of S’.
Then, by Cor 1,

tr((

onm

1k:) SJ 1S] IUSJ 1,)

= max tr (Us xS 1S 1Us7 1k)

Usj 1.k

subject to US L kUS] Lk =
range(Usg

j—1,k

Thus, we have
tr(( onm) STS Vonm)
<tI‘(US/ kS] 1S 1Us/ )
onm

< tr((Ug™ 1) 7S;-18, 1 U™ 1)

Next, by Lem 7, we have

(g

onm onm )

1k) S] 1S S;_1,k
(VR TSI, Vg,
Consequently, we have
tI‘(( onm) STS Vonm)

< tr((V s, e SJ 15— IVSJ " k)

k) C range(S?).

E.1 Lem 5

Lemma 5 Given the S; = YZ;, if we consider

\~/'Y7;C = zj(/s,yk, then the followings are equivalent

maxmnzetr((Vs k) Sjsjvsj,k)
Vs, .k

<= minimize e3(Z, Vs k)
Vs k

Proof 4 Let us remind that the sum of eigenvalue
errors from Vy i is defined as

GQ(VY’]C) = tI“(V;r(,kYTYVY’k) — tr({/;r(’kYTY\N/Y’k)
=tr(2% 1) —tr(Vy, Y YVy,),

where K = Y'Y, Y = Uyﬁyv‘T(, Y, =
vakzy,kv—{v’k, and (VY,k)TVY,k =1

If we consider Vyyk = zj\?sj,k, then we have

62(Zjvsj7k)
= (2% ) — tr((Z; Vs, 1) Y YZ; Vs, 1)
=tr(Z% ) — tr((Vs, 1) 'S/ S; Vs, ).

Since tr(EY ) is constant given the rank-k and K, we
complete the proof.

E.2 Lem 6
Lemma 6 [9] Let A € R™*™ have singular values

o1(A) > -+ > 04(A) >0, where ¢ = min{m,n}. For
each k=1,...,q we have

k
> oi(A) = max{| tr(XTAY)| : X € R™F Y € R,
=1
X'X=Y'Y =1}.
E 3 Corl

Corollary 1 For a mutilayer Nystrém architecture of
NNM, we have

Ug"m1 E= argmaxtr(U—srj_lYksqu;-r,lfjsj,l,k) (13)
Us;_ ;.5
subject to ﬁ;_l,kﬁs_j_l,k =1,
range(Us, , x) C range(S’).

That is, given the subsample matrices S; and Sj;_1,
ONM minimizes the sum of eigenvalue errors of Ks,_,
under the formula of Eqn (13).

Proof 5 Since, S, = ~sj\?g?jg = S, /P, Vg =
S;j-1P’, we note that Ug’ft”lk and U/sj,k are in the

range of S;-. Then, we can easily derive Cor 1 from
Lem 1 and Lem 2.
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E4 Lem 7
Lemma 7 We have

tr(( onm) STS onm)>tr<( onm) S ST onm)

where V" = S U (B~

P~r00f 6 First we have (ﬁg?’}i)TSJS;'—ﬁg?”g =
(2%’;?’;)2 Next, suppose that we consider full SVD
of S; s.t. S; = Usg, Esngj, then we have

(V&) TS/ 8, VER)

= tx((Ug]7) " Us, B, Us UG (38)7) %)
tr((Ug")"8;8, UG}

= tr((Ug)}) "Us, 3§, Us, UGT).

If we consider B = Ugj ﬁgj’,’;, then the proof is com-
pleted by Lem 8.

E.5 Lem 8

Lemma 8 Suppose matriz B (bi;) € Rmx»
has orthonormal columns, i.e. BTB = I,, ¥? =
diag(o?,...,02,). Then, we have

tr(B'2'BD!) > tr(B' 2?B),

where D = diag(dy, . ..,d,) is the the diagonal matriz
consisting of diagonal elements of BT X?B.

Proof 7 By matrix multiplication we have d; =
Z;”:l o2b2, and thus the ith diagonal element of

B '2‘BD! s ( S 4b2)/d By Cauchy-

Schwarz inequality,

472
Zoﬂbﬂ =

vV
Q
AN
>~
(V]

Therefore, (Z; 1 J;Lb?J /di > d;. Thus, we have

- (o)«

tr(B'*BD !

Z Z o;jbjs

> Zdi = tr(B'%?B).
=1

F Proof of Thm 1

To prove Thm 1, we need Lem 3, Lem 5, Proposition 2,
and Lem 4, whose statements and proofs are in the
Appendix.

Theorem 1 Suppose that we use ONM for the kernel
PCA parts in the sublayers. Then, the upper error
bound of NNM in Lem 4 decreases when we use ad-
ditional sublayers. That is, if we add an additional
sublayer to the NNM structure with ¢ sublayers as
(i + 1)-th sublayer, then upper error bounds further
decrease as GQ(VY’]@) decreases.

Proof 8 Suppose that, given the mutilayer structure
of NNM with t sublayers, we use ONM for kernel PCA
parts and only i sublayers which are from the first
sublayer to i-th sublayer until the final layer, where
i€{1,2,....,(t = 1)}. Then, the i-th sublayer becomes
the last sublayer before the final layer, and we have
S} = Y(Zng’j’j?) as the input of the final layer with
Jj = (t—1) by Lem 3 and Lem 4. Since Vy ¢ = Z;Vg'},
we can select Vyvk = z]\?g’;”,; which is the first k
columns of Zjvg’:f? for ea(Vy 1)

Similarly, suppose that we use only (i + 1) sublayers

from the first sublayer to (i + 1)-th sublayer until the
final layer, where i € {1,2,...,(t —1)}. Then, we have

S; 1 =YZ;_ 1Vs Lo as the input of the final layer
with j = (t—1i), and we can select Vy , = ]_1Vsj_1’k

for GQ(VYJC) since Vy,g =7, 1VS

J— 17
Thus, if we apply VY,k = ZJngfj}; to 62(\7Y,k) for
using i sublayer and Vy j, = Zj,lVg?i”hk to 62(~VY,]C)
Jor using (i + 1) sublayers, then we have €2(Z;Vg''y)
and ez(Z;_ 1\7("””"; ), respectively. Then, by Lem 2, we
have EQ(ZJ 1VSJ 1, k) < 62(Z]V§73}3)
We also note that,
\yonm
Of NZ]VS]‘,e ) "
e2(Vy i), where Vy i is any submatriz consisting of k
column vectors of Zjvg’;”? and j = (t — 1) for using i

sublayer. We can easily prove it by considering Lem 1,
Lem 2 and the definition of Vg’]”}; which is the fist k

column vectors of V§''} s.t.
g

given the ¢ column wvectors
€2(Z;Vg'y) is the minimum among

\N/'gi”,’g :arhgmaxtr((Vsj7k)TSijVsj7k)
o
subject to range(\?sj,k) C range(S} ),
(Vs,x) Vs, &
where we compute Vg’;’z by using ONM and the com-
=SS}, and Kg,,, =

. Since maximizing tr((ng,kstjVSM)

: /
pressed sample matrices C’; 4
(Sj—&-l)TS;‘Jrl
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is equivalent to minimizing €2(Z;jVs,r by Lem 5,

GQ(ZJ‘V%ZL?]’;) is the minimum among e2(Vy 1), where

Vv 1 is any submatriz consisting of k column vectors
\7onm

Of ZjVSj e

Thus, we complete the proof, since the minimum of sum
of eigenvalue errors e2(Vy i) in Lem 4 decreases as we
use additional sublayers until the final layer.

G Proof of Proposition 3

We provide Proposition 3 which states why the SNM
should not be utilized at the final layer of NNM.

Proposition 3 Suppose that we compress C and Kg
as C" and Kg with VS,g = Vg at the t-th layer, and
we run the SNM with C’ and Kg at the final layer.
Then Kz”m are the same regardless of values of ¢, where
¢ > k. That is, the rank-k spectral decomposition using
rank-k SNM is biased by s samples.

Proof 9 Suppose that Vy,g = Vs for some { > k,
and c;(S) # 0 for i = 1,..,0. Then, we have
C' = CVsy = Y'SVg, and Ky = S'7S" =
Vs,STSVs, = X2 ,. Consequently, Kf, , = 3g7.
If we run the standard Nystrém method at the final
layer with C" and Kg, then we have

K" = C'K§, .7 = Y8V, 352VY,8TY
= YTUS,gzleg’QkES,ZU—Sr,EY



