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Abstract—Many objects are nowadays represented as high-
dimensional vectors, and approximate nearest neighbor search
(ANNS) on high-dimensional vectors has been receiving atten-
tion. Applications, such as recommender systems and retrieval-
augmented generation, benefit from this problem. This paper
considers its variant, the problem of ANNS under attribute
constraint, and assumes that each object is associated with
a vector and multiple attributes. Many applications, e.g., e-
commerce, have this setting. For example, selling items have
images and texts, which are represented as vectors, and are
associated with prices, reviews, and dates. Given a query vector
and a value for each specified attribute, this problem searches
for an approximate nearest object that matches the attribute
value constraints. Although this is the standard search setting,
existing works (i) assume that each object has only a single
attribute or (ii) suffer from high computational costs. The main
issue with the existing techniques is that they access objects
that do not match the attribute value constraints, incurring
unnecessary computational cost. To remove the above limitations
and overcome this challenge, we propose IVF++, a new approach
that efficiently solves this problem. The building time of our
proposed data structure can be only linear to n, where n is the
dataset size, and its space complexity can also be linear to n.
Furthermore, our ANNS algorithm does not access objects that
do not match the attribute value constraints, and it runs in time
much faster than O(n) in practice while providing high recall.
Our experimental results demonstrate that IVF++ outperforms
existing state-of-the-art algorithms.

Index Terms—approximate nearest neighbor search, high-
dimensional vector, algorithm

I. INTRODUCTION

Many machine learning models have been developed to
represent objects (e.g., users, items, images, and documents,
to name a few) as high-dimensional vectors. Due to this trend,
the importance of vector data management systems, such as
Milvus [1], Vearch [2], Vepsa [3], Weaviate [4], Pinecone
[5], and ADBV [6], has been increasing. Approximate nearest
neighbor search (ANNS) is one of the main functions in
such systems, so many works developed efficient and accurate
algorithms for the ANNS problem, including locality-sensitive
hashing [7]–[10], quantization [11]–[14], and proximity graphs
[15]–[18]. (Because of the curse of dimensionality, the fastest

algorithm for exact NNS in high-dimensional spaces is a
linear scan, but this is slow [19].) It is well known that many
industrial companies (e.g., Microsoft [20], [21], Apple [22],
and Alibaba [6]) employ ANNS algorithms in their search
engines.

Recently, to allow flexible search, the problem of ANNS
under attribute constraint has been receiving much attention
[23]–[29]. In this setting, each object is associated with a
vector and attributes, and a given ANNS query focuses only
on objects matching the query attribute constraint. Many real-
world scenarios prefer this ANNS variant. For example, paper
search engines filter results by publication years and confer-
ences. Similarly, e-commerce sites, such as Amazon.com,
allow result filtering by price, categories, and rating. This at-
tribute filtering is a standard implementation in these services,
suggesting the importance of the problem of ANNS under
multi-attribute constraint. This paper addresses this problem.

A. Issues in Existing Techniques

The main requirements of ANNS (with attribute constraints)
are efficiency and accuracy. Generally, efficiency and accuracy
are in a trade-off relationship. To obtain a good trade-off,
existing works [24], [26]–[28], [30], [31] developed some tech-
niques. However, they assume that each object is associated
with only a single attribute, and their algorithms are specific to
this single attribute case. This assumption significantly limits
applications and is far from the practical situations mentioned
above (i.e., paper search and e-commerce examples).

Two basic approaches, called “pre-filter” [1], [6] and “post-
filter” [32], are general to the number of attributes. Pre-filter
first retrieves all objects matching a given attribute constraint
and then linearly scans the set of these objects. Although this
approach yields the exact answer, it is efficient only when
the set size is small. Post-filter first builds an ANNS index
offline. Given a query, it runs an ANNS algorithm associated
with the index and then removes the objects that do not satisfy
the attribute constraint from the search result. If the resulting
set size is less than k, post-filter runs additional ANNS by
enlarging the search space, e.g., by setting k′ > k. This



is repeated until we have k objects satisfying the attribute
constraints. Clearly, post-filter is also not efficient, because it
needs to run ANNS many times and/or set a (very) large k′.
To alleviate this inefficiency, “inline processing” [27] traverses
the index and computes distance only when accessed objects
match the attribute constraints. However, it still accesses many
unnecessary objects and suffers from high computational costs.

CAPS [23] tackled the problem of ANNS under multi-
attribute constraint and is faster than pre-filter and post-filter.
Conceptually, CAPS employs a hybrid approach of pre-filter
and inline processing. Given a set of objects, CAPS builds
a decision tree based on the frequency of attribute values.
Specifically, when CAPS splits a node of the decision tree,
its branch condition is determined by the most frequently
appearing attribute value. Each node of the decision tree hence
contains objects that satisfy the branch conditions. Given a
query, CAPS traverses the decision tree based on the query
attribute values and arrives at a leaf node. Then, CAPS runs a
linear scan of the object set maintained in this node while
computing the distance between the query and the object
satisfying the query attribute values. CAPS can avoid “some”
objects that do not match the query attributes with the decision
tree, but the corresponding node still maintains objects that
do not satisfy the attribute constraints. Therefore, CAPS also
suffers from inefficiency.

B. Contribution

As seen above, the existing works suffer from the single
attribute limitation or high computational costs. We overcome
these issues and propose a novel algorithm, IVF++, that
exploits inverted file structure in two ways and allows an
arbitrary number of attributes. Different from CAPS and the
other algorithms employing post-filter and inline processing,
IVF++ essentially does not access the objects that do not
match attribute constraints. In addition, different from pre-
filter, we avoid an exhaustive search, i.e., IVF++ does not
access the objects that satisfy the attribute constraints but are
not similar to the query vector. Thanks to these properties,
IVF++ yields highly accurate search results quickly.

To summarize, this paper makes the following contributions:

• We propose IVF++ for the problem of ANNS under multi-
attribute constraint. IVF++ consumes only O(n) space and
efficiently yields highly accurate search results.

• We conduct experiments on real-world datasets, and the
results demonstrate that IVF++ is significantly fast and
outperforms the existing state-of-the-art algorithms. For ex-
ample, IVF++ deals with thousands of queries per second
at 99% recall@10 on datasets with a million vectors.

C. Organization

The rest of this paper is organized as follows. Section II in-
troduces preliminary information, including a formal problem
definition. Section III presents our solution IVF++. Section IV
reports our experimental results, our we review related works
in Section V. Finally, Section VI concludes this paper.

II. PRELIMINARY

Let O be a set of n objects, and each object o ∈ O is
associated with a d-dimensional vector ∈ Rd and m attributes
(e.g., category and color when m = 2), where d = O(1)
is large. This paper assumes that O is static and resident in
RAM [15]–[17], [23]–[26], [28], [33]. Note that o.v is the
vector of o, and o.Ai denotes the i-th attribute’s value of o.
We assume that each attribute value can be represented as a
non-negative integer [23]1. Let dist(o, o′) be the Euclidean
distance2 between o and o′ (o.v and o′.v more precisely, but
we use that notation for simplicity). We first define the exact
version of our problem below.

DEFINITION 1 (NEAREST NEIGHBOR SEARCH WITH AT-
TRIBUTE CONSTRAINT). Given O, a query vector q, a set of
attribute values A = {q.Ai, ..., q.Aj}, and a result size k, let

O(A) = {o | o ∈ O, o.Ai = q.Ai, ∀q.Ai ∈ A}. (1)

This problem searches for S∗ such that |S∗| = k and ∀o ∈ S∗

and ∀o′ ∈ O(A)\S∗, dist(o, q) ≤ dist(o′, q). (Ties are broken
arbitrarily.)

Problem definition. We consider an approximation version
of the above problem. That is, the problem of approximate
nearest neighbor search (ANNS) is to retrieve S ⊆ O(A) such
that |S| = k but S may not be equal to S∗. We use recall to
measure the accuracy of S, and recall@k = |S∩S∗|

k .

III. IVF++

Main idea. To obtain an approximate but accurate result
quickly, we should access only objects that are close to a given
query vector q and satisfy the attribute constraints. Existing
algorithms suffer from inefficiency since they do not quickly
access such objects.

We avoid this issue by proposing a new data structure that
allows an arbitrary number of attributes. The building block
of our data structure is an inverted file. By exploiting the idea
of the inverted file, we partition the dataset O first based on
vector similarity and then based on attributes. Thanks to this
idea, given a query q, we can first obtain a subset of O that is
close to q and then can access only objects in this subset that
satisfy the attribute constraints. In Section III-A, we present
this data structure and how to build this in detail. After that,
in Section III-B, we show our ANNS algorithm that exploits
this data structure.

