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(57) Abstract: Incremental update of a neighbor graph via an orthogonal transform based indexing is disclosed. One example is a
system including a hash transform module to apply an orthogonal transform to a data object in a data stream, and to associate the
data object with a collection of ordered hash positions. An indexing module retrieves an index of ordered key positions, where each
key position is indicative of data objects in the data stream that have a hash position at the key position. A neighbor determination
module determines a ranked collection of neighbors for the data object in a neighbor graph, where the ranking is based on the index.
A graph update module incrementally updates the neighbor graph by including the data object as a neighbor for a selected sub-plur -
ality of data objects in the ranked collection.
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INCREMENTAL UPDATE OF A NEIGHBOR GRAPH VIA
AN ORTHOGONAL TRANSFORM BASED INDEXING

Background
16061} Big data is dala that generally exceeds the processing capacily of
conventional systems. Methods for analyzing big data are of great inferest in many
applications, including similarity search, collaborative filtering, data compression,
retrieval, clustering, and classification. Graphs may be usedto represent data. For
axample, a nearest neighbor graph may connect each data object to data obhjecis

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

Brief Description of the Drawings
16662] Figure 1 is a functional block diagram illustrating one example of a system
for incremental update of a neighbor graph via an orthogonal transform based
indexing.
10663} Figure 2 is a block diagram lllustrating one example of a computer readable
medium for incremental update of a neighbor graph via an orthogonal transform
based indexing.
108064} Figure 3 is a flow diagram illustrating one example of a method for
incremental update of a neighbor graph via an orthogonal transform based
indexing.
16865] Figure 4 is a flow diagram illustrating one example of a method for providing
an incremential update of a2 neighbor graph via an orthogonal transform based
indexing.
10606} Figure § is a flow diagram illusirating one example of a method for
maintaining a database of ranked collections for an incremental update of a
neighbor graph via an orthogonal transform based indexing.
19867} Figure © is a flow diagram illusirating one example of a method an index for
an incremental update of a neighbor graph via an orthogonal transform based

indexing.
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Detailed Description
16068] 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.
166069 A kNN graph may help represent and analyze large volumes of data by
revealing nearest matches (o any dala object. kNN graphs are exiensively used in
areas such as machine leaming, data mining, compuler vision and image
processing.  Applications that utilize kNN graphs include but are not limited o
similarity search, collaborative filtering, data compression, retrieval, clustering, and
classification. For example, large Enterprise data warehousing applications may
use collaborative fillering to sort and/or search content relevant o 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, Tor example, a security firm may use nearest neighbor matches to identify
known persons from live video feeds.
16818} Generally, the challenge of these applications is fo maintain performance
efficiency as data grows. In some examples, the data may be large volumes of
rapidiy streaming data, adding to the challenge of maintaining both speed and
gfficiency. 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.
10611} Nearest neighbor graph constructions generally use various methods such
as recursive Lanczos bisection, Morton ordering, or local search. Generally, such
approaches construct the nearest neighbor graph by comparing data objects
directly. Approximale algorithms 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



WO 2017/065795 PCT/US2015/055883

data streams. Some hash-based iechnigues may be used to update the kNN
graph, but these hashing techniques often display anomalies due to a distance
metric distortion.

19812} Accordingly, there is a need for a KNN graph construction and updating
process that may compuie and update nearest neighbors in an efficient manner,
especially for high velocity, high volume data sireams. As described herein, an
orthogonal fransform based indexing systern may be used to 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 afler a new
data object is inserled inlo the kNN graph. Such a system is well-adapted for
streaming data scenarios and scales well with high-dimensional data as well.
18813] As described in various examples herein, incremental update of a neighbor
graph via an orthogona!l transform based indexing is disclosed. One example is a
system including a hash transform module to apply an orthogonal transform o a
data object in a data stream, and to associate the dala object with a collection of
ordered hash positions. An indexing module retrieves an index of ordered key
pasitions, where each key position is indicative of data objects in the dala stream
that have a hash position at the key position. A neighbor determination module
determines a ranked collection of neighbors for the data object in a neighbor graph,
where the ranking is based on the index. A graph update module incrementally
updates the neighbor graph by including the data object as a neighbor for a
selected sub-plurality of data objects in the ranked collection, where the selection
is based on neighborhood comparisons for the data object and data objects in the
ranked collection. Such an incremental construction and update of the kNN graph
of the data stream may be performed without directly computing a
similarity/distance between pairs of data objects.

