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Abstract: In this paper we try to introduce a data structure for k-NN search, the Rank Cover Tree (RCT). The pruning
tests for RCT rely on the comparison of similarity values not on the other properties of the underlying space, such as
the triangle inequality. Objects are selected according to their ranks with respect to the query object, allowing much
tighter control on the overall execution costs. Theoretical analysis shows that with very high probability, the RCT
returns a correct query result in time that depends very competitively on a measure of the intrinsic dimensionality of
the data set. The experimental results for the RCT show that non-metric pruning strategies for similarity search can
be practical even when the representational dimension of the data is extremely high. They also show that the RCT is
capable of meeting or exceeding the level of performance of state-of-the-art methods that make use of metric pruning
or other selection tests involving numerical constraints on distance values.
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I. INTRODUCTION
The fundamental operations in data mining are classification, cluster analysis, and outlier detection, and this might
be most widely-encountered is that of similarity search. Similarity search is that the foundation of k-nearest-neighbor (kNN) classification, which frequently produces competitively low error rates in practice, significantly once the quantity of
categories is massive [26]. The error rate of nearest-neighbor classification has been shown to be ‗asymptotically
optimal‘ because the training set size will increase [14]. For clustering, several of the foremost effective and
commonwaysneed the determination of neighbor sets based mostlyat a considerable proportion of the data set objects
[26]: examples includehierarchical(agglomerative)strategieslikeROCK [22] and CURE [23]; density-based
strategieslikeDBSCAN [17], OPTICS [3], and SNN [16]; and non-agglomerative shared-neighbor clustering [27]. A
content-based filtering strategy for recommender systems and anomaly detection strategies [11] ordinarily build use of kNN techniques, either through the direct use of k-NN search, or by means that of k-NN cluster analysis. a
very common density-based live, the local Outlier factor (LOF), depends heavily on k-NN set computation to
see the denseness of the data within the section of the test point [8].
For data mining applications based on similarity search, data objects are usually modeled as feature vectors of
attributes that some measure of similarity is defined. Often, the data can be modeled as a subset 𝑆 ⊂ 𝒰 belonging to a
metric space 𝑀 = 𝒰, 𝑑 over some domain𝒰, with distance measure 𝑑: 𝒰 × 𝒰 ↦ ℝ+ satisfying the metric postulates.
Given a query point𝑞 𝜖 𝒰, similarity queries over 𝑆 are of two general types:
 K-nearest neighbor queries report a set 𝒰 ⊆ 𝑆 of size k elements satisfying 𝑑(𝑞, 𝑢) ≤ 𝑑(𝑞, 𝑣)for all 𝑢 ∈ 𝒰
and𝑣 ∈ 𝑆\𝒰.
 Given a real value𝑟 ≥ 0, range queries report the set 𝑣 ∈ 𝑆 𝑑(𝑞, 𝑣) ≤ 𝑟}.
While a k-NN query result is not necessarily unique, the range query result clearly is.
Motivated a minimum of in part by the impact of similarity search on issues in data mining, machine learning,
pattern recognition, and statistics, the planning and analysis of scalable and effective similarity search structures has
been the subject of intensive research for several decades. Till comparatively in recent years, most data structures for
similarity search targeted low-dimensional real vector spacer presentations and therefore the Euclidean or alternative LP distance
metrics.
However,
several public
and commercial data sets available these
days are additionalnaturallydepictedas vectors spanning several hundreds or thousands of feature attributes, which
might be real or integer-valued, ordinal or categorical, or perhaps a mix of those types. This has spurred the
development of search structures for additional general metric areas, like the Multi-Vantage-Point Tree [7], the
Geometric Near-neighbor Access Tree (GNAT) [9], spatial Approximation Tree (SAT), the M-tree [13], and (more
recently) the cover Tree (CT) [6].
Despite their various advantages, spatial and metric search structures are both limited by an effect often referred
to as the curse of dimensionality. One way in which the curse may manifest itself is in a tendency of distances to
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concentrate strongly around their mean values as the dimension increases. Consequently, most pairwise distances become
difficult to distinguish, and the triangle inequality can no longer be effectively used to eliminate candidates from
consideration along search paths. Evidence suggests that when the representational dimension of feature vectors is high
(roughly 20 or more [5]), traditional similarity search accesses an unacceptably-high proportion of the data elements,
unless the underlying data distribution has special properties [6], [12]. Even though the local neighborhood information
employed by data mining applications is useful and meaningful, high data dimensionality tends to make this local
information very expensive to obtain.
The performance of similarity search indices depends crucially on the way in which they use similarity
information for the identification and selection of objects relevant to the query. Virtually all existing indices make use of
numerical constraints for pruning and selection. Such constraints include the triangle inequality (a linear constraint on
three distance values), other bounding surfaces defined in terms of distance (such as hyper cubes or hyperspheres) [25],
[32], range queries involving approximation factors as in Locality-Sensitive Hashing (LSH) [19], [30], or absolute
quantities as additive distance terms [6]. One serious drawback of such operations based on numerical constraints such as
the triangle inequality or distance ranges is that the number of objects actually examined can be highly variable, so much
so that the overall execution time cannot be easily predicted.
In an attempt to improve the scalability of applications that depend upon similarity search, researchers and
practitioners have investigated practical methods for speeding up the computation of neighborhood information at the
expense of accuracy. For data mining applications, the approaches considered have included feature sampling for local
outlier detection [15], data sampling for clustering and approximate similarity search for k-NN classification (as well as
in its own right). Examples of fast approximate similarity search indices include the BD-Tree, a widely-recognized
benchmark for approximate k-NN search; it makes use of splitting rules and early termination to improve upon the
performance of the basic KD-Tree. One of the most popular methods for indexing, Locality-Sensitive Hashing [19], [30],
can also achieve good practical search performance for range queries by managing parameters that influence a tradeoff
between accuracy and time. The spatial approximation sample hierarchy (SASH) similarity search index [29] has had
practical success in accelerating the performance of a shared-neighbor clustering algorithm [27], for a variety of data
types.
In this paper, we propose a new similarity search structure, the Rank Cover Tree (RCT), whose internal
operations completely avoid the use of numerical constraints involving similarity values, such as distance bounds and the
triangle inequality. Instead, all internal selection operations of the RCT can be regarded as ordinal or rank-based, in that
objects are selected or pruned solely according to their rank with respect to the sorted order of distance to the query
object. Rank thresholds precisely determine the number of objects to be selected, thereby avoiding a major source of
variation in the overall query execution time. This precision makes ordinal pruning particularly well-suited to those data
mining applications, such as k-NN classification and LOF outlier detection, in which the desired size of the
neighborhood sets is limited. As ordinal pruning involves only direct pairwise comparisons between similarity values, the
RCT is also an example of a combinatorial similarity search algorithm [21].
The main contributions of this paper are as follows:
 A similarity search index within which only ordinal pruning is employed for node selection—no use is
formed of metric pruning or of different constraints involving distance values.
 Experimental proof indicating that for practical k-NN search applications, our rank-based technique is
extremely competitive with approaches that build specific use of similarity constraints. Specially, it
comprehensively outperforms progressive implementations of each LSH and therefore the BD-Tree, and is
capable
of
achieving practical speedups
even
for data sets
of extraordinarily high
representational dimensionality.
 A formal theoretical analysis of performance showing that RCT k-NN queries efficiently manufacture correct
results with very high chance. The performance bounds are} expressed in terms of a measure of
intrinsic spatiality (the expansion rate
[31]), independently of the
complete objective dimension
of the
information set. The analysis shows that by accepted polynomial sublinear dependence of question value in
terms of the quantity of data objects n, the dependence on the intrinsic dimensionality is less than the
other known search index achieving sublinear performance in n, whereas still achieving terribly high accuracy.
To the best of our knowledge, the RCT is the first practical similarity search index that both depends solely on
ordinal pruning, and admits a formal theoretical analysis of correctness and performance. A preliminary version of this
work has appeared in [28].
The remainder of this paper is organized as follows. Section 2 briefly introduces two search structures whose
designs are most-closely related to that of the RCT: the rank-based SASH approximate similarity search structure [29],
and the distance-based Cover Tree for exact similarity search [6]. Section 3 introduces basic concepts and tools needed to
describe the RCT. Section 4 presents the algorithmic details of the RCT index.
II. RELATED WORK
This paper are going to be involved with two recently-proposed approaches that on the surface appear quite dissimilar:
the SASH heuristic for approximate similarity search [29], and the cover Tree for exact similarity search [6]. Of the two,
the SASH is often considered combinatorial, whereas the cover Tree makes use of numerical constraints. Before formally
stating the new results, we have a tendency to first provide an outline of each the SASH and also the cover Tree.
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2.1. SASH
For large data sets, we should use data structures that permit far better performance on the amount N of
items within the database. This will be illustrated by the role that R-Trees play in the efficiency DBSCAN. To
manage very massive data sets, we've SASH. The SASH makes minimal assumptions concerning the nature of the metric
for associative queries. It additionally doesn't enforce a partition of the search space, as for instance R-Trees do. For
approximate k-NN (k-ANN) queries on the large sets, the SASH systematically returns a high proportion of truth k-NNs
at speeds of roughly two orders of magnitude quicker than sequential search. The SASH has already
been successfully applied to clustering and navigation of very large, very high dimensional text data sets. The SASH
internally uses a k-NN query on small sets. A (SASH) may be a multi-level structure recursively constructed by building
a SASH on a half-sized random sample S'⊂S of the object set S, so connecting every object remaining outside S' to
many of its approximate nearest neighbors from at intervals S'. Queries are processed by initial locating approximate
neighbors at intervals sample S', so exploitation the pre-established connections to find neighbors at intervals the
rest of the information set. The SASH index depends on a pairwise distance measure, however otherwise makes no
assumptions relating to the illustration of the information, and doesn't use constellation difference for pruning of
search ways.
SASH construction is in batch fashion, with points inserted in level order. Every node 𝜐 seems at one level of
1
the structure: if the leaf level is level 1, the probability of 𝜐 being allotted to level 𝑗is 𝑗 . Every node υ is connected to at
2
the most 𝑝 parent nodes, for a few constant 𝑝 ≥ 1, chosen as approximate nearest neighbors from among the nodes at one
level more than 𝜐. The SASH guarantees a continuing degree for every node by guaranteeing that every will function the
parent of at the most 𝑐 = 4𝑝 children; any decide to attach more than 𝑐 children to an individual parent 𝑤 is resolved by
accepting solely the 𝑐 nearest children to 𝑤, and reassigning rejected kids to close surrogate oldsters whenever necessary.
Similarity queries are performed by establishing an upper limit 𝑘𝑗 on the number of neighbor candidates to be
retained from level 𝑗of the SASH, dependent on both 𝑗and the number of desired neighbors‘𝑘. The search starts from the
root and progresses by successively visiting all children of the retained set for the current level, and then reducing the set
of children to meet the quota for the new level, by selecting the 𝑘𝑗 elements closest to the query point.
2.2. Cover Trees and the Expansion Rate
In [31], Karger and Ruhl introduced a measure of intrinsic dimensionality as a means of analyzing the performance of a
local search strategy for handling nearest neighbor queries. In their method, a randomized structure resembling a skip list
is used to retrieve pre-computed samples of elements in the vicinity of points of interest. Eventual navigation to the query
is then possible by repeatedly shifting the focus to those sample elements closest to the query, and retrieving new
samples in the vicinity of the new points of interest.
The expansion rate of S is the minimum value of 𝛿such that the above condition holds, subject to the choice of
minimum ball set size b.
The Cover Tree can also be used to answer approximate similarity queries using an early termination strategy.
However, the approximation guarantees only that the resulting neighbors are within a factor of 1 + 𝜀of the optimal
distances, for some error value 𝜀> 0.
III. RANK COVER TREE
Some of the design features of the SASH similarity search structure and the Cover Tree are used in proposed Rank Cover
Tree. Like the SASH (and unlike the Cover Tree) we shall see that its use of ordinal pruning allows for tight control on
the execution costs associated with approximate search queries. By restricting the number of neighboring nodes to be
visited at each level of the structure, the user can reduce the average execution time at the expense of query accuracy.
In the RCT, a tree T imposed on a random leveling ℒ of the data set S. Given any0 ≤ 𝑙 ≤ ℎ, the subtree𝑇𝑙 ⊂
𝑇spanning only the level sets 𝐿𝑙 , 𝐿𝑙+1 , … … , 𝐿ℎ −1 ∈ ℒis also a Rank Cover Tree for the set 𝐿𝑙 ; 𝑇𝑙 will be referred to as the
partial Rank Cover Tree of T for level l. Now, for any 𝑢 ∈ 𝐿𝑙 and any choice of l < j < h, we define 𝑎𝑗 𝑢 ∈ 𝐿𝑗 to be the
unique ancestor of u in 𝑇𝑙 at level j.
RCT search proceeds from the root of the tree, by identifying at each level j a set of nodes 𝑉𝑗 (the cover set)
whose subtrees will be explored at the next iteration. For an item u to appear in the query result, its ancestor at level j
must appear in the cover set associated with level j. 𝑉𝑗 is chosen so that, with high probability, each true k-nearest
neighbor u satisfies the following conditions: the ancestor 𝑢𝑗 = 𝑎𝑗 (𝑢) of u is contained in 𝑉𝑗 , and for any query point q,
the rank 𝜌𝑗 (𝑞, 𝑢𝑗 ) of 𝑢𝑗 with respect to Lj is at most a level-dependent coverage quota𝑘𝑗 = 𝜔 𝑚𝑎𝑥

𝑘
Δ𝑗

,1 .

The real-valued parameter 𝜔 is the coverage parameter. It influences the extent to which the number of
requested neighbors k impacts upon the accuracy and execution performance of RCT construction and search, while also
establishing a minimum amount of coverage independent of k.
Offline construction of the RCT is performed by level ordered insertion of the items of the random leveling,
with the insertion of node 𝑣 ∈ 𝐿𝑗 performed by first searching for its nearest neighbor 𝑤 ∈ 𝐿𝑗 +1 using the partial Rank
Cover Tree𝑇𝑗 +1 , and then linking v to w.
A Rank Cover Tree T will be said to be well-formed if for all nodes 𝑢 ∈ 𝑇 with parent 𝑣 ≠ 𝑢, the parent v is
the nearest neighbor of u from among the nodes at that level—that is, if 𝜌𝜆 𝑢 +1 𝑢, 𝑣 = 1. In the analysis to follow, we
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determine conditions upon the choice of the coverage parameter 𝜔 for which the construction algorithm produces a wellformed RCT with high probability. We also derive bounds on the error probability for k-NN queries on a well-formed
RCT.
IV. CONCLUSION
We try introducing a replacement data structure for K-NN, the Rank cover Tree, that uses direct comparisons between
distance values. The RCT construction andqueryexecutioncosts is freelanceontherepresentationaldimension of the
data, however are oftenanalyzedprobabilistically in terms of a measure of intrinsicdimensionality.The theoretical
analysis, shows that the RCT outperforms its twonearest relatives—the cover Tree and SASH structures -in several cases,
and consistentlyoutperforms the E2LSH implementation of LSH, classical indices such as the KD-Tree and BD-Tree,
and—for data sets of high (but sparse) dimensionality— the KD-Tree ensemble technique FLANN.
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