A. Data Structure

In IVF++, O is maintained by an inverted file I defined
below.

DEFINITION 2 (INVERTED FILE OF O). Given K representa-
tive objects c1, ..., cK , an inverted file I of O is a set of pairs
of a key and a postings list. Each key is a representative object

1It is straightforward to convert categorical attributes into an integer domain.
Also, negative values can be shifted to a non-negative domain, and continuous
values can be scaled to an integer domain (by allowing approximation).

2IVF++ allows other distance functions.



c, and its corresponding postings list is a set of objects whose
nearest representative object is c.

From this definition, it is clear that O is partitioned into K
disjoint subsets O1, ..., OK such that Oi ∩Oj = ∅ for i, j ∈
[1,K](i ̸= j).

We further partition each Oi (i ∈ [1,K]) based on attributes.
Recall that each attribute value is a non-negative integer,
so the domain of the i-th attribute can be represented by
[0,maxo∈O o.Ai]. Then we see that o.Ai is represented as a
one-hot vector. Its j-th dimension is one if o.Ai corresponds
to the j-th value of the domain, and the other dimensions
are zero. As each o ∈ O has m attributes, o has m one-hot
vectors. By concatenating these m one-hot vectors, o can have
a single bitstring (or a binary vector). IVF++ uses this bitstring
to partition Oi and maintains each object in Oi in an inverted
file manner.

DEFINITION 3 (INVERTED FILE OF Oi). The inverted file of
Oi ⊂ O is a set of pairs of a key and a postings list. Each
key is a bitstring B obtained from m attribute values, and its
corresponding postings list is a set of objects whose bitstrings
are B.

Our data structure is now clear: O is indexed by an inverted
file I, and each subset of O is also indexed by an inverted file
but in a different manner from I. Although our data structure
may be simple, it (i) yields an efficient query processing
algorithm as mentioned at the beginning of Section III and
(ii) scales well to large datasets because, as introduced later,
its space complexity is only O(n) (with a careful setting).
Offline algorithm. We show our offline algorithm in Algo-
rithm 1. Figure 1 illustrates an overview of our offline step
and data structure. Note that our data structure is general to
any queries, so this pre-processing is done only once.

We first run a K-means clustering algorithm on O to
partition O into O1, ..., OK . We obtain K representative
objects ci, ..., cK (i.e., cluster centers) and their corresponding
clusters. These are maintained by I. Next, we partition each
Oi based on attributes. For each o ∈ Oi, we compute its
bitstring B. We implement the inverted file of Oi by using
a hash table Hi, and we use Hi[B] to denote the postings
list of B. We store o in Hi[B]. After all objects are stored in
their corresponding postings lists, we scan each postings list.
If |Hi[B]| is larger than a constant threshold α, we build an
ANNS index structure on Hi[B].
Time complexity. By setting K = O(1) and the number of
iterations = O(1), the K-means clustering takes O(n) time.
The inverted files of O1, O2, ..., and OK are built in O(n)
time because m = O(1) and the inverted file of Oi is built
in O(|Oi|). If |Hi[B]| ≥ α, we make an ANNS index on
Hi[B], and let T (n) be the time to make the ANNS index on
n vectors. Our pre-processing needs O(n)+K

∑
T (|Hi[B]|)

in the worst case. If T (n) = O(n) [34], [35], our offline time
is O(n).
Space complexity. Definitions 2 and 3 suggest that the space
complexity of our data structure depends on the hash table of

Algorithm 1: PRE-PROCESSING

Input: O and K (number of clusters)
/* Building a cluster-based inverted

file structure of O */
1 O1, O2, ..., OK ← K-MEANS CLUSTERING(O,K)
/* Building an attribute-based

inverted file structure for each
cluster */

2 foreach i ∈ [1,K] do
3 Hi ← a hash table of Oi, where key is a binary

vector
4 foreach o ∈ Oi do
5 B ← ∅
6 foreach j ∈ [1,m] do
7 Concatenate B and the one-hot vector of

