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(57) Abstract: Automatic selection of neighbor lists to be incrementally updated is disclosed. One example is a system including an
indexing module to receive an incoming data stream, and retrieve neighbor lists for received data objects. An evaluator determines
similarity measures between pairs of the received data objects. A threshold determination module determines distributions of order
statistics based on the determined similarity measures and retrieved neighbor lists, and a threshold based on the distributions of order
statistics. The evaluator determines additional similarity measures between a new data object in the data stream and the received data
objects. A neighbor update module automatically selects a sub-plurality of the received data objects by comparing the additional
similarity measures to the threshold, and determines, for each selected data object, if the respective retrieved neighbor list is to be in-
crementally updated based on neighborhood comparisons for the new data object and the selected data object.
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AUTOMATIC SELECTION OF NEIGHBOR LISTS TOBE
INCREMENTALLY UPDATED

Background
10661} Big data is data that generaily exceeds the processing capacity of
conventional systems. Methaods for analyzing big data are of greal interest in many
applications, including similarity search, collaborative filtering, data compression,
retrieval, clustering, and classification. Graphs may be used o represenidata. For
example, a nearest neighbor graph may connect each data object to data objects

that are nearest {or most similar) to the data object.

Brief Description of the Drawings
[6662] Figure 1 is a functional block diagram illustrating one example of a system
for automatic selection of neighbor lists to be incrementally updated.
16063] Figure 2 iliusirates one example of a probability distribution funclion for
similarity measure based on a Betla distribution.
106064} Figure 3 lllustrates one example of a graphical relation between a threshold
and a miss rate.
[8865] Figure 4 is a schematic representation of an example of an incrementally
updated computer generated visual rendition of neighbor lists based on an
autormnatic selection of neighbor lists to be incrementally updated.
[0806] Figure 5 is a block diagram lllustrating one example of a computer readable
medium for automatic selection of neighbor lists to be incrementally updated.
168671 Figure 6 is a flow diagram illustrating one example of a method for automatic
selection of neighbor lists to be incrementally updated.
[0008] Figure 7 is a flow diagram illustrating one example of a methaod for providing
an incrementally updated computer generated visual rendition of neighbor lists
based on an automatic selection of neighbor lists to be incrementally updated.
19869 Figure 8 is a Tlow diagram illustrating one example of a method for updating
a threshold for an automalic selection of neighbor lists to be incrementally updated.
16018] Figure 9 is g flow diagram ilusirating one example of a method for
maintaining a database of neighbor lisls based on an automatic selection of

neighbor lists to be incrementally updated.
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Detailed Description

16611} Big dala may be defined as data that exceeds the processing capacity of
conventional systems. Methods for analyzing such data continue o grow in
prominence. Graph technigues are often applied to represent and efficiently
analyze big data. One such graph representation is a k-nearest neighbor ("kNN")
graph. A kNN graph comprises of nodes that are data obiecls, and edges thal
connect a data object to &k proximal data objects, where proximity between data
objects may be based on an appropriate similarity. The proximal data objects are
generally referred to a3 neighbors, and & collection of neighbors for a data object
is referred 0 as a neighbor list for the data object. In some examples, the data
objects in the neighbor list may be ranked or ordered based on some criterion. For
example, the list may be ranked based on proximity o a first data object. Such a
neighbor list will be referred o herein a3 a ranked neighbor list.

[0612] A kNN graph may help represent and analyze large volumes of data by
revealing nearest matches to any dala object. kNN graphs are exiensively used in
areas such as machine leamning, data mining, computer vision and image
processing.  Applications that utilize kNN graphs include but are not limited o
similarity search, collaborative filtering, data compression, refrieval, clustering, and
classification. For example, large Enterprise dala warehousing applications may
use collaborative filtering to sort and/or search content relevant to a particular topic
thread. As another example, an online retailer may use a similarity search to make
product recommendalions based on a particular cusiomer’s recent purchases.
Also, for example, a security firm may use nearest neighbor matches to identify
known persons from live video Teeds.

18813] Generally, the challenge of these applications is fo maintain performance
efficiency as data grows. In some examples, the data may be large volumes of
rapidly streaming data, adding o the challenge of maintaining both speed and
efficiency. For kNN graphs, costs associated with graph construction, for example
in terms of time and resources, are considerably high for large data sels.
Additionally, as a KNN graph is continually updated based on incoming data, such

costs may increase considerably.
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10614} Nearest neighbor graph constructions generally use various methods such
as recursive Lanczos bisection, Morton ordering, or local search. Generally, such
approaches consiruct the nearest neighbor graph by comparing daia obhjects
directly. Approximate algorithrs such as locality sensitive hashing may reduce the
comparison space, but data objects in the smaller comparison space are compared
directly to each other. This is generally not effective for high velocity, high volume
data streams. Some hash-based iechniques may be used o update the kNN
graph, but these hashing technigues often display anomalies due to a similarity
measure meiric distortion.

[0815] Accordingly, there is a need for a kNN graph construction and updating
process thal may compute and update nearest neighbors in an efficient manner,
especially for high velocity, high volume data streams. As described herein, an
orthogonal transform based indexing system may be used {o efficiently compute
the nearest neighbors of a data object in a kNN graph, and then use a local search
to update the data objects in the kNN graph that are likely to change after a new
data object is inserted into the kNN graph. Such a system is well-adapted for
streaming data scenarios and scales well with high-dimensional data as well.
[8616] Generally, when a new data object arrives, neighbor lists for data objects in
the kNN graph may need io be updated. Given the large number of data objects,
such a complete update may take a long time, and may not keep pace with the rate
at which incoming data objects flow in. Accordingly, it is important to be able o
efficiently and accurately select a subset of the data objects for which neighbor lists
may be updated. Such a mechanism is described herein. For example, a
continuous probability distribution may be determined based on similarity
measures betweean data objects and their respective neighbors. A cut-off threshold
may be determined based on the probability distribution. Data objecis for which
the neighbor lists may be updated may then be selected based on the threshold.
Finally, the neighbor lists for these selected dala objecis may be checked for
possible updates. Accordingly, the new data object may get added to the neighbor
list for the selected data object.

18617] As described in various examples herein, automalic selection of neighbor

lists {o be incrementally updaled is disclosed. One example is a system including
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an indexing module o receive an incoming data stream of data objects, and
retrieve neighbor lists for the received data objects. An evaluator determines
similarity measures belween pairs of the received data objects. A threshold
determination module determines distributions of order statistics based on the
determined similarity measures and retrieved neighbor lists, and determines a
threshold based on the distributions of order statistics. The evaluator determines
additional similarity measures belween a new data object in the data stream and
the received data objects. A neighbor update module automatically selects a sub-
plurality of the received data objects by comparing the additional similarity
measuras {o the threshold, and determings, for each selected data object, if the
respective retrieved neighbor list is to be incrementally updated based on
neighborhood comparisons for the new data object and the selected dala object.
16818} In the following detailed description, reference is made to the accompanying
drawings which form a part hereof, and in which is shown by way of llustration
specific examples in which the disclosure may be practiced. It is to be understood
that other examples may be utilized, and structural or logical changes may be made
without departing from the scope of the present disclosure. The following detailed
description, therefore, is not to be taken in a limiting sense, and the scope of the
present disclosure is defined by the appended claims. [ is to be understood that
features of the various examples described herein may be combined, in part or
whole, with each other, unless specilically noted otherwise.

19819 Figure 1 is a functional block diagram illusiraling one example of a system
100 for automatic selection of neighbor lists to be incrementally updated. System
100 includes an indexing module 104, an evaiuator 106, a threshold determination
module 108, and a neighbor update module 110. The indexing module 104 may
receive, via a processor, an incoming data stream 102 of data objects, and retrieve
neighbor lists for the received data objects. The lerm ‘retrieve” as used herein,
may generally refer o accessing a database, via the processor, where the
database may silore a kNN graph, neighbor lists for data objects, a list of
distributions, data indicative of similarities betwesan dala objects, and so forth. In
some examples, the term retrieve may indicate that the indexing module 104 is

communicatively linked to another systemn that is capable of incrementally updating
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a kNN graph, updating neighbor lists, and so forth. In some examples, the indexing
module 104 may retrieve ranked neighbor lists.

169281 In some examples, the neighbor lists are based on an orthogonal transform
based indexing of an incrementaily updated neighbor graph. For example, an
orthogonal transform may be applied to a data object in the incoming data stream
102, and the dala object may be associated with a subset of U ordered hash
positions. A flow rate f for the incoming data stream 102, say 5, may be measured
as data objecis received per second. in other words, every second, f number of
data objects arrive via incoming data streamS. In some examples, hash
transforms may generally be associaled at a rale similar o the flow rate.

189211 As described herein, a dala object {e.g. a numerical N-dimensional vector)
in the incoming data stream 102 may be associated with a subset of U ordered
hash positions. In some examples, the subset may have a fixed size H. A hash
position generally refers to a hash symbol located at an integer from the set {1, 2,
..., U}, where U is generally much larger than N, and N is much larger than H.
Hashes may be generally used {o provide a representation of the data object. Such
a hash representation may be utilized for efficient comparisons between pairs of
data objects. Generally, U may be a power of 2. For example, one instance may
be H = 100, N = 8000, and U/ = 2'®. The H hashes may be based on H largest
coetficients provided by the orthogonal fransform. Accordingly, an N-dimensional
object may be projected onto a lower H-dimensional object.

16822 In some examples, the incoming data stream 102 may include a plurality of
vectors with numerical, real-valued components., System 100 may be provided
with values for H and U. The integer H may be experimentally determined based
on the type and number of data objects in the incoming data sitream 102
Generally, U is a very large inleger relative o H. In one example, U is a power of
2.

10623} In some examples, the orthogonal transform may be a Waish-Hadamard
transtorm ("WHT"). A WHT is an orthogonal, non-sinusocidal transform that takes
a signal as input and outpuls a set of basis functions. The output funclions are
known as Walsh functions. A Walsh function {akes two values: +1 and -1.

Generally, performing an orthogonal transform on the incoming data stream 102
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provides a set of coefficients associated with the incoming data stream 102, For
example, after application of the Walsh-Hadamard transiorm {o the data object, the
indexing module 104 may retrieve a list of coefficients ¢;, ¢,, ... ¢, Alternalive
forms of orthogonal transforms may be ulilized as well. For example, 2 cosine
transform may be utilized.

16624} In some examples, the H largest coeflicients, ¢,

L Cnyswer Gy, TBY b€

selected as the subset of hashes associated with the data object, say A. Table 1

illustrates an example association of data objects A, B, and C, with sets of hashes:

Data Term Set of Hashes
A {1,5,9, 13,16}
B {2,3,4,7,13}
C {1,5,7,8, 11}
Table 1§

180257 In some examples, the indexing module 104 may retrieve, via the processaor,
an index of U ordered key posilions, where each key position is indicative of
received data objects of the incoming data siream 102 that have a hash position
at the key position. Table 2 illustrates an example index with {J = 2% key positions
{1, 2, ..., 16} with data objecis A, B, and C, based on sets of H = 5 hashes in Table
1:

11213141816 {71818 110111112113 14115 |18
A A A
BiB B B B
G C CiC C
Table 2

198261 As illusirated, ordered key positions 1 and 5 are indicative of received data
objects A and © since these data objects have hasheas at the hash positions 1 and
5, as ilustrated in Table 1. Likewise, ordered Key position 13 is indicative of
received data ohiects A and B since these data objects have hashes at the hash
pasition 13, as illustrated in Table 1.

18627] In some examples, the indexing module 104 may update the index by
inserting, via the processor, a unigue identifier associated with the data object into

each Key posilion of the index that corresponds to a hash position for the data
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object. For example, data objects B and C may have been received by system 100
prior 1o receiving the data object A, Accordingly, the indexing module 104 may
have updated the index by inserting unigue identifiers associated with the dala
object A. For example, the daia object A may have hashes at hash positions 1, 5,
9, 13, and 16, as illustrated in Table 1. Accordingly, the indexing module 104 may
update the index by inserting unigue identifiers associated with the data object A
at key positions 1, 5, 9, 13, and 16, as idllustrated in Table 2.

16028] The evalualor 108 may determine, via the processor, similarity measures
between pairs of the received dala objects. Generally, for the purposes of this
disclosure, any guantifiable distance betweaen two data objects may be utilized as
a similarity measure between the two objects. A neighbor list for a data object may
be a list of additional data objects for which the similarity measures between the
data object and the additional data objects is within a threshold.

16629] In some examples, a similarity measure between two dala objects may be
determined based on a number of commaon hashes. This provides an approximate
measure of nearest neighbors. An approximate nearest neighbor ("ANN"} search
may then be performed. For example, a received dala object may be mapped (o
a set of hashes, and this set of hashes may be ulilized to search for neighbors in
the incoming data stream 102 based on the similarity measure. The similarity
measure may be based on a number of overlaps belween respeclive sefs of
hashes, and is indicative of proximity of the pair of data objects. Table 3 Hlustrates
an example delermination of similarity measures for pairs formed from the data
objects A, B, and C:

Data Object Pair: Similarity Measure: S{Y}
(X.Y)
{A.B) S{AB)I=1
{AC) SAC) =2
(8,C) SB,C) =1
Table 3

[6636] As illustrated in Table 2, the data objects A and B have key position 13 in
common in their respective sels of hashes. Accordingly, the similarity measure for

the pair (A.B), denoted as S{A,B) may be determined to be 1. Also, for example,
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as illustrated in Table 2, the data objecis A and C have key positions 1 and Sin
commaon in their respective sets of hashes. Accordingly, the similarity measure for
the pair (A,C), denoted as S{A,C) may be determined to be 2. As another example,
as illustrated in Table 2, the data objects B and C have key position 7 in common
in their respective sets of hashes. Accordingly, the similarity measure for the pair
{B,C), denoted as S{B,C) may be determinad to be 1.

16831] In some examples, the indexing module 104 may retrieve a ranked neighbor
list for the data object in a neighbor graph, where the ranking is based on the index.
A neighbor graph, such as a kNN graph for stream §, is a time-varying directed
graph where each vertex (representing an object} is connected {o similar vertices.
In some examples, each vertex may be connectad o its top-k most similar verlices
via a directed edge. For streaming data scenarios with a high flow rate, it may be
desirable to construct an approximate kNN graph and update it after every data
object arrival/insertion. For a flow rate of £, this may generally involve f updales
per second. As described herein, in some examples, an approximate nearest
neighbor list of & nearest neighbors for the data object may be maintained. Such
a list may be incrementally updated with the arrival of each new data object in the
incoming data stream 102,

16832] Generally, when a new data object arrives {say n-th data object}, a naive

approach may be to updaie all previous {n-7) lisls for the {n-7} data objecis

(n—1)
2

received prior to the n-th data object. Thismayleadion nearesi neighbor list

updates or 9(n?) complexity for updating the kNN graph. This estimate does not
take inlo acoount the time taken o relrieve the nearest neighbors.

198331 In some examples, the indexing module 104 may maintain a database of
ranked neighbor lists associated with data objects in the incoming data stream 102,
In some examples, the ranked neighbor list for the data object may comprise top &
nearest neighbors (e.g., based on the similarity measure) determinaed based on a
count of overlapping hash positions in the updated index. In some examples, the
ranked neighbor list for the data object may comprise a predetermined number of
neighbors. In some examples, the ranked neighbor list for the data object may
comprise neighbors that are approximately close o the data object. For example,

neighbors may be delermined to be ones that have similarity measures in the range

3
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3to 5. An example llustration of the ranked list is described herein with respect o
a second data object.

16934] In some examples, a hash transform may be applied to a second dala
object, where the second data object is received afler the new data object, and a
new ranked neighbor list may be determined for the second data object based on
the updated index. For example, the second data object Q may be received after
a new data object A, which, in turn, may be received after the received data ohjecis
B and C. The second dala object Q may be associated with a subset of U ordered
hash positions, say {1, 5,7, 8, 13}. Table 4 llusirates an example updaled index
with U = 2% key positions {1, 2, ..., 18} with data objects A, B, C,and Q.

11231456 {78 ig 101111211314 |15 |16
A A A A A
BIiBIB g2 B
C C CiC C
Q ] ] Q Q
Table 4

[0635] Table § lllustrates an exampile list of terms associated with the second data

object ( illusirated in Table 4, and the corresponding similarily measures.

115186 17 19 110113 | Similarity Measures
ATA A A ISQAI=4
B B 1S({QB)=2
Cl|C & S{QLCI =3
Table §

16036] As illustraled, the set of hashes associated with the second data object Q
may be compared with the indexed data objects fllustrated in Table 2. Based on
such a comparison, index position 1 is indicative of a hash position associated with
{} and index position 1 is also indicative of hash positions associated with data
objects A and ©. Also, for example, index position 5 is indicative of a hash position
associated with Q, and index position & is also indicative of hash posilions
associated with data objeclts A and C. As ancther example, index posilion 13 is
indicative of a hash position associated with Q, and index position 13 s also
indicative of hash positions associated with data objects A and B. A frequency of

occurrence for A may be delermined to be 4. This is also the similarily measure

9
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for the pair Q and A. A frequency of occurrence for B may be determined o be 2.
This is also the similarity measure for the pair Q and B. Afrequency of occurrence
for C may be determined to be 3. This is also the similarity measure for the pair Q
and C.

186371 As described herein, in some examples, 8 new ranked neighbor list for the
second data object may be determined based on an updaled index {e.g., as
flustrated in Table 4). For example, based on a similarity measure of the second
data object with each dala object, a new ranked neighbor list may be delermined
for the second data object. Based on the example illustrated in Table 5, the new
ranked neighbor list for the second data object Q may be delermined to be A, C,
and B.

18938] Generally, the indexing module 104 may access an incrementally updated
neighbor graph. The term “incremental update”, as used herein, generally refers
to an iterative update of at least one of the neighbor graph, the neighbor lists, the
distributions of order statistics, the threshold, and so forth, as data objects arrive in
the incoming data stream 102. As described herein, such an incremental update
may be based on a local determination of neighborhood relations. For example,
although an incoming data object may be a nearest neighbor for a large number of
previously received dala objects, an appropriate sub-list of these received data
objects may be selected for an incremental update, the neighbor graph may be
updated to reflect a change in neighborhoods for the selecled data objects. In
some examples, the neighbor gragh may be incrementally updated by including a
new data object as 2 neighbor for 2 selected sub-plurality of data objects in the
ranked list, where the selection is based on neighborhood comparisons for the data
object and data objecis in the ranked list.

198391 In some examples, the neighborhood comparisons may be based on
comparisons between the ranked neighbor list for the data object and additional
ranked neighbor lists of neighbors for data objects in the ranked list. For example,
when a data object x is received by system 100, a ranked list B(x) associated with
the data objectx may be determined. In some examples, a list of top-m most
similar data objects {e.g., highest similarity measures with respect to the data

objectx) may be selected from ranked list B(x), say xy %z, ..., %p. 0 some

10
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gxamples, each of these data objects may be associated with respective additional
ranked neighbor lists, B{(x, ), B{x,), .., B{x,).

[6848] In some examples, the additional ranked list B{x, ) corresponding to the data
object x; may comprise neighbor x4, x5, ..., X1, Where x4 is closest o x, and xq;,
is the k-th furthest away from x; A notion of similarity measure-based terms “close”
and "further”, as used herein, may be defined guantitatively with respect to, for
example, the similarity measures determined herein. For example, two dala
objects that have a larger count of overlapping hashes (e.g., a larger similarity
measure} may be determined to be closer than two data objects that have a smaller
count of overlapping hashes {e.g., a smaller similarity measure). For example, with
reference to Table 3, the data objecis A and C are closer (with similarity measure
2} than the data objects A and B {(with similarily measure 1).

188417 In some examples, the neighbor graph may be updated by comparing the
similarity measure from x; {o the dala object in B{x,) that is furthest away from x,,
for example, x, ., with the similarity measure from x; o x. If the similarily measure
from x; 1O x is greater than the similarity measure from x| 10 xy, then the neighbor
update module 110 may incrementally update the neighbor graph o include x in
the ranked list B(x,) corresponding to the data object xy, and add x as a neighbor
for x;. In some examples, the neighbor update module 110 may perform such a
comparison for each dala object in B(x;). Accordingly, an updated ranked list may
be determined forx, .

[6842] In some examples, the neighbor update module 110 may repeat,
concurrently, and/or iteratively, the process described with reference to B{x,) for
each of the top-m data objects x, x4, ..., ¥, I the ranked list B{x) associated with
the data object x. The number of neighbor comparisons may be further reduced
by using a search algorithm {e.g., a binary search) and/or an efficient data structure
to store the neighbor graph, the index, andfor the ranked neighbor lists for each
data object.

160431 A critical parameter for the process, as described herein, is the parameter
m, corresponding o the top-m data objects x;, xy, ..., x,, in the ranked list B{x). In
some examples, a value for the parameler m may be determined by experimenting

with an accuracy of incremental update of neighbor graphs delermined based on

11
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different values of the paramester m.  This parameler m may be determined
automatically, as described herein.

18844] System 100 includes a threshold determination module 108 to determine
distributions of order statistics based on the determined similarily measures and
retrieved neighbor lists, and determine a threshold based on the distributions of
order statistics. Generally, for a random sample, some interesting information may
be retrieved from observations such as smallest, middle, or largest. Accordingly,
the sample values in the random sample may be arranged in an increasing or
decreasing order or values. Such an ordering determines an order statistics.
Generally, the order statislics for a collection of random variables may be random
variables as well. Accordingly, distributions of order statistics may be determined.
188457 More formally, if the received data objects are denocled as 0, 0;, ..., 0,, and
the simitarity measure between the data object o; and the data object o; is denoted

8s 9y, 0,, We may assume that 5050; follows a slatistical distribution. In some
0 ‘

examples the statistical distribution may be a Beta distribulion Beta(«, ).
Although the description herein refers to the Beta distribution, other statistical
distributions may be utilized as well. For example, a uniform distribution may be
utiized. In some examples, a normal distribution may be utilized, such as a
univariate normal distribution.

[6@46] The Bela distribution is a family of continuous probability distributions
defined on the interval [0,1] and parametrized by two positive shape parameters.
The probabilily density function of Beta distribution with shape parameters o, 5,

may be given by:

MY e a-1gq _ 4y B-1
g0 = G A=,
{Egn. 1)
where
rere)
NCEY
{Ean. 2)

10847} In some examples, the evaluator 106 delermines additional similarity

measures between a new data object o, in the data stream 102 and the received

12
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data objects. A statistical distribution of similarities between a data object o; and

data objects in its neighbor list may be determined. For example, lat og"'”Ddenate
the k-th nearest neighbor for o, in its ranked neighbor list of n dala objects.

Accordingly, the similarity measure {_  ww is the k-th largest value among

similarity measures (g o, $o,0,: s (o0, Dased on a probability distribution
funclion for the Bela distribution and a density of order statistics, a probability

distribution function for the distribution of {0, SJom may be determined as:

) @ pr L - L@ pl,

g(k;,(x) = x(x----l(l . xjﬁ'“l (

Bla.p)
{Eagn. 3)

where 1, {a, §) is a regularized incomplete beta function, the probability distribution

function for the Beta distribution.

10648] Figure 2 illustrales one example of a probability distribution function for

similarity measure based on a Beta distribution. In particular, Figure 2 lllustrates

the probability distribution function for {_ «w based on a Beta distribution,

denoctes the values for {  wn whereas the vertical axis 402, or y-axis, denoles

Oi,Oli
the values of gq,, for the k-th nearest neighbor for o, in its neighbor list. First graph

204 represents the probability distribution function for { o with & = 10, the
second graph 2006 represents the probability distribution function for ¢, ot with

k =3, and the third graph 208 represents the probability distribution function for
{Olngi{,n) with k& = 1.

198491 In some examples, distributions of order statistics may be determined based
on the statistical distribution. For example, if X, X,, ..., Xy are independent and
identically distributed random variables with a distribution H, with a range (a, b),
then these random variables may be relabeled such that their labels correspond to
arranging them in decreasing order of wvalues, such as, for example,
Xy = Xy =2 2 oy

{Egn. 4)
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[0658] In some examples, the distribution H may be continuous, and it may be
assumed that
Xy > Xy > > Xop

{Egn. 8)
108511 Generally, the order statistics, say, the r~th order siatlistics, may be defined
as the r~th smaliest value in the sequence of ordered random variables in Egn. 4
or Egn. 5. To automatically determine the data objects to update, the first r nearest
neighbors with rlargest similarity measures may be determined. For a continuous
random variable X, with a probability density function h and cumulative distribution
function H, it may be determined that:
A{xye ~ Pr(X € ix,x + €]}

{Eqgn. B)
},if% h{x)e = i}_p}) Pr{X € lx,x + €]}
(Egn. 7)
€
{Ean. 8}

[6052] In some examples, a density hq(x) may be derived for the rth largest

statistics X(r), as follows:
pf(X( ) & _X' X - ) =

= Pr{one of the X's € {x,x + €] and exactly (N — rjof the other X's < x)
----- z Pr{X; € {x,x + ¢} and exactly (N — r)of the other X's < x)

=N X Pr{X; € [x,x + ¢] and exactly (N — r)ofthe other X's < x)

=N X Pr(X, € [t.x + €]) ((N ~ D Pex <o TPe(K > x)}”'1>
AN -7
{Ean. 9)
And, accordingly, the density k., (x) may be determined as:
by (@) = NG (3 7 1) e = Heor
{Egn. 10)

[6653] Referring again to Figure 1, the threshold determination module 108

determings a threshold based on the distributions of order statistics. For example,
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when the new dala object o, in the data siream 102 is received, the indexing

module 104 relrieves a neighbor list for the new data object o,.4, say
{(L,n+1) (2n+1) (non+1) . R .
or T e ITY oMY, As described herein, the evaluator 106 determines

additional similarily measures between the new data object in the data stream 102
and the received data objects. In some examples, the additional similarity
measures may be determined basead on the index, as described herein. it may be
noted that as each data object, it is incrementally added to the list of received data
objects. For example, when the new data obhject o,,; is received, the list of
received data objects includes o, 0,, ..., 0,. However, when a second data object
0,42 18 received, the list of received dala objecls is updated to include
0,02, ...,0,, 0541 | DIS process may conlinue iteratively as each new object is
received in the incoming data stream 102,

18854] As described herein, the parameter m is representative of a number of data
objects of the received data objects for which the respeactive neighbor lists may
need (o be updated when the new data object 0, is received. In some examples,
this may be determined by controlling a probability that a neighbor list for a data

(Ln+1)y  (2n+1) {(nn+1}

object among o, 7,0, ..o,  fais to be updated when the respective

distribution {_ _wn falis below the determined threshold {,,. Such a probability

may be determined, for example, by comparing a similarity measure betwesn 0,4

{(jm+1)

e . (jm+1)
and its j-th nearest neighbor o niy  and

n+i

,and a similarity measure beifween o
itz k-th nearest neighbor before the new datla object 0, Is received.

[6855] In some examples, the threshold may be adjusted based on a miss rate,
where the miss rate is indicative of a margin of error in updating & neighbor list for
a received data object when the new data object is received. For example, the
threshold may be based on a2 miss rate w. In some examples, the miss rate @ may
be input by a user via a graphical user inlerface on a compuling device.

Accordingly, the threshold {o may be determined as:

{keom) ) =

) "’ e e
Pr{dy >0,

{Egn. 11)
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where threshold {, may be determined based on the probability density function

Qf {oi'ogk,n) .

[0856] Figure 3 lllustrates one example of a graphical relation betweaen a threshold
and a miss rate. For exampile, the threshold {, is represented with respeci io a
miss rale w, for a Beta distribution Beta{a, f) withae =1, 8 = 10 and n = 10000,
The horizontal axis 300, or x-axis, denotes the values for the miss rale w, and the
vertical axis 302, or y-axis, denotes the values of threshold 7,,. First graph 304
represents the threshold {, for k = 10in Egn. 11, and the second graph 306
represents the threshold {, fork = 5in Egn. 11.

[88657] As described herein, the incremental update process does not compute
similarily measures and/or similarity measures belween every possible pairs of
potential and/or actual neighbors. Generally, a cost of a single operation may be
less expensive than existing approaches that direclly compare all or a subset of
the data points. The process described herein does nol depend on a
dimensionality of x, thereby enhancing run-time efficiencies. Also, as described
herein, the critical value m of neighbor iists o be updaled is generally considerably
srmaller than the total number of data objects n.

10638] Referring again to Figure 1, system 100 includes the neighbor update
module 110 to automatically select a sub-pluralily of the received data objects by
comparing the additional similarity measures to the threshold, and to determing,
for each selected data object, if the respective retrieved neighbor list is to be
incrementaily updated based on neighborhood comparisons for the new data
object and the selected data object. For example, once the threshold is
determined, the additional similarity measures between the new data object in the
data stream 102 and the received dala objects may be compared to the threshold.
For the received data objects for which the additiona! similarity measure is below
the threshold value, the respective neighbor list is checked for a possible update.
The update of the neighbor list is based on comparing the neighbor list for the new
data obhject and the gualifying received data objec!, as described herein, However,
instead of determining potential updates to n neighbor lists, where n is generally a

very large number, the neighbor update module 110 only checks for polential
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updates for a relatively smaller number, m, of neighbor lists for the n received data
objects.

[8859] In some examples, the threshold delermination module 108 updates the
threshold based on the additional similarity measures, and the neighbor update
module 110 utilizes the updated threshoid to determine if a second data object,
received after the new data object, is to be included in relrieved neighbor lists for
a second sub-plurality of data objects. For example, the parameters for the Beta
distribution may be updated by including the additional similarity measures
corresponding to the new dala object o the determined similarity measures
corrasponding to the received data objects. Accordingly, the distributions for order
statistics may be updated as well, and an updated threshold may be determined.
Alsg, for example, the new data object is added to the list of received data objects.
Accordingly, when the second data object is received in the incoming data stream
102, the neighbor update module 110 may select a second sub-plurality of data
objects, and check neighbuor lists for the dala objects of the second sub-plurality of
data objects for potential updating.

18068] In some examples, the neighbor update module 110 may provide, via the
processor o a computing device, an incrementally updated computer generated
visual rendition of neighbor lists for data objects in the incoming data stream 102.
For example, as each data object is received by system 100 and processed as
described herein, the neighbor update module 110 may retrieve the updated
ranked neighbor lists, and display the data objecis in the neighbor graph by adding
nodes for the data objects, and by adding vertices between data objects o indicate
updated neighbor relations between data objects. For example, when the data
object x is added to the ranked list B{x,) for x; via removal of a previous neighbor
X1y, the neighbor update module 110 may generale an incrementally updated
visual rendition of the neighbor graph by adding a node representing x {o the
neighbor graph, and by adding an edge belween x and x,, indicative of an addition
of x as a neighbor for x,. Also, for example, the neighbor update module 110 may
generate an incrementally updated visual rendition of the neighbor graph by
removing an edge between x,, and x,, indicative of a deletion of x,;, as a neighbor

for x;.
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10861} Figure 4 is a schemalic representation of an example of an incrementally
updated computer generaled visual rendition of neighbor lists based on an
automatic selection of neighbor lists o be incrementially updated. In some
examples, the visual rendition 400 may comprise a dashboard 470 and a graphical
representation of neighbor lists 472, In some examples, the dashboard 470 may
be web-based dashboard with interactive user inlerfaces. In some examples, the
graphical representation 472 may be an incrementally updated kNN graph
displaying neighbor relations. In some examples, the graphical representation 472
may be an incrementally updated collection of neighbor lists in tabular form
indicative of respective rankings (based on similarity measuras).

[6862] In some exampies, the dashboard 470 may include user interfaces to
select order statistics 402, including a statistical distribution, select data stream
parameters 416, input orthogonal transform based (*OTE”) hashing parameters
442, and input retrieval parameters 460,

[0863] In some examples, the user interfaces to select the order stalistics 402 may
include a parameter for the type 404 of statistical distribution. The type 404 of the
stalistical distribution may include a beta distribution, a binomial distribution, and
so forth. For example, a drop-down meny may be provided to select the type of
statistical distribution. As illustraled, in some examples, a bela distribution 406
may be selected and a first parameter o 408 may be provided, and a first user
interface 410 may allow for input of a desired value for a. For example, a value of
3 may be input for a in the first user interface 410. Likewise, a second parameter
B 412 may be provided, and a second user interface 414 may allow for input of &
desired value for §. For example, a value of 4 may be input for § in the second
user interface 414.

18864 In some examples, the user interfaces to select the data stream paramelers
416 may include a first oplion 418 to generate the graphical representation 472,
and a second option 420 o stop generating the graphical representation 472.
Additional selectable oplions may be provided, for example, a seleciable option to
“Save to Index” 422 that updates the index, a selectable option to "Display Objects”

424 that displays the data objects, a selectable option for “Online Relrieval” 426
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that refrieves data objecis, and a selectable option o "Save Retrieval” 428 that
saves the retrieved data objects.

18965] Also, for example, user interfaces may be provided to input parameters for
the data stream. For example, a third user interface 432 may be provided to input
a flow rate 430 for the data stream. For example, a flow rate of "5” may be input,
and the data stream may be received at the rate of 5 objects per second {"ops”).
Afourth user interface 436 may be provided o input a value for dimensionality 434
of the data objects. For example, a value of 6200 may be input in the fourth user
interface 436 indicating that the data obhjects may comprise 6200-dimensional
vectors. A fifth user interface 440 may be provided o input a number of data
objects 438 to be displayed. For example, a value of 20 may be input in the fifth
user interface 440, and accordingly 20 data objects may be displayed in the
graphical representation 472.

10866} in some examples, the user interfaces o input the OTRE hashing parameters
442 may include a sixth user inlerface 446 to input a number of hashes 444, For
axample, a value of 80 may be input in the sixth user interface 446, and accordingly
80 hashes may be ulilized for the hash based transformations described herein.
Also, for example, a drop-down menu 450 may be provided to allow selection of a
transform type 448. The transform type 448 may include, for example, a discrete
cosing transiorm ("DCTY), a Walsh-Hadamard transform ("WHT"), and so forth. A
seventh user interface 454 may be provided fo input a hash length 452, For
example, a value of 18 may be inpul in the seventh user interface 454, and
accordingly the hash length may be set to 18 for the hash based transformations
described herein. Also, for example, a menu oplion 458 may be provided {o select
a custom permutation 456.

19867} In some examples, the user interfaces to input the retrieval paramelers 460
may include an eighth user interface 464 io input a number for the top k neighbors
to be retrieved. For example, a value of 6 may be input in the eighth user interface
484, and accordingly the top 6 nearest neighbors {based on similarity measures)
may be updaled for each data object.

10668] Referring again to Figure 1, the components of system 100 may be

compuling resources, each including a suilable combination of a physical
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compuling device, a virlual computing device, a nelwork, software, a cloud
infrastructure, a hybrid cloud infrastructure that may include a first cloud
infrastructure and a second cloud infrastructure that is different from the first cloud
infrastructure, and so forth. The components of system 100 may be a combination
of hardware and programming for performing a designated visualization function.
In some instances, each component may include a processor and a memory, while
programming code is stored on that memory and executable by a processor to
perform a designated function.

18669] For example, the indexing module 104 is 8 combination of hardware and
programming to receive, via the processor, the incoming data stream 102 of data
objects, and reirieve neighbor lists for the received data objects. For example, the
indexing module 104 may include software programming o auiomatically refrieve
an updated hash-based index via the processor. Also, for example, the indexing
module 104 may include hardware to physically store, for example, the neighbor
lists. Also, for example, the indexing module 104 may include a combination of
hardware and software programming to dynamically interact with the other
components of systermn 100.

18676 Likewise, the evaluator 106 is a combination of hardware and programming.
For example, the evaluator 106 may include software programming instructions to
determine, via the processor, similarity measures betwsen pairs of the received
date objects. Also, for example, the evaluator 106 may include hardware o
physically store, for exampie, the determined similarity measures. The evalualor
106 may include a combination of hardware and software programming to
dynamically interact with the other components of system 100

18871] Also, for example, the threshold delermination module 108 is a combination
of hardware and programming. For example, the threshold determination module
108 may include software programming instructions {o delermine distributions of
order slatistics based on the delermined similarity measures and relrieved
neighbor lists. As another example, the threshold determination module 108 may
include software programming instructions to determine a threshold based on the
distributions of order statistics. In some examples, the threshold determination

module 108 may include software instructions 1o interact with a computing device
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to receive a miss rate, and to determing the threshold based on the miss rale. The
threshold determination module 108 may include a combination of hardware and
software programming to dynamically interact with the other components of system
100.

16672] Likewise, the neighbor update module 110 is a combination of hardware and
programming. For example, the neighbor update module 110 may include
software programming instructions to automatically select a sub-plurality of the
received data objecis by comparing the additional similarity measures o the
threshold. As another example, the neighbor update module 110 may include
software programming instructions {o determine, for each selected data object, if
the respective retrieved neighbor list is {o be incrementally updated based on
neighborhood comparisons for the new data object and the selecled data object.
The neighbor update module 110 may include a combination of hardware and
software programming to dynamically interact with the other components of system
100.

168731 Generally, as described herein, the components of system 100 may include
software programming and physical networks to be communicatively linked to other
components of system 100. In some instances, the components of system 100
may include a processor and a mermory, while programming code is siored and on
that memory and executable by a processor o perform designated funclions.
189741 A computing device, as used herein, may be, for example, a web-based
server, a local area network server, a cloud-based server, a notebook compuler, a
deskiop computer, an all-in-one system, a tablet computing device, a mobile
phone, an electronic book reader, or any other electronic device suitable for
provisioning a computing rescurce to perform a unified visuglization interface. The
computing device may include a processor and a computer-readable storage
medium,

[0875] Figure 5 is a block diagram lllustrating one example of a computer readable
medium for automatic selection of neighbor lists o be incrementaily updated.
Processing system 500 includes a processor 502, a computer readable medium

508, input devices 504, and output devices 506. Processor 502, computsr
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readable medium 508, input devices 504, and cutput devices 506 are coupled {o
each other through a communication link {(e.g., a bus).

18876] Processor 502 executes instructions included in the compuler readable
medium 508. Computer readable medium 508 includes neighbor list retrieval
instructions 510 to retrieve, via a processor, neighbor lists for received data objects
in an incoming data stream. In some exampies, the neighbor lisls are based on an
orthogonal transform based indexing of an incrementally updated neighbor graph.
188771 Computer readable medium 508 includes similarity measure determination
instructions 512 to determine, via the processor, similarity measures between pairs
of the received data objects.

[6678] Compuler readable medium 508 includes order statistics determination
instructions 514 o determing, via the processor, distributions of order statistics
based on the determined similarity measures and retrieved neighbor lists.

10679] Computer readable medium 508 includes threshoid determination
instructions 516 (o determine, via the processor, a threshold based on the
distributions of order statistics.

16086] Computer readable medium 508 includes additional similarity measures
determination instructions 518 to determine, via the processor, additional similarity
measures belween a new data object in the data stream and the received data
objects.

18881] Computer readable medium 508 includes threshold comparison instructions
520 to automatically select a sub-plurality of the received data objects by
comparing the additional similarity measures to the threshold.

166821 Computer readable medium 508 includes update determination instructions
522 to determine, for each selecled data object, if the respeclive retrieved neighbor
list is {o be updated based on neighborhood comparisons for the new data object
and the selected data object.

[0683] Computer readable meadium 508 includes neighbor lisl update instructions
524 1o update the retrieved neighbor list for the respective data object upon a
determination thal the neighbor list is to be updated.

[8684] In some examples, computer readable medium 508 includes instructions to

provide, via the processor to a computing device, an incrementally updated
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computer generaled visual rendition of the neighbor lists, wherein the visual
rendition is provided as the incoming data stream is received.

[8885] In some exampiles, computer readable medium 508 includes instructions to
maintain a database of neighbor lists associated with data objects in the incoming
data stream.

[0886] Input devices 504 include a kevboard, mouse, dala ports, and/or other
suitable devices for inputling information into processing system 500. In some
examples, input devices 504, such as a computing device, are used to raceive the
incoming data stream. in some examples, input devices 504 may be utilized to
receive the miss rate from a user via a computing device. Oulput devices 506
include a monitor, speakers, data ports, and/or other suilable devices for outputting
information from processing system 500, In some examples, ocutput devices 506
are used to provide the incrementially updated computer generated visual rendition
of the neighbor lists.

108871 As used herein, a “compuler readable medium” may be any electronic,
magnetic, oplical, or other physical storage apparatus o contain or slore
information such as executable instructions, data, and the like. For example, any
computer readable storage medium described herein may be any of Random
Access Memory (RAM), volatile memory, non-volatile memaory, flash memory, a
storage drive {e.g., 8 hard drive), a solid state drive, and the like, or 3 combination
thereof. For example, the computer readable medium 508 can include one of or
multiple different forms of memory including semiconductor memory devices such
as dynamic or static random access memaories (DRAMs or SRAMs), erasable and
programmable  read-only memories (EPROMs), electrically erasable and
programmabie read-only memories (EEPROMs) and flash memories; magnetic
disks such as fixed, floppy and removable disks; other magnetic media including
tape; oplical media such as compact disks {CDs) or digital video disks {DVDs); or
other types of slorage devices.

[0088] As described herein, various components of the processing system 500 are
identified and refer io a combination of hardware and programming configured o
perform a designated visualization function. As illustrated in Figure 5, the

programming may be processor execulable instructions stored on tangible
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computer readable medium 508, and the hardware may include processor 502 for
executing those instructions. Thus, computer readable medium 508 may store
program instructions thal, when execuled by processor 502, implement the various
componenis of the processing system 500.

186891 Such computer readable storage medium or media is {(are) considered to be
part of an article {(or article of manufaciure}. An article or article of manufacture
can refer 1o any manufactured single component or multiple components. The
storage medium or media can be localed either in the machine running the
machine-readable instructions, or located at a remotle site from which machine-
readable instructions can be downloaded over a network for execution.

16698] Computer readable medium 508 may be any of a number of memory
components capable of storing instructions that can be executed by Processor 502,
Computer readable medium 508 may be non-transitory in the sense that it does
not encompass a transitory signal but instead is made up of one or more memaory
components configured to store the relevant instructions. Computer readable
medium 508 may be implemented in a single device or distributed across devices.
Likewise, processor 502 represents any number of processors capable of
executing instructions stored by computer readable medium 508. Processor 502
may be integrated in a single device or distributed across devices.  Further,
cormputer readable medium 508 may be fully or partially integrated in the same
device as processor 502 {(as illusirated}, or it may be separate but accessible o
that device and processor 502, In some examples, computer readable medium
508 may be a machine-readable storage medium.

[6691] Figure © is a flow diagram illustraling one example of a method for automatic
selection of neighbor lisis to be incrementally updated. In some examples, such
an example method may be implemented by a system such as, for example,
system 100 of Figure 1.

[6692] Al 600, neighbor lists for received data objects in an incoming data stream
are refrieved via a processor.

160931 At 602, similarity measures belween pairs of the received data objects are

determined via the processor.
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10694] At 804, based on the determined similarity measures and retrieved neighbor
lists, distributions of order stalistics are determined via the processor.

[8095] At 6086, a threshold based on the distributions of order sistlistics is
determined via the processor. In some examples, the distributions of order
stalistics are based on a stalistical distribution. In some examples, the statistical
distribution is a Beta distribution.

108961 At 808, additional similarity measures between a new data object in the data
stream and the received data objects are determined via the processor. In soms
examples, the new data object is added o the list of received data objects. A
neighbor list for the new data object may be received at 600. Al 602, similarity
measures between pairs of the received data objects would include the additional
similarity measures. Accordingly, at 604, the order statistics would be based on
the additional similarity measures as well, and at 806, the threshold is updated to
incorporate the additional similarity measures. In some examples, the processor
may Heralively perform such an incremental, automalic updale of the order
statistics and the threshold based on each incoming data object in the incoming
data stream.

166971 At 610, a sub-plurality of the received data objects is automatically selected
by comparing the additional simitarity measures to the threshold.

16898] At 612, for each selected data object, it may be determined if the respective
retrieved neighbor list is {o be updated, based on neighborhood comparisons for
the new data object and the selected data object.

10699] At 614, an incrementaily updated visual rendition of neighbor lists for data
objects in the incoming data stream is generated via the processor.

168168} Figure 7 is a flow diagram illustrating one example of a method for
providing an incrementally updated computer generated visual rendition of
neighbor lists based on an automatic selection of neighbor lists to be incrementally
updated. In some examples, such an example method may be implemented by a
systemn such as, for exampie, system 100 of Figure 1.

1001611 At 700, neighbor lists for received dala objecis in an incoming data

stream are relrieved via a processor.
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06162} Al 702, similarity measures between pairs of the received datla
objects are determined via the processor.

183163} At 704, based on the determined similarity measures and retrieved
neighbor lists, distributions of order statistics are determined via the processor.
166164 At 708, a threshold based on the distributions of order statistics is
determined via the processor. In some examples, the distributions of order
stalistics are based on a stalistical distribution. In some examples, the siatistical
distribution is a Beta distribution.

[86165] Al 708, additional similarity measures between a new data object in
the data stream and the received data objects are determined via the processor.
In some examples, the new data object is added to the list of received data objects.
A neighbor list for the new data object may be received at 700, AL 702, similarity
measures befween pairs of the received data objects would include the additional
similarity measures. Accordingly, at 704, the order siatistics would be based on
the additional similarily measures as well, and at 706, the threshold is updaled to
incorporate the additional similarity measures. In some examples, the processor
may iteratively perform such an incremental, automatic update of the order
statistics and the threshold based on each incoming data object in the incoming
data stream.

160106} At 710, a sub-plurality of the received data objects is automatically
selected by comparing the additional similarity measures o the threshold.

1001671 At 712, for each selected data object, it may be determined if the
respective relrieved neighbor list is to be updated, based on neighborhood
comparisons for the new data object and the selected data object.

{60 168] At 714, an incrementally updated visual rendition of neighbor lists for
data obiects in the incoming data siream is generated via the processor.

166169} AL 716, the incrementally updated visual rendition of the neighbor lists
is provided via the processor {0 a compuling device, where the visual rendition is
provided as the incoming data stream is received,

168116} Figure 8 is a flow diagram iilusirating one example of a2 method for

updating a threshold for an automatic selection of neighbor lists to be incrementally
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updated. In some examples, such an example method may be implemented by a
system such as, for example, system 100 of Figure 1.

166111} At 800, neighbor lists for received data objects in an incoming data
stream are retrieved via a processor.

166112} At 802, similarity measures between pairs of the received data
objects are determined via the processor.

[66113] At 804, based on the determined similarity measures and retrieved
neighbor lists, distributions of order statislics are determined via the processor.
86114} At 808, a threshold based on the distributions of order statistics is
determined via the processor. In some examples, the distributions of order
statistics are based on a stalistical distribution. In some examples, the statistical
distribution is a Beta distribution.

180115) At 808, additional similarity measures between a new data object in
the data stream and the received data objects are determined via the processor.
In some examples, the new data object is added o the list of received data objects.
A neighbor list for the new datsa object may be received at 800, Al 802, similarity
measures belween pairs of the received data objects would include the additional
similarity measures. Accordingly, at 804, the order statistics would be based on
the additional similarily measures as well, and at 8086, the threshold is updaled to
incorporate the additional similarity measures. In some examples, the processor
may Heratively perform such an incremental, automatic update of the order
statistics and the threshold based on each incoming dala object in the incoming
data stream.

160116] At 810, a sub-plurality of the received data objects is automatically
selected by comparing the additional similarity measures o the threshold.

1801171 At 812, for each selected data object, it may be determined i the
respective relrieved neighbor list is to be updated, based on neighborhood
comparisons for the new data object and the selected data object.

[60118] At 814, an incrementally updated visual rendition of neighbor lists for
data objects in the incoming data siream is generated via the processor.

166119 At 816, the threshold is updated based on the additional similarity

measures. The updated threshold is ulilized to select a second sub-plurality of
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data objects for a second dala object received after the new data object. The
processor determines if the second daia object iz 1o be included in retrieved
neighbor lists for the second sub-plurality of dats objects.

1661281 Figure 8 is a flow diagram illustrating one example of a method for
mairdaining & database of neighbor lisis based on an automatic selection of
neighbor lists to be incrementally updated. In some examples, such an example
method may be implemented by a system such as, for example, system 100 of
Figure 1.

166121} At 800, neighbor lists for received data objects in an incoming data
stream are retrieved via a processor.

166122} Al 802, similarity measures between pairs of the received data
objects are delermined via the processor.

1601234 At 804, based on the determined similarity measures and retrieved
neighbor lists, distributions of order stalistics are determined via the processor.
(64124} Al 908, a threshold based on the distributions of order statistics is
determined via the processor. In some examples, the distributions of order
stalistics are based on a statistical distribulion. In some examples, the siatistical
distribution is 3 Beta distribution.

[80125] Al 908, additional similarity measures belween a new data object in
the data stream and the received data objects are delermined via the processor.
In some examples, the new data object is added to the list of received data objects.
A neighbor list for the new dala obiject may be received at 800. At 802, similarity
measures between pairs of the received data objects would include the additional
similarity measures. Accordingly, at 904, the order siatistics would be based on
the additional similarity measures as well, and at 808, the threshold is updated 1
incorporate the additional similarity measures. In some examples, the processor
may ieratively perform such an incremental, automalic update of the order
statistics and the threshold based on each incoming data object in the incoming
data stream.

106126} At 910, a sub-plurality of the received data objecis is automatically

selected by comparing the additional similarity measures to the threshold.
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184127} Al 912, for each selected data object, it may be determined if the
respective retrieved neighbor list is to be updaled, based on neighborhood
comparisons for the new data object and the selecied data object.

[00128] At 914, an incrementally updated visual rendition of neighbor lists for
data objects in the incoming data stream is generated via the processor.

(84129} Al 816, a database of neighbor lists associated with data objecis in
the incoming data stream is maintained,

166136} Examples of the disclosure provide a generaiized system for
automatic selection of neighbor lists to be incrementally updated. The generalized
system addresses business challenges of growing costs incurred in data storage,
analylic processing and data communications, when dala volumes are
disproportionately high compared fo utility in generaling valuable insight. The key
proposition is to identify a smaller number, m, of neighbor lists {as compared o a
relatively large number of data objects n in the kNN graph) that need to be checked
for a polential updale when each new dala object is received. The technigues
described herein are data driven since the determined distances, distributions of
order statistics, threshold, efc. are updated with each incoming new data object.
Accordingly, the system maintains an approximate nearest neighbor list of size &
for each previously received data object after the arrival of every new data object
in an incoming data stream, without directly computing the similarity/similarity
measure between any pairs of data cohjects. This is generally achieved by
maintaining an incrementally updated index, and dynamically updated ranked
neighbor lists of neighbors for each data object. Since the threshold is based on a
miss rate, the technigues provide a probabilistic model for accuracy-efficiency
tradeotf.

1981314 Although specific examples have been illusirated and described
herein, a variety of alternate and/or equivalent implementations may be substituted
for the specific examples shown and described without departing from the scope
of the present disclosure. This application is intended to cover any adaptations or

variations of the specific examples discussed herein.
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CLAIMS

1. A system comprising:
an indexing module o receive, via a processor, an incoming data stream of
data objects, and retrieve neighbor lists for the received data objects;
an evaluator to delermineg, via the processor, similarity measures belween
pairs of the received data objects;
a threshold determination module (o
determine distributions of order stalistics based on the determined
similarity measures and retrieved neighbor lists, and
determine a threshold based on the distributions of order siatistics;
and wherein the evaluator is (o delermine additional similarity measures
between a new data object in the data stream and the received data objects; and
a neighbor update module to:
automatically select a sub-plurality of the received data objecis by
comparing the additional similarity measures to the threshold, and
determine, for each selected data object, If the respective retrieved
neighbor list is o be incrementally updated based on neighborhood

comparisons for the new data object and the selecled data object.

2. The system of claim 1, whersin the neighbor update module is
provide, via the processor to a computing device, an incrementally updated
computer generated visual rendition of neighbor lists for data objects in the

incoming data stream.

3. The system of claim 1, wherein the neighbor lists are based on an

orthogonal transform based indexing of an incrementally updated neighbor graph.

4. The system of claim 1, wherein the distributions of order statistics are

based on a siatistical distribution.

5. The system of claim 4, wherein the statistical distribution is a Bela

distribution.
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6. The sysiem of claim 1, wherein the threshold determination module
is {o update the threshold based on the additional similarity measures, and wherein
the neighbor update module is {o utilize the updated threshold to determine if a
second data objedt, received after the new data object, is to be included in refrieved

neighbor lists for a second sub-plurality of data objecis.

7. The system of claim 1, wherein the threshold is adjusted basedon a
miss rate, wherein the miss rate is indicative of a margin of error in updating a

neighbor list for a received data object when the new data object is received.

8. A method comprising:

refrieving, via a processor, neighbor lists for received data objects in an
incoming data stream;

determining, via the processor, similarity measures between pairs of the
received data objects;

determining, via the processor, distributions of order statistics based on the
determined similarity measures and retrieved neighbor lists;

determining, via the processor, a threshold based on the distributions of
order statistics;

determining, via the processor, additional similarity measures belween a
new data object in the data stream and the received data objects;

automatically selecting a sub-plurality of the received data objects by
comparing the additional similarity measures to the threshold;

determining, for each selecled data object, T the respective relrieved
neighbor list i3 to be updated based on neighborhood comparisons for the new
data object and the selected data object; and

generating, via the processor, an incrementally updated visual rendition of

neighbor lists for data objects in the incoming data stream.

8. The method of claim 8, comprising providing, via the processorto a
computing device, the incrementally updated visual rendition of the neighbor lists,

wherein the visual rendition is provided as the incoming data stream is received.
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10.  The method of claim 8, wherein the neighbor lists are based on an

orthogonal transform based indexing of an incrementally updated neighbor graph.

11, The method of claim 8, comprising:

updating the threshold based on the additional similarity measures;

utilizing the updated threshold o select a second sub-plurality of data
objects for a second dala object received after the new data obiect; and

determining if the second data object is to be included in retrieved neighbor

lists for the second sub-plurality of dala objects.

12. The method of claim 8, comprising mainifaining a database of

neighbor lists associated with data objects in the incoming data stream.

13. A non-transitory computer readable medium comprising executable
instructions to:

refrieve, via a processor, neighbor lists for received data objects in an
incoming data stream;

determine, via the processor, similarity measures belween pairs of the
received data objects;

determing, via the processor, distributions of order statistics based on the
determined similarity measures and relrieved neighbor lists;

determine, via the processor, a threshold based on the distributions of order
statistics;

determine, via the processor, additional similarily measures between a new
data object in the datla stream and the received data objects;

automatically select a sub-plurality of the received data objects by
cormnparing the additional similarity measures to the threshold,;

determine, for each selected data objed!, if the respective refrieved neighbor
list is {o be updated based on neighborhood comparisons for the new data object
and the selected data object; and

update the retrieved neighbor list for the respective data object upon a

determination that the neighbor list is to be updated.
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14,  The non-transitory computer readable medium of claim 13, wherein
the neighbor lists are based on an orthogonal transform based indexing of an

incrementaily updated neighbor graph.

15,  The non-transitory computer readable medium of claim 13,
comprising instructions o provide, via the processor to a computing device, an
incrementaily updated computer generated visual rendilion of the neighbor lists,

wherein the visual rendition is provided as the incoming data stream is received.
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