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Collaborative filtering generates recommendations by exploiting user-item
similarities based on rating data, which often contains numerous unrated items.
To predict scores for unrated items, matrix factorization techniques such as
nonnegative matrix factorization (NMF) are often employed. Nonnegative/binary
matrix factorization (NBMF), which is an extension of NMF, approximates a
nonnegative matrix as the product of nonnegative and binary matrices. While
previous studies have applied NBMF primarily to dense data such as images, this
paper proposes a modified NBMF algorithm tailored for collaborative filtering
with sparse data. In the modified method, unrated entries in the rating matrix
are masked, enhancing prediction accuracy. Furthermore, utilizing a low-latency
Ising machine in NBMF is advantageous in terms of the computation time,
making the proposed method beneficial.
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1 Introduction

Collaborative filtering is often applied in recommendation systems that primarily serve
Internet services, such as e-commerce and video distribution platforms (Herlocker et al.,
20005 Su and Khoshgoftaar, 2009). The essence of collaborative filtering lies in generating
personalized recommendations based on the intrinsic similarities between users and items.
Collaborative filtering relies on training data, in which users assign scores or ratings to
various items. As it is common for users to omit ratings of specific items, leading to missing
data, the central objective of collaborative filtering is to predict the scores for unrated items.
Matrix factorization techniques, particularly nonnegative matrix factorization (NMF) (Lee
and Seung, 1999), are frequently employed. When using NMF for collaborative filtering,
the ranking matrix V, whose entries are nonnegative, is approximated as the product of
two nonnegative matrices W and H, that is, V.~ WH. The standard approach involves
minimizing the difference between V and WH. In the optimization procedure, each
element of W and H is constrained to be nonnegative. While the multiplicative update
algorithm is the most prevalent approach for NMF (Lee and Seung, 2000), we focus on an
alternative technique known as the nonnegative least-squares approach using the projected
gradient method (PGM) (Lin, 2007). The convergence of the alternative update method for
NMEF was proved by Lin (2007). Such an alternative optimization method is essential for
solving nonnegative/binary matrix factorization (NBMF), which is an extension of NMF.
O’Malley et al. (2018) and Golden and O'Malley (2021) used D-Wave’s quantum annealers
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to solve quadratic binary optimization problems involved in NBMF
and demonstrated a speedup compared with two classical solvers.

In recent years, Ising machines, initially designed to solve
combinatorial optimization problems efficiently, have found new
applications in the field of machine learning, expanding their scope
beyond their original purpose (Kitai et al., 2020; Willsch et al., 20205
Nath etal., 2021). Ising machines are special-purpose computers for
solving combinatorial optimization problems. They are realized by
several types of devices, such as quantum annealers (Johnson et al.,
2011), digital processors based on simulated annealing (Yamaoka
et al,, 2016; Aramon et al,, 2019; Yamamoto et al., 2020), digital
processors based on simulated bifurcation (SB) (Goto et al., 2019;
Hidaka et al., 2023), and coherent Ising machines (Inagaki et al.,
2016; McMahon et al, 2016; Pierangeli et al., 2019). As Ising
machines usually accept problems described by the Ising model
or quadratic unconstrained binary optimization formulation, their
application to machine learning requires hybrid methods that
utilize both an Ising machine and a general-purpose computer
(e.g., a CPU). In NBMEF, the matrix elements of H are binary,
whereas those of W are real and nonnegative. Therefore, an Ising
machine is employed to accelerate the update of matrix H, whereas
a general-purpose computer handles the update of matrix W. As
the updates of matrices H and W are repeated alternately, NBMF
inevitably involves a computation time overhead owing to the
communication between the Ising machine and the CPU. The
advantages and disadvantages of NMF and NBMF remain unclear
in terms of solution quality, computation time, and applicability to
sparse problems.

In this paper, we propose a novel approach for applying
NBMEF to collaborative filtering and demonstrate the advantages
of utilizing a low-latency Ising machine to execute the proposed
method. Previous studies have employed NBMF for image analysis
that deals with dense data matrices, where the majority of matrix
elements have nonzero values (O'Malley et al., 2018; Asaoka and
Kudo, 2020, 2023). By contrast, collaborative filtering involves
sparse data matrices, with most elements remaining undetermined.
We propose a modified NBMF algorithm that masks undetermined
elements within the data matrix to improve the prediction
accuracy. In addition, we compare NBMF with NMF in terms
of solution quality and computation time, and investigate the
dependency of these characteristics on the sparsity and size of
the problem. To accelerate the NBMF algorithm, we used an SB-
based machine implemented with a field-programmable gate array
(FPGA) (Goto et al,, 2021; Hidaka et al., 2023) that supports up
to 2,048 spins and has full spin-to-spin connectivity (no need
for minor embedding techniques required for local-connectivity
Ising machines). Incorporating an SB-based machine to update the
binary matrix elements yields a substantial reduction in the overall
computational time required for NBMF compared with NMF.

Furthermore, the low-latency characteristic of the SB-based
machine is advantageous for executing the iterative method using
a general-purpose computer (a CPU) and an Ising machine,
alternatively, reducing the communication time between them.
It is also possible to use a cloud-hosted Ising machine for
executing the proposed method. While a high-performance
cloud-hosted Ising machine can significantly reduce computation
time, the communication time of accessing it may negate
the benefits. Therefore, utilizing the low-latency system is
crucial. This study presents the first empirical evidence that
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NBME when implemented with a low-latency Ising machine,
surpasses NMF in terms of both solution quality and overall
computational efficiency.

2 Problem formulation

NBMF and NMF decompose a nonnegative n X m matrix V into
an n X k matrix W and a k x m matrix H:

V ~ WH, (1)

where W is a nonnegative real matrix. While H is a binary matrix
in which each element is 0 or 1 for NBME it is a nonnegative real
matrix for NMF. We assume that n > k and m > k, which implies
that NBMF and NMF provide low-rank matrix approximations of
V. The rank constraint is helpful to prevent overfitting. Moreover,
NBMEF can be more resilient to overfitting due to the binary nature
of matrix H.

In the context of collaborative filtering, V' is a rating matrix,
where the (i,j) element v;; represents user i's rating of item
j. In matrix W, each row corresponds to a user, while each
column represents a basis vector associated with user preferences.
In other words, W consists of k basis vectors, with each
dimension being n. Meanwhile, each column of H represents the
coeflicient vector related to the corresponding item. In NBMF,
this coeflicient vector indicates the combination of the selected
basis vectors for the corresponding item. In general, the rating
matrix contains numerous unrated entries. Matrix factorization
techniques optimize W and H so that each rated entry in V is
well approximated by the corresponding element of WH. Then,
each unrated entry in V is estimated by the corresponding element
of WH.

The comparison between NMF and other collaborative filtering
techniques has already been extensively studied (Lee et al., 2014;
Singh et al, 2024). Compared to user-based and item-based
collaborative filtering techniques, matrix factorization techniques
demonstrated better performance in recommendation systems
on multi-criteria datasets (Singh et al, 2024). In particular,
NMEF is scalable to large datasets and can capture individual
user preferences. However, there has been no direct comparison
between NMF and NBMF. This paper focuses on comparing the
two methods.

3 Methods
3.1 Algorithm

The approach to conducting matrix factorization involves
minimizing |V — WH]||g, where the Frobenius norm is defined

as |Allrp = /Zi)jA?j, and Aj; is the (i,j) element of A. To
achieve minimization, NBMF employs an iterative alternative
update procedure as follows:

W = arg min (||V — XH|} + A1 [1X]13), @)
Xe]R"ﬁk

H= argmin (|V — WX|}+ 22| X]I3), 3)
Xe{o,1}kxm
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Input: V

Update W [Eq. (2)]
using the PGM

Update H [Eq. (3)]
using the Ising machine

|

Output:
updated matrices
W,H,and V = WH

FIGURE 1 B
Overall flow of NBMF. Matrix V is an approximation of matrix V.

where X is a matrix that corresponds to W and H in Equations 2, 3,
respectively. Hyperparameters A; and A, are positive.

Matrix W is updated row-by-row. The objective function for
the row vector xT of W is given by

1 Al
fw@) =3llv = Hx|* + = 1%, (4)

where vT is the corresponding row vector in matrix V. We applied
the PGM to minimize the objective function for each row vector,
as detailed in Section 3.2. The PGM was executed using a general-
purpose computer. In contrast, matrix H is updated column-by-
column. The objective function for optimizing the column vector q
(e {0,1}5) of H is given by

1 A
fiu(q) = 3 lu— Wal* + gl (5)

where u is the corresponding column vector in matrix V. To
minimize the objective function for each column, we employed an
SB-based Ising machine, as Equation 5 can be reformulated in the
Ising model form (see Section 3.4 for details).

The overall flow of NBMF is illustrated in Figure 1. The process
of updating matrix W, followed by the update of matrix H, was
repeated for 10 iterations in this paper.

In this study, we compared NBMF with NMF. In NME

kxm

Equations 2, 3 are also used; however, X € {0, 1} in Equation 3

is substituted by X € ]lem. Furthermore, each column vector
q in Equation 5 is nonnegative. Equations 4, 5 were minimized
using the PGM in NME, and the computation was executed on a

general-purpose processor (a CPU).
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3.2 Projected gradient method

The PGM (Lin, 2007) for updating matrix W minimizes
Equation 4, and the gradient is given by

Viw = —H(v — H' x) 4 A1x. (6)
The update rule for x is given by
A =Pl — Vi (), (7)

where the projection is defined as

0 (xi < 0),
Plxi] = Xi (0 < % < Xmax)> (8)
Xmax  (Xmax < Xj).
In this study, we set xmax = 1 as the upper bound of x;.

The learning rate y; was adjusted at each step t to satisfy the
following inequality:

fw () — fw(x') < o V() T (6" — &), 9)

where 0 = 0.01 in our experiments. Initially, we assigned y;_; to
vt (Yo = 1). If y; satisfies Equation 9, it is repeatedly divided by
B, where we set B = 0.1 in our experiments, while the inequality
holds. If y¢ does not satisfy Equation 9, it is repeatedly multiplied
by B until the inequality is satisfied. Following this adjustment, we
calculated x'*! using Equation 7. This procedure is repeated until

lx*F! — xt|| <« €, where € = 1077 in our experiments.

3.3 Masking procedure

Given that the rating matrix is typically sparse, the handling
of unrated entries has a significant impact on the performance
of collaborative filtering. A straightforward approach is to assign
a rating of zero to unrated entries, which is a simple and
practical choice. Another method for handling unrated entries is to
introduce a mask matrix of the same size as matrix V after assigning
them a zero rating. The elements of the mask matrix M are defined
as follows:

M = (10)

For collaborative filtering, we propose a modified NBMF method
in which the masked matrix is decomposed as

MoV ~ Mo (WH), (11)
where o denotes the Hadamard product (M o V);; = M;;Vj;.
In the modified NBMF algorithm, the objective function for

updating matrix W, as defined by Equation 4, is replaced with

A1|

1 . -
fw(x) = 5||v—HTx||2+ 5 ||| (12)
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FIGURE 2
SB-based Ising machine. (a) System configuration. (b) Packing of multiple small Ising problems as a large Ising problem.

TABLE 1 Dataset sizes (the numbers of users and items) and filling rates
used in this study.

Dataset Users Items Filling rate
MovielLens 6,040 3,706 4.47%
Netflix 432,229 1,406 1.15%
Yahoo 2,677 126,478 0.30%
CiaoDVD 21,019 71,633 0.11%

The original sizes of the Netflix and Yahoo datasets are significantly larger: the Netflix dataset
includes 480,189 users, and the Yahoo dataset includes 1.8 million users.

When updating the ith row, the jth element consists of V; = M;; Vj;
and (ﬁTx)j = ) M;Hjx. Similarly, the objective function for
updating matrix H, as expressed in Equation 5, is replaced by
1. =~ A2
ful@) = 3l = Wqll* + = llql* (13)
When updating the jth column, the ith element consists of #1; =
M;;Vijand (Wq); = Y~ M Wyq,.

3.4 Ising formulation

The Ising machine (the SB-based machine in this study) seeks
spin configurations that minimize the energy of the Ising model
defined by

(14)

1
E=—- E iisisi + E his;.
2 - ]’J ] i e

Here, s; = %1 represents the ith spin, Jj; is the coupling coefficient
between the ith and jth spins, and h; is the local field on the ith spin.
For minimizing Equation 5, J;; and h; are given as follows:

— I3 WaWy (G # ),

(15)
0 (i=j),

]ij =

1
h,:5 ZW,,- Zw,j—zu, + s (16)
r j
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For minimizing Equation 13 to update the jth row of M o (WH),
W,y in Equations 15, 16 are replaced with (W), = MW,

3.5 Simulated-bifurcation-based Ising
machine

The SB algorithm, which is based on the adiabatic evolution in
classical nonlinear systems that exhibit bifurcation, was introduced
to accelerate combinatorial optimization (Goto et al, 2019
Tatsumura et al., 2020; Goto et al,, 2021). The SB algorithm has
several variants, including adiabatic, ballistic, and discrete SB. In
this study, we employed the ballistic SB method, whose update rule
is described below (Goto et al., 2021):

Yiltky1) = yi(ty) (17)
+ 1 —lao — a(t)lxi(tx) — nhi + co Z]ijxj(tk) Ay,
j
(18)

Xi(trg1) = xi(te) + aoyi(ter1) Ass (19)

where x; and y; are real numbers corresponding to the ith spin; ao,
co, and 7 are positive constants; and a(t) is a control parameter
that increases from zero to ag. The time increment is Ay; thus,
tke1 = tk + Ay After updating x; at each time step, if |x;| > 1,
we replace x; with sgn(x;) = £1 and set y; = 0.

In our experiments, we employed a device with the FPGA
implementation of the SB algorithm (SB-based Ising machine) to
minimize Equations 5, 13. The SB-based Ising machine (Figure 2)
can solve fully-connected 2,048-spin Ising problems (the machine
size M is 2,048), featuring a computational precision of 32-bit
floating points and a system clock frequency of 259 MHz. As
shown in Figure 2a, the FPGA (Intel Stratix 10 SX 2800 FPGA) on
the board (Intel FPGA PAC D5005 accelerator card) is connected
to a CPU (Intel Core i9-9900K, 3.60 GHz) via a PCle bus (Gen
3x16, peak bandwidth of 15.75 GB/s). The NBMF process is
executed using a CPU; however, the Ising problems described in
Equations 15, 16 are transferred/solved (offloaded) to/using the SB-
based Ising machine. The computation times shown in Section 4

frontiersin.org
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Movielens, (b) Netflix, (c) Yahoo, and (d) CiaoDVD datasets. The error

include the processing times of the CPU and FPGA and the data
transfer times (overhead times) between them. The NMF process
was executed only on the CPU (no data transfer time). The column
update problems involved in updating matrix H (Equation 5), each
formulated as an Ising problem of size k (Equations 15, 16), are
independent and thus can be processed simultaneously. By packing
the multiple-column update problems as a large Ising problem, as
shown in Figure 2b (placing the small J matrices on the diagonal
line with zero padding to the remaining off-diagonal components),
we solve | M/k| column update problems simultaneously using the
SB-based Ising machine with size M, where | A] is the floor function
of A e R.

3.6 Data preparation

In this study, we used the MovieLens 1M dataset (Harper and
Konstan, 2015); Netflix Prize data'; Yahoo! Music user ratings of
songs with artist, album, and genre meta information?; and the
CiaoDVD dataset (Guo et al., 2014). These datasets were sparse,
as shown in Table 1. The numbers of users and items presented
in Table 1 are the dataset sizes imported for the calculation in this

1 Netflix Prize data, https://www.kaggle.com/datasets/netflix-inc/netflix-
prize-data.

2 Verizon Media Webscope, Yahoo! Music User Ratings of Songs with Artist,
Album, and Genre Meta Information, v. 1.0, https://library.mcmaster.ca/data/

yahoo-webscope-program-datasets.

Frontiersin Big Data

study. The filling rate, which is the proportion of rated entries,
differs among the datasets. To compare the results of these datasets,
we extracted data from them to create a rating matrix with a
specified filling rate.

The method for extracting data at a specified filling rate is as
follows. First, we sorted the columns in descending order by the
percentage of filled elements in each column and then sorted the
rows similarly. Next, we selected an n x m matrix whose (1, 1)
element coincides with the first-row and first-column element of
the sorted table, and calculated the filling rate of the matrix. By
shifting the (1, 1)-element location by one row and one column in
the sorted table, we repeated the calculation of the filling rate. The
n x m matrix with the closest filling rate to the desired filling rate
was selected as the rating matrix.

3.7 Parameter settings and evaluation

By extracting data from each dataset, we constructed a rating
matrix in which 20% of the elements were rated unless otherwise
specified. The numbers of users (rows) and items (columns) in
the rating matrix are n = 250 and m = 500, respectively, and
the number of features is set to half the number of users, that
is, k = n/2, unless otherwise specified. For the learning process,
which involved the execution of NBMF/NME, we concealed 20% of
the rated elements together with the unrated ones. To evaluate the
performance, we used the root mean squared error (RMSE) of the

05 frontiersin.org
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Filling rate dependence of RMSE for (a) MovieLens, (b) Netflix, (c) Yahoo, and (d) CiaoDVD datasets. Training data with filling rates of more than 45%,
25%, and 20% could not be extracted for (b—d), respectively. The data were averaged over five trials, with error bars denoting the standard deviation.

rated elements:

(20)

1
ﬁ Z (Vij - Tij)2>

(i,))eD

where D is the set of rated elements, and |D| is the number of
rated elements. v;; is user i's rating for item j, and r;; denotes the
corresponding predicted rating.

We set the hyperparameters in Equations 2, 3 as A} = 1072
and A, = 1077, which were tuned for the MovieLens dataset using
a grid search. Parameters in Equations 9, 17 were also tuned for the
case of the MovieLens dataset. Although the optimal values may
depend on the dataset and matrix size, we used the fixed values
for simplicity.

In our experiments, we applied NBMF and NMF to the same
rating matrix. To ensure a comprehensive evaluation, we divided
the rated elements into five distinct sets and performed five trials,
masking one set at a time. The average was calculated for five trials
unless otherwise specified.

4 Results and discussion

Figure 3 shows a comparison of RMSE and computation time
of NBMF and NMF for 10 epochs. Each epoch involves updating
matrix W followed by updating matrix H. The data points represent
the averages of RMSE and computation time at each epoch, with
some error bars too small to be observed. Figure 3 shows that

Frontiersin Big Data

the RMSE decays more rapidly in NBMF than in NMF for all
datasets. Although the difference in the RMSE at each epoch
between NBMF and NMF was negligible, the difference among
the datasets was remarkable. The difference among the datasets
originates from the frequency distribution of the ratings in each
dataset. As elaborated later, when the distribution was sharp and
the variance was small, the RMSE tended to be small. In contrast,
when the variance in the frequency was large, the RMSE was
relatively large.

The filling rate of a rating matrix, which is the proportion
of rated elements, influences collaborative filtering. However, the
filling rate dependence of the RMSE varied across the datasets, as
shown in Figure 4. Here, the RMSE was calculated after 10 epochs
and averaged over five trials.

NMEF is expected to produce lower RMSE values than NBMF
due to its higher resolution. However, in Figure 4, case (a)
demonstrates that the RMSE values for both NBMF and NMF were
similar when the filling rate was around 20%. Furthermore, in case
(d), the RMSE for NBMF was smaller than that for NMF at the
filling rate of ~20%. This inconsistent behavior suggests that the
datasets have significant differences in their features.

Figure 5 shows the advantages of the masking procedure.
The masking data for each dataset were the same as those used
for NBMF in Figure 3. Notably, the RMSE without the masking
procedure was about more than three times larger than the RMSE
with the masking procedure for all datasets. Furthermore, the
difference in computation time between the two procedures was
minimal. These findings indicate that the masking procedure

06 frontiersin.org
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FIGURE 5

RMSE and computation time at each epoch with and without the masking procedure for NBMF for (a) MovieLens, (b) Netflix, (c) Yahoo, and (d)
CiaoDVD datasets. The data were averaged over five trials, with error bars denoting the standard deviation.
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FIGURE 6
Frequency distributions of ratings expressed as percentages for (a) MovieLens, (b) Netflix, (c) Yahoo, and (d) CiaoDVD datasets.

provides apparent benefits in collaborative filtering, despite aminor ~ illustrated in Figure 6. The distribution represents the percentage

drawback in terms of computation time. of ratings (1, 2, 3, 4, and 5) among the rated elements in a rating
matrix, with a filling rate of 20%. The distributions in (a) and (b)

showed a broad peak, and the corresponding RMSE had a similar

The results indicate that the RMSE reflects specific properties of
the data. Here, we focus on the frequency distribution of ratings, as
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data were averaged over five trials, with error bars denoting the standard deviation.
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value at 10 epochs in Figures 3a, b. However, the distribution in
(c) showed two peaks at 1 and 5, resulting in significant variance.
The corresponding RMSE at 10 epochs in Figure 3¢ was larger
than those of the other three data. By contrast, the distribution
in (d) had a steep peak at 4, indicating that more than 80% of
the rated elements had a value of 4. The corresponding RMSE at
10 epochs in Figure 3d was significantly smaller than those of the
other three data. This observation indicates that a distribution with
a sharp peak and small variance typically results in a smaller RMSE.
However, a distribution with a broader peak and larger variance
often results in a larger RMSE.

The computation time for NBMF was significantly shorter than
that for NMF under the same problem setup, as shown in Figure 7,
for all the datasets. The total time required to update matrix W over
10 epochs was the same for both NMF and NBMF. However, the
time required to update matrix H in NMF was approximately six
times longer than that in NBMF. This discrepancy suggests that the
use of an SB-based machine accelerates the computation to update
H. Additional time is required to minimize Equation 13 during the
update of H. Executing minimization using the SB-based machine
involves transforming the objective function into the Ising model
form, as explained in Section 3.4. Using the SB-based machine
causes the communication time between the CPU and the FPGA,
although it is a small fraction of the total time. Nevertheless, the
overall computation time for NBME € including these additional
factors, was shorter than that for NMF.

Throughout this study, the ratio of the number of features to
the number of users was fixed at k/n = 0.5. In general, the RMSE
tends to decrease as the ratio increases. However, the computation
time increases with the ratio because the matrix sizes of H and W
increase. Therefore, a moderate value needs to be selected for this
ratio. As shown in Figure 8, the rate of improvement in the RMSE
was slow for ratios of 0.5 or greater across all datasets. Considering
this result, we chose k/n = 0.5 as an appropriate value for this ratio.

Our results support the computational advantages of NBMF.
However, several limitations exist. Notably, the performance of
NBMEF is susceptible to the characteristics of datasets. NMEF,
which operates on continuous variables, shows comparable or
superior accuracy in certain instances compared to NBMF. This
higher accuracy is due to the greater resolution of continuous
representations compared to binary ones. Furthermore, it is
necessary to employ a low-latency system to realize the advantage
of computation time. Even with a high-performance Ising
machine, communication overhead between the CPU and the Ising
machine can significantly impact overall performance. Therefore,
utilizing a low-latency Ising machine is crucial for efficiently
executing NBMF.

5 Conclusions

In summary, we proposed a novel approach that employs
NBMEF with masking for collaborative filtering, and our findings
demonstrate a substantial improvement in estimation performance
as a result of the masking procedure. Moreover, our results
highlighted the computational advantage of employing an SB-
based machine in NBMF. NBMF with masking can be applied in
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collaborative filtering across various datasets. This study reveals the
potential of NBMF by utilizing an Ising machine for a wide range
of applications.

The efficacy of hybrid concepts using both a general-purpose
processor and an Ising machine can extend to other algorithms,
indicating significant potential for further research in this area.
Similar hybrid algorithms will become increasingly active in the
future as low-latency Ising machines become more advanced
and popular.
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