o.Aj

8 Hi[B]← Hi[B] ∪ {o}
9 foreach Hi[B] ∈ Hi such that |Hi[B]| ≥ α do

10 Build an ANNS index on Hi[B]

𝑂

𝑂1 𝑂𝐾

K-means clustering

𝐵 (bitstring) 𝐻1 𝐵

010001 𝑜1, 𝑜3, 𝑜6

010100 𝑜7, 𝑜8, 𝑜10

⋯ ⋯

100010 𝑜4, 𝑜5, 𝑜11

⋯ 

𝐵 (bitstring) 𝐻𝐾 𝐵

010010 𝑜2, 𝑜9, 𝑜11

010100 𝑜12, 𝑜14

⋯ ⋯

101010 𝑜13, 𝑜15

attribute-based partition

Fig. 1. Overview of pre-processing and our data structure. Assume m = 2 and
the two attributes’ domains are both [0, 2]. Each domain can be represented
as a 3-dimensional one-hot vector, so the bitstring (concatenated vector) is a
6-dimensional binary vector.

each Oi ∈ O. Clearly, Hi does not have duplicated objects,
so its space complexity is O(|Oi|) if no ANN index is built.
Let S(n) be the space complexity of the ANN index of n
vectors. The worst space complexity of our data structure is
K

∑
S(|Hi[B]|). Again, if S(n) = O(n), our data structure

consumes only O(n) space.

REMARK 1 (WHY INVERTED FILE). It is well known that the
proximity graph-based approach is empirically the current
state-of-the-art w.r.t. time-recall trade-off for the standard
ANNS problem [19], [36]. However, under the multi-attribute
constraint, the performance of this approach significantly
degrades. To deal with this constraint, the proximity graph-
based approach needs to use post-filter or build a proximity
graph for every combination of attribute values. As introduced



Algorithm 2: ANNS
Input: I, q, {q.A1, ..., q.Am}, k, and nprobe(≤ K)

1 S ← ∅
2 Compute dist(q, ci) for each i ∈ [1,K], where ci is

the cluster center of Oi

3 Sort c1, ..., cK in ascending order of distance to q
4 B ← ∅
5 foreach i ∈ [1,m] do
6 Concatenate B and the one-hot vector of q.Ai

7 foreach i ∈ [1, nprobe] do
8 Let ci be the i-th cluster center in the above sort

order
9 if |Hi[B]| < α then

10 Update S by a linear scan of Hi[B]
11 else
12 Update S by the ANNS algorithm associated

with the ANNS index of Hi[B]

13 return S

in Section I, the former case suffers from a larger search
space, resulting in a slow response time [23]. The latter
case is infeasible due to its significant space requirement and
pre-processing time. IVF++ does not have these limitations;
its pre-processing and query processing (as presented later)
are both efficient with a reasonable space requirement. We
therefore employ the inverted file-based structure.

B. Query Processing

We next introduce our ANNS algorithm that exploits the
data structure proposed in Section III-A. Given a query vector
q, we first compute the distance between q and each cluster
center in I. We sort {c1, ..., cK} in ascending order of the
distance to q to determine which subset is accessed. Then, we
compute the bitstring B of the query from q.A1, q.A2, ..., and
q.Am. IVF++ accesses only the first nprobe(≤ K) subsets in
the distance order, because the remaining subsets tend to have
vectors that are not close to q, which can be seen from the
K-means cluster structure. (Note that nprobe is a parameter
that controls the trade-off between time and accuracy.) Let Oi

be the i-th subset in the distance order, and we access only
Hi[B] (i.e., only objects satisfying the attribute constraints).
If |Hi[B]| < α, we run a linear scan of Hi[B] to compute an
approximate k nearest neighbor search result S. Otherwise,
we run the ANNS algorithm associated with the ANNS index
to obtain an intermediate S. We do this from the first subset
to the nprobe-th subset. Algorithm 2 summarizes the above
operations.

Time complexity. We analyze the time complexity of Algo-
rithm 2. Lines 2–3 take O(1) time since K = O(1) and
m = O(1). Lines 8–12 need at most O(|Hi[B]|) time. Since
nprobe ≤ K = O(1) time, Algorithm 2 needs O(|Hi[B]|) ≪
O(n) time.

IV. EXPERIMENT

This section reports our experimental results. All experi-
ments were conducted on a Ubuntu 22.04 LTS machine with
Intel Core i9-9980XE@3.0GHz CPU and 128GB RAM.

A. Setting

Dataset. We used real vector datasets, Deep [37] and GloVe
[38], which are commonly used in ANNS works [19], [24],
[25], [27], [36]. Deep consists of 10 million 96-dimensional
deep feature vectors. GloVe consists of 1.2 million 100-
dimensional word embedding vectors.

As with existing studies [1], [6], [23], [24], [27], [28], for
each o ∈ O and for each i ∈ [1,m], o.Ai is set to a random
value. By default, m = 2. Note that Ai (i ∈ [1,m]) follows
a uniform or Gaussian distribution. Therefore, when m = 2,
there are four combinations: (1) A1 and A2 follow a uniform
distribution, (2) A1 follows a uniform distribution, whereas A2

does a Gaussian one, (3) A1 follows a Gaussian distribution,
whereas A2 does a uniform one, and (4) A1 and A2 follow a
Gaussian distribution. We tested these four combinations.

We picked random vectors from these datasets and used
them as query vectors. (These query vectors were removed
from O.) Query attribute values follow a uniform distribution.
Evaluated algorithms. We evaluated the following algo-
rithms.
• IVF-inline [27]: the baseline algorithm introduced in Sec-

tion I. We used FAISS IVF [39] as its ANNS index.
• CAPS [23]: the state-of-the-art algorithm for our problem.

We used the original source code.
• IVF++: our algorithm presented in Section III. We set K =

20 and α = 10, 000.
The above algorithms were implemented in C++ and compiled
by g++ 11.4.0 with -O3 optimization. We did not use pre-filter
and post-filter (with proximity graph) because they are slower
than CAPS [23] (recall that inline processing is an optimized
version of post-filter). Our experiments focused on IVF-based
algorithms, and considering graph indices is future work.

The index structures of the above algorithms were built
offline by using multi-threading (36 threads with hyper-
threading). ANNS was done in a single-thread mode.
Evaluation criteria. We measured the average running time
and recall of the queries used while varying the time-accuracy
control parameter of each algorithm. We show recall-QPS
(Queries Per Second) curves of the evaluated algorithms3.

B. Result

Pre-processing time. Table I exhibits the pre-processing time
of each algorithm when A1 and A2 follow Gaussian distribu-
tion. The other attribute distribution settings show the same
tendencies as Table I, so we omit them because of the space
limitation.

3Pre-processing time and memory usage were also measured. On Deep,
the pre-processing time of IVF++ was about 5 minutes, whereas its memory
usage was 44 [MB]. It can be seen that IVF++ can build its data structure
within a reasonable time even on large datasets, and the data structure is easy
to fit into modern RAM.



TABLE I
PRE-PROCESSING TIME [SEC]

Dataset Deep GloVe SIFT

IVF-inline 306.56 40.02 28.07
CAPS 387.10 47.59 34.35
IVF++ 317.68 40.94 29.77

TABLE II
MEMORY CONSUMPTION [MB]

Dataset Deep GloVe SIFT

IVF-inline 50.23 7.18 5.10
CAPS 626.76 74.59 62.50
IVF++ 44.35 8.35 8.93

IVF-inline and IVF++ show similar pre-processing times
because they share the dataset partition based on K-means
clustering (whereas IVF-inline does not do further partition-
ing). As IVF++ builds other inverted files, its pre-processing
time is slightly longer than that of IVF-inline, but the differ-
ence is slight. CAPS needs a longer pre-processing time than
the others. This result implies that its decision tree needs a
longer time to build.

QPS vs. recall@10. From here, we focus on query processing
(online) time and accuracy of each algorithm. Figures 2 and
3 illustrate QPS–recall curves of the evaluated algorithms on
Deep and GloVe. In these experiments, we set k = 10.

The first observation is that IVF++ outperforms the com-
petitors, i.e., it has a better time–accuracy trade-off than CAPS
and IVF-inline. For example, when recall@10 ≈ 0.95, IVF++
is about 5 (840), 6 (765), and 4 (811) times faster than
CAPS (IVF-inline) on Deep, GloVe, and SIFT, respectively.
This result is derived from the data structure of IVF++.
IVF-inline and CAPS need to access objects that do not
satisfy the attribute constraints, whereas IVF++ does not. This
advantage provides our state-of-the-art performance. Among
these algorithms, IVF++ is the only one that yields more than
1000 QPS at recall@10 ≈ 0.9.

The second observation is that the performance tendency of
IVF++ is not affected by the distributions of the attribute val-
ues. Recall that the time complexity of IVF++ is O(|Hi[B]|),
which suggests that the time of IVF++ depends on the size
of a set of objects having B in the first nprobe subsets.
Therefore, it is trivial that, regardless of the distribution, a
larger (less) nprobe yields a slower but more accurate (faster
but less accurate) result.

Space consumption of data structure. Table II shows the
memory consumption of each algorithm with the same setting
as in the pre-processing time experiment. The result is similar
to that in Table I. CAPS consumes much more memory than
the others. This observation suggests that our data structure
introduced in Definitions 2 and 3 is much better than the state-
of-the-art w.r.t. space requirement.

Impact of k. We next investigate the impact of k. We mea-

sured QPS when recall@k ≈ 0.9. In this experiment, each
attribute value followed a Gaussian distribution. Figure 5
shows the result.

It can be seen that as k increases, the QPS of each algorithm
decreases. This is a reasonable result because, as k increases,
the search space to achieve recall@k ≈ 0.9 becomes larger.
However, the degradation of QPS is only slight, and IVF++
keeps outperforming the competitors and a sufficiently large
QPS.

Impact of m. Algorithms for the problem of ANNS under
multi-attribute constraint should be robust against m (the num-
ber of attributes). To investigate this robustness, we measured
the QPS of each algorithm when recall@10 ≈ 0.9 and each
attribute value follows a Gaussian distribution. Figure 6 depicts
the result.

The main observation is that the performance of IVF++
(CAPS) increases (decreases) as m increases. This observation
clarifies the drawback of CAPS, and it is clear that the decision
tree cannot yield high selectivity when m becomes larger.
IVF++’s tendency is desirable for our problem because the
tendency means robustness against m. As m increases, the
number of objects that match the attribute constraints tends to
decrease. Therefore, |Hi[B]| becomes smaller, and it is now
easy to understand why we have this observation from the
time complexity of IVF++.

V. RELATED WORK

A. ANNS

Many studies devised efficient and accurate ANNS algo-
rithms, and ANNS is a building block of many important
operations, such as recommender systems [40], EMST [41],
multi-metric search [42], joins [43], clustering [44], [45], out-
lier detection [34], and distance estimation [46]. Many studies
devised efficient and accurate ANNS algorithms. Locality-
sensitive hashing is a theoretical approach, but, in practice,
slower than the other approaches [19]. Quantization is space-
efficient but cannot provide high recall [13]. Proximity graphs
are the current state-of-the-art approach [36]. Roughly, existing
proximity graphs belong to the KGraph-based type or the
navigable small-world graph-based one. Vamana [20] and
HNSW [17] are famous proximity graphs and belong to the
former and latter types, respectively. They have been extended
for the attribute case.

B. ANNS under Attribute Constraint

As mentioned in Section I, this problem has also been well
studied. Most existing works employ proximity graphs [24]–
[28]. These works assume a single attribute and consider how
to optimize post-filter by carefully designing edge addition
strategies. However, using these strategies in multi-attribute
cases is not trivial, because there are a significant number of
attribute value combinations. Our data structure does not suffer
from this observation. CAPS [23] and the standard inverted
file, which is employed in vector data management systems
(e.g., [1], [6]), also do not have the above limitation. However,
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Fig. 2. QPS vs. recall@10 on Deep. “□” shows IVF-inline, “⋄” shows CAPS, and “△” shows IVF++.
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Fig. 3. QPS vs. recall@10 on GloVe. “□” shows IVF-inline, “⋄” shows CAPS, and “△” shows IVF++.
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they still incur inefficient computation and are outperformed
by IVF++.

C. Range-filtered ANNS

Recently, ANNS with a range-filter, which focuses on
objects with attribute values falling in a given range, has
also been addressed in several studies [47], [48]. These works
also assume that each object has a single attribute, and their
techniques are optimized in this setting. We put extending
IVF++ for range-filter as future work.

VI. CONCLUSION

This paper addressed the problem of approximate nearest
neighbor search under multi-attribute constraint. Although this
problem has many real-world applications, existing techniques
cannot solve this problem efficiently. We overcame this issue
and proposed a novel algorithm IVF++. Our experimental
results demonstrate that IVF++ significantly outperforms state-
of-the-art algorithms.
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