16614] In the following detailed description, reference is made to the accompanying
drawings which form a parl hereoi, and in which is shown by way of llustration
specific examples in which the disclosure may be pracliced. 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
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present disclosure is defined by the appended claims. i is to be understood that
features of the various examples described herein may be combined, in parl or
whole, with each other, unless specifically noted otherwise.

19815} Figure 1 is a functional block diagram illusiraling one example of a system
100 for incremental update of a neighbor graph via an orthogonal transform based
indexing. Systern 100 includes a hash transform module 104, an indexing module
106, a neighborhood determination module 108, and a graph update module 110.
The hash lransform module 104 may apply, via a processor, an orthogonal
transform to a data object in an incoming data stream 102, and may associate the
data object with a subset of U ordered hash positions.

[6616] A flow rate f for the incoming data stream 102, say S, may be measured as
data objects received per second. In other words, every second, f number of data
objects arrive via incoming data stream . Accordingly, hash transforms may
generally be associated at a similar rate. As described herein, hash transform
module 104 may take the data object {e.g. a numerical N-dimensional vector) in
the incoming data stream 102, and may associate the data ohject with a subset of
I 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 to provide a representation of the data
object. Such a hash representation may be ulilized for efficient comparisons
between pairs of data objects. Generally, U may be a power of 2. For example,
ong instance may be H = 100, N = 8000, and U = 28, The H hashes may be based
on largest H coefficients provided by the orthogonal transform. Accordingly, an N-
dimensional object may be projected onto a lower H-dimensional object.

13817 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, Uis a power of

2. The elements of system 100 may be implemenied, for example, in software.
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10618} in some examples, the orthogonal transform may be a Walsh-Hadamard
transtorm ("WHT"). A WHT is an orthogonal, non-sinuscidal 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.
Genergily, performing an orthogonal transform on the incoming data stream 102
provides a sel of ceefficients associated with the incoming data stream 102, For
axample, after application of the Walsh-Hadamard transform to the data object, the
hash transform maodule 104 may provide a collection of coefficients ¢y, ¢., ..., 0.
Alternative forms of orthogonal transforms may be utiiized as well. For example, a
cosine transform may be utilized.

[0019] In some examples, the H largest coeflicients, ¢, ¢,,...,¢,, may be
selected as the subset of hashes associated with the data object, say A. Table 1

flustrates 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

198281 Systermn 100 includes the indexing module 106 to retrieve, via the processor,
an index of U ordered key positions, where sach key position is indicative of
received dala objecis of the incoming dala stream 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 objects A, B, and C, based on sets of H = 5 hashes in Table
1:

1121314151678 8110111112113 |14 11516
A A A A A
BiBIB 8 B
C C cCicC C
Table 2

166211 As illustrated, ordered key positions 1 and 5 are indicative of received data
objects A and C since these data objects have hashes at the hash positions 1 and

5, as illustrated in Table 1. Likewise, ordered key position 13 is indicative of
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received data objecis A and B since these data objects have hashes at the hash
position 13, as illustrated in Table 1.

16822] In some examples, the indexing module 106 may update the index by
inserting, via the processor, a unigue identifier associated with the daia object into
esach key position of the index that corresponds 1o a hash position for the dala
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 106 may
have updated the index by inserting unigue identifiers associated with the data
object A. For example, the data object A may have hashes at hash positions 1, 5,
9,13, and 10, as illustrated in Table 1. Accordingly, the indexing module 106 may
update the index by inserting unique identifiers associated with the data object A
at key positions 1, 5, 8, 13, and 18, as dlustrated in Table 2.

18823] A similarity measure between two data objects may be determined based
on a number of common hashes. This provides an approximale measure of
nearest neighbors. An approximate nearest neighbor (ANN") search may then be
performed. For example, a received data object may be mapped to a set of
hashes, and this sel of hashes may be ulilized o 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 respective sels of hashes, and is
indicative of proximity of the pair of dala objects. Table 3 illustrates an example
determination of similarity measures for pairs formed from the dala objects A, B,
and C:

Data Object Pair Similarity Measure: S{X,Y)
(X,Y}
{AB) S{ABI =1
(AC) SALC)=2
(8.5 S(B,Cy=1
Table 3

10024} As Hllustrated in Table 2, the data objecis A and B have Key position 13 in
commaon in their respective sets of hashes. Accordingly, the similarity measure for
the pair (A B}, denoted as S(A,B)} may be determined o be 1. Also, for example,

as ilustrated in Table 2, the data objects A and C have key positions 1 and 5 in
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comman 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 ancther example,
as illustrated in Table £, the data objects B and © have key position 7 in commaon
in their respective sets of hashes. Accordingly, the similarity measure for the pair
{B,C), denoted as 5{8B,C) may be determined to be 1.

[0625] System 100 includes the neighborhood determination module 108 to
determine, via the processor, a ranked collection of neighbors for the data object
in & neighbor graph, where the ranking is based on the index. A neighbor graph,
such as a kNN graph for stream §, is a time-varying direcied graph where each
vertex {representing an object} is connected to similar vertices. in some examples,
each vertex may be connected to its top-k maost similar vertices via a direcled 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 f, this may generally involve f updates per second. As described
herein, in some examples, an approximate nearest neighbor list of k 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 siream 102.
18926] Generally, when a new data object arrives {say n-th dala object}, a naive

approach may be to update all previous {n-71) lists for the (n-7) data objects

(n-1)
2

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

updates or 9(n*) complexity for updating the kNN gragh. This estimate does not
take info account the time taken to refrieve the nearest neighbors.

189271 In some examples, the indexing maodule 106 may maintain a dalabase of
ranked collections associated with data objects in the incoming data stream. 102,
In some examples, the ranked colleclion of neighbors for the data object may
comprise top &k nearest neighbors {e.g., based on the similarily measure)
determined based on a count of overlapping hash positions in the updated index.
In some examples, the ranked collection of neighbors for the data object may
comprise a predetermined number of neighbors. In some examples, the ranked
collection of neighbors for the data object may comprise neighbors that are
approximately close to the data object.  For example, neighbors may be

determined {o be ones that have similarity measures in the range 3 o 5. An
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gxample Hlustration of the ranked collection is described herein with respectio a
next data object.

[6028] In some examples, the hash transform module 104 may apply a hash
transform o the next data object, where the next data object is received after the
data object, and the neighbor determination moduie 108 may determine a new
ranked collection of neighbors for the next data object based on the updaled index.
For example, the next data object Q may be received after the data object A, which,
in turn, may be received after the received data objects B and C. The hash
transform module 104 may associate the next data object Q with a subset of U
ordered hash positions, say {1,5,7, 9, 13}. Table 4 illustrates an example updated
index with U = 24 key positions {1, 2, ..., 16} with data objects A, B, C, and &

112314 85167 {8 1911011112113 14|15 |16
A A A A A
BiBiB B B
C C CiC C
Q Q Q Q Q
Table 4

166281 Table 5 illustrates an example list of terms associated with the next data

object Q illustrated in Table 4, and the corresponding similarity measures.

11516 17 19 | 10113 | Similarity Measures
A LA A A TSIQAI=4
B B 1SQBj=2
CIC C S(Q,C) =3
Table §

16638] As Hlustrated, the set of hashes associated with the guery term Q may be
compared with the indexed data objects ilustrated in Table 2. Based on such a
comparison, index position 1 is indicative of a hash position associated with Q and
index position 1 is also indicative of hash positions associated with data ohjects A
and C. Also, for example, index position 5 is indicative of a hash position
associated with Q, and index posilion 5 is also indicative of hash positions
associated with data objects A and C. As ancther example, index posilion 13 is
indicative of a hash position associated with Q, and index position 13 is also

indicative of hash positions associated with data objects A and B. A frequency of



WO 2017/065795 PCT/US2015/055883

occurrence for A may be determined to be 4. This is also the similarity measure
for the pair Q and A. A Trequency of occurrence for B may be determined o be 2.
This is also the similarity measure for the pair Q and B. Afregquency of cccurrence
for C may be determined {o be 3. This is also the similarity measure for the pair Q
and C.

10831} As described herein, the neighbor delermination module 108 may delermine
a new ranked collection of neighbors for the next data object based on the updated
index {e.g., as illustrated in Table 4. For example, based on a similarity measure
of the next data object with each data object, the neighbor delermination module
108 may delermine a new ranked collection of neighbors for the next data object.
Based on the example lliustraied in Table §, the new ranked collection of neighbors
for the next data object O may be determined to be A, C, and B.

108321 Systern 100 inciudes the graph update module 110 to incrementally updale
the neighbor graph via the processor, by including the dala object as a neighbor
for a selected sub-plurality of data objects in the ranked collection, where the
selection is based on neighborhood comparisons for the data object and data
objects in the ranked coliection. The term “incremental update”, as used herein,
generally refers {0 an iterative update of the neighbor graph as data objects arrive.
As described herein, such an incremenial 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-collection of these received dala objects may be
selected for an incremental update, the neighbor graph may be updated {o refiect
a change in neighborhoods for the selected data objects.

189331 In some examples, the neighborhood comparisons may be based on
comparisons between the ranked collection of neighbors for the data object and
additional ranked collections of neighbors for data objects in the ranked collection.
For example, when a data objectx is received by system 100, the nesighbor
determination module 108 may determine a ranked collection B{x) associated with
the data object x. In some examples, a colleclion of lop-m most similar data objecis
{e.g., highest similarity measures with respect io the data object x} may be selected

from ranked collection B(x), say xy, x,, ... Xy, In some examples, each of these
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data objects may be associated with respective additional ranked collections,
B{x), B{xy}, ... B{x,).

[6834] In some examples, the additional ranked collection B{x,) corresponding to
the data object x, may comprise neighbor x,., X2, ..., X1, Where xy, is closest to
x;, and x;, is the k-th furthest away from x, A notion of distance-based terms
“close” and “further”, as used herein, may be defined guantitatively with respect (o,
for example, the similarity measures determined herein. For example, two data
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).

186357 Accordingly, the graph update module 110 may compare the distance from
x; {0 the data object in B(x,) that is furthest away from x4, for example, x, with
the distance from x; o x. if the distance from x, to x is less than the distance from
x; 10 x4, then the graph update module 110 may incrementally update the
neighbor graph to include x in the ranked collection B{x,} corresponding to the
data object x;, and add x as a neighbor for x;. In some examples, the graph update
module 110 may perform such a comparison for each data object in B{x).
Accordingly, an updated ranked collection may be determined for x,.

16636] In some examples, the graph update module 110 may repeat, concurrently,
and/or iteratively, the process described with reference {o B (x;) for each of the top-
m data objects xq, x,, ..., Xy, 0 the ranked collection B(x) associated with the data
object x. The number of neighbor comparisons may be further reduced by using a
search algorithm {e.g., 8 binary search) and/or an efficient data siructure 1o store
the neighbor graph, the index, and/or the ranked colleclions for each data object.
106371 A critical parameter for the process, as described herein, is the parameter
m, corresponding to the top-m data objecis x,, x,, ..., %, in the ranked collection
B{x). In some examples, a value for the parameter m may be determined by
experimenting with an accuracy of incremental update of neighbor graphs

determined based on different values of the parameter m.
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10638] As described herein, the incremental update process does not compute
distances andfor similarity measures between every possible pairs of potential
andfor actual neighbors. In terms of computational complexity based on a number
of operations performed, the complexity of this incremental update process may
be approximately determined as 9(mn), as compared to a complexity of 9(n*) to
update the entire KNN graph. Generally, a cost of a single operation may be less
gxpensive than existing approaches that directly compare all or a subset of the
data points. The process described herein does not depend on a dimensionality
of x, thereby enhancing run-time efficiencies.

16039] In some exampies, the graph update module 110 may provide, via the
processor o 8 computing device, an incrementally updated computer generated
visual rendition of the neighbor graph for the incoming data stream 102, For
example, as each data object is received by system 100 and processed as
described herein, the graph update module 110 may retrieve the updated ranked
collections, and display the data objects in the neighbor graph by adding nodes for
the data objects, and by adding vertices between data objects o indicate updated
neighbor relations belween data obiects. For example, when the data object x is
added to the ranked collection B{xy) for xy via removal of a previous neighbor xy,
the graph update module 110 may generate an incrementally updated visual
rendition of the neighbor graph by adding a node representing x (o the neighbor
graph, and by adding an edge between x and x,, indicative of an addition of x as
a neighbor for x;. Also, for example, the graph 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,.
198481 The components of system 100 may be compuling resources, each
including a suitable combination of a physical compuling device, a virtual
compuling device, a nelwork, software, a cloud infrastructure, a hybrid cloud
infrastructure that may include a first cloud infrastructure and a second cloud
infrastructure thatl 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 2 designated visualization function. In some instances, each

component may include a processor and a memaory, while programming code is
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stored on that memaory and executable by a processor {o perform a designaled
function.

[8841] For example, the hash transform module 104 is a combination of hardware
and programming to apply the orthogonal transform to the data objects in the
incoming data stream 102 via the processor. Also, for exampie, the hash transform
module 104 may include software programming to generate the hash positions for
the data objects, and may be communicatively linked to a hardware storage server,
and/or a cloud server o store the hash positions for the data objects.

106427 Likewise, the indexing module 106 is a combination of hardware and
programming to retrieve, via the processor, the index of U ardered key positions.
For example, the indexing module 108 may include software programming to
automatically updaie the index by inserting, via the processor, unigue identifiers
associated with each data object into each key positions of the index that
correspond 1o hash positions for the data object. Also, for example, the indexing
module 106 may include hardware to physically slore, for example, the updated
index. Also, for example, the indexing module 106 may include a combination of
hardware and software programming to dynamically interact with the other
components of systern 100.

186437 In like manner, the neighborhood determination module 108 is a
combination of hardware and programming. For exampie, the neighborhood
determination module 108 may include software programming instructions fo
determine the ranked collections of neighbors for the data objects. Also, for
example, the neighborhood determination module 108 may include hardware {o
physically store, for example, the ranked collections. The neighborhood
determination module 108 may include a combination of hardware and software
programming to dynamically interact with the other components of systemn 100,
10844} Also, for example, the graph update module 110 is & combination of
hardware and programming. For example, the graph update module 110 may
include software programming instructions to update the neighbor graph, and may
include hardware o physically store, for example, the updated neighbor graph. As
another example, the graph update module 110 may include software

programiming  instructions to generate an incrementally updated computer
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generated visual rendition of the neighbor graph, and may incilude hardware o
physically display the visual rendition of the neighbor graph. The graph update
module 110 may include a combination of hardware and software programming o
dynamically interact with the other components of system 100,

18045] Generally, as described herein, the components of system 100 may include
software programming and physical networks to be communicatively linked (o other
components of system 100. In some instances, the components of systemn 100
may include a processor and a memory, while programming code is stored and on
that memory and executable by a processor to perform designated functions.
[0846] 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 computer, 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 resource to perform a unified visualization interface. The
computing device may include a processor and a compuler-readable storage
medium.

16847] Figure 2 is a block diagram illustrating one example of a computer readable
medium for incremental update of a neighbor graph via an orthogonal transform
based indexing. Processing system 200 includes a processor 202, a computer
readable medium 208, input devices 204, and output devices 206. Processor 202,
computer readable medium 208, input devices 204, and outpul devices 206 are
coupled to each other through a communication link {e.g., a bus).

10648] Processor 202 executes instructions included in the computer readable
medium 208. Computler readable medium 208 includes orthogonal transform
application instructions 210 to apply, via a processor, an orthogonal ransform o a
data object in an incoming data stream 102, and associating the data object with a
subset of U ordered hash positions.

10649] Computer readable medium 208 includes index retrieval instructions 212 to
retrieve, via the processor, an index of U ordered key positions, wherein each key
position is indicative of received data objects of the incoming data stream 102 that

have a hash position at the key position.
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10656] Computer readable medium 208 includes index update instructions 214 to
update the index by inserting, via the processor, a unigue identifier associated with
the data object into each key position of the index that corresponds o a hash
position for the data object.

[8651] Computer readable medium 208 includes ranked collection determination
instructions 216 to determine, via the processor, a ranked collection of neighbors
for the data object in a neighbor graph, wherein the ranking is based on the updated
index.

166521 Computer readable medium 208 includes graph update instructions 218 to
incrementaily updale the neighbor graph via the processor, by including the data
object as a neighbor for a selected sub-plurality of data objects in the ranked
collection, wherein the selection is based on neighborhood comparisons for the
data obiect and data objects in the ranked collection.

10653] Computer readable medium 208 includes graph rendition instructions 220
to provide, via the processor 10 a computing device, an incrementally updaled
cormputer generated visual rendition of the neighbor graph for the incoming data
stream 102.

[8654] In some examples, computer readable medium 208 includes instructions to
maintain an incrementally updated database of ranked collections of neighbors for
data objects in the incoming data stream 102.

189585] Input devices 204 include a kevboard, mouse, data ports, and/or other
suifable devices for inputling information into processing system 200, In some
gxamples, input devices 204, such as a computing device, are used 1o receive the
incoming data stream 102. Ouiput devices 206 include a moniior, speakers, data
ports, andfor other suitable devices for outputting information from processing
system 200. In some examples, outpul devices 200 are used io provide the
incrementally updated computer generated visual rendition of the neighbor graph
for the incoming data stream 102,

[6856] As used herein, a "computer readable medium” may be any elecironic,
magnetic, oplical, or other physical storage apparalus (o conlain or store
information such as executable instructions, data, and the like. For example, any

computer readable storage medium described herein may be any of Random
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Access Memory (RAM), volatiie memory, non-volatile memory, flash memory, a
storage drive (e.g., a hard drive}, a solid state drive, and the like, or a combination
thereof. For example, the computer readable medium 208 can inciude one of or
multiple different forms of memory including semiconductor memory devices such
as dynamic or static random access memories (DRAMs or SRAMs), erasable and
programmabie  read-only memories (EPROMs), electrically erasable and
programmable read-only memories (EEPROMs) and flash memories; magnelic
disks such as fixed, floppy and removable disks; other magnetic media including
tape; optical media such as compact disks (CDs) or digital video disks (DVDs); or
other types of slorage devices.

16657 As described herein, various componenis of the processing system 200 are
identified and refer io a combination of hardware and programming configured to
perform a designated visualization function.  As Hiustrated in Figure 2, the
programming may be processor execulable instructions stored on tangible
computer readable medium 208, and the hardware may include processor 202 for
axecuting those instructions. Thus, computer readable medium 208 may store
program instructions thal, when execuled by processor 202, implement the various
components of the processing system 200.

[0858] Such computer readable storage medium or media is (are) considered to be
part of an article {or article of manufacture). An arlicle or article of manufacture
can refer to 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 remote site from which machine-
readable instructions can be downloaded over a network for execution.

1685898] Computer readable medium 208 may be any of a number of memory
componenis capable of sloring instructions that can be executed by Processor 202,
Computer readable medium 208 may be non-transitory in the sense that it does
not encompass a ransifory signal but instead is made up of one or more memaory
cormponents configured fo store the relevant instructions. Computer readable
medium 208 may be implemented in a single device or distributed across devices.
Likewise, processor 202 represenis any number of processors capsble of

executing instructions stored by computer readable medium 208. Frocessor 202
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may be integrated in a single device or distributed across devices. Further,
computer readable medium 208 may be fully or partially integrated in the same
device as processor 202 {(as illusirated}, or it may be separate but accessible o
that device and processor 202. In some exampies, computer readable medium
208 may be a machine-readable storage medium.

[0868] Figure 3 is a flow diagram illusirating one example of a method for
incremental update of a neighbor graph via an orthogonal fransform based
indexing. In some examples, such an example method may be implemented by a
system such as, for exampie, system 100 of Figure 1.

[0861] At 300, an incoming data stream 102 comprising data objects is received
via a processor.

189621 At 302, an orthogonal transform is applied to a data object in the incoming
data stream 102,

186631 At 304, the dala object is associated with a subset of U ordered hash
positions.

[0864] At 306, an index of U ordered key positions is relrieved via the processor,
where each key position is indicative of received data objects of the incoming data
stream 102 that have a hash position at the key position.

198651 At 308, a ranked collection of neighbors is determined for the data object in
a neighbor graph, wherein the ranking is based on the index.

[0866] At 310, the neighbor graph is incrementally updated via the processor, by
including the data object as a neighbor for a selected sub-plurality of data objecis
in the ranked collection, where the selection is based on neighborhood
comparisons for the data object and data obiects in the ranked collection.

108671 At 312, an incrementally updated visual rendition of the neighbor graph is
generated for the incoming data stream 102.

18968] Figure 4 is a flow diagram illustrating one example of a method for providing
an incremenial update of a neighbor graph via an orthogonal transform based
indexing.

[6869] Al 400, an incoming data stream 102 comprising data objects is received

via & processor.
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10678] AL 402, an orthogonal transform is applied o a data object in the incoming
data stream 102.

108711 At 404, the dala object is associated with a subset of U ordered hash
positions.

160721 At 408, an index of U/ ordered key positions is retrieved via the processor,
where each key position is indicative of received data objects of the incoming data
stream 102 that have a hash position al the key position.

108731 At 408, a ranked collection of neighbors is determined for the data object in
a neighbor graph, wherein the ranking is based on the index.

160741 At 410, the neighbor graph is incrementally updated via the processor, by
including the data object as a neighbor for a selected sub-plurality of data objecis
in the ranked collection, where the selection is based on neighborhood
comparisons for the data object and data objeclts in the ranked collection.

[878] At 412, an incrementally updated visual rendition of the neighbor graph is
generated for the incoming data stream 102.

[8676] Al 414, the incrementally updated visual rendition of the neighbor graph is
provided to a compuling device via the processor, where the visual rendition is
provided as the incoming data stream is received.

19877 Figure 5 is a flow diagram illustrating one example of a method for
mairtaining & dalabase of ranked collections for an incremental update of a
neighbor graph via an orthogonatl transform based indexing.

[6878] At 500, an incoming data stream 102 comprising data objects is received
via a processor.

198791 At 502, an orthogonal transform is applied to a data object in the incoming
data stream 102,

16088] At 504, the dala object is associated with a subset of U ordered hash
positions.

160811 At 506, an index of I/ ordered key positions is retrieved via the processor,
where each key position is indicative of received data objects of the incoming data
stream 102 that have a hash position at the key position.

0682 At 508, a ranked collection of neighbors is determined for the data chject in

a neighbor graph, wherein the ranking is based on the index.
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[0683] At 514, the neighbor graph is incrementally updated via the processor, by
including the data object as a neighbor for a selected sub-plurality of data objecis
in the ranked collection, where the selection is based on neighborhood
comparisons for the data object and data obiects in the ranked collection.

10684] At 512, an incrementally updated visual rendition of the neighbor graph is
generated for the incoming data stream 102.

100851 At 514, a database of ranked collections associated with data objects in the
incoming data stream 102 is maintained.

16686} Figure 6 is a flow diagram illustrating one example of a method an index for
an incremental update of a neighbor graph via an orthogonal transform based
indexing.

189871 At 600, an incoming data stream 102 comprising data objects is received
via a processor.

10688 At 602, an orthogonal transform is applied to a data object in the incoming
data stream 102.

1060881 At 604, the dala object is associated with a subset of U ordered hash
positions.

160961 At 808, an index of U/ ordered key positions is retrieved via the processor,
where each key position is indicative of received data objects of the incoming data
stream 102 that have a hash position at the key position.

[0891] At 808, a ranked collection of neighbors is determined for the data object in
a neighbor graph, wherein the ranking is based on the index.

160921 At 810, the neighbor graph is incrementally updated via the processor, by
including the data object as a neighbor for a selected sub-plurality of data objects
in the ranked collection, where the selection is based on neighborhood
comparisons for the data object and data objecis in the ranked collection.

13893] At 612, an incrementally updated visual rendition of the neighbor graph is
generated for the incoming data stream 102.

[0694] At 614, the index is updated by inserting, via the processor, a8 unigue
identifier associated with the data object into each key position of the index that

corresponds to a hash position for the data object.
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16695] Examples of the disclosure provide a generalized system for incremental
update of a neighbor graph via an orthogonal transform based indexing. The
generalized system addresses business challenges of growing costs incurred in
data storage, analytic processing and data communications, when data volumes
are disproportionately high compared to ytility in generaling valuable insight. The
key proposition is 1o keep an approximate nearest neighbor list of size k for each
previously received data object after the arrival of every new dala object in an
incoming data stream, without directly compuling the similarity/distance between
any pairs of dats objects. This is generally achieved by maintaining an
incrementaily updated index, and dynamically updaled ranked collections of
neighbors for each data object.

180961 Although specific examples have been illustrated and described herein, a
variety of alternate and/or equivaient 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. Therefore, it is intended that

this disclosure be limited only by the claims and the equivalents thereof.
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CLAIMS

1. A system comprising:

a hash transform module (o apply, via a processor, an orthogonal transform
to a data object in an incoming data stream, and o associate the data object with
a subsel of U ordered hash positions;

an indexing module to retrieve, via the processor, an index of U ordered key
positions, wherein each key position is indicative of received dala objects of the
incoming data stream that have a hash position at the key position;

a neighbor determination module to determine, via the processor, a ranked
collection of neighbors for the data object in a neighbor graph, wherein the ranking
is based on the index; and

a graph update module to incrementally update the neighbor graph via the
processor, by including the data object as a neighbor for a selected sub-plurality of
data objects in the ranked collection, wherein the selection is based on
neighborhood comparisons for the data object and data objects in the ranked

collection.

2. The system of claim 1, wherein the graph updaie module is o
provide, via the processor to a computing device, an incrementally updated
computer generated visual rendition of the neighbor graph for the incoming data

stream.

3. The system of claim 1, wherein the neighborhood comparisons are
based on comparisons between the ranked collection of neighbors for the data
object and additional ranked collections of neighbors for data objects in the ranked

collection.

4. The system of claim 1, wherein the indexing module is to maintain a
database of ranked colleclions associated with data objects in the incoming data

stream.
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5. The system of claim 1, wherein the indexing module is to update the
index by inserting, via the processor, a unique identifier associaled with the data
object into each key position of the index that corresponds 1o a hash position for

the data object.

6. The system of claim §, wherein the ranked collection of neighbors for
the data object comprises top k nearest neighbors determined based on a count of

overlapping hash positions in the updated index.

7. The system of claim &, wherein the hash transform module is (o apply
a hash transiform to a next data object, wherein the next dala object is received
after the data object, and the neighbor determination module is to determine a new

ranked collection of neighbors for the next data object based on the updated index.

8. A method comprising:

receiving, via a processor, an incoming dala siream comprising data
objects;

applying, via the processor, an orthogonal transform o a data object in the
incoming data stream;

associating, via the processor, the data object with a subset of U ordered
hash positions;

retrieving, via the processaor, an index of U ordered Key positions, wherein
each key posilion is indicative of received data objects of the incoming data stream
that have a hash position at the key position;

determining, via the processor, a ranked collection of neighbors for the data
object in a neighbor graph, wherein the ranking is based on the index;

incrementally updating the neighbor graph via the processor, by including
the data object as a neighbor for & selected sub-plurality of data objects in the
ranked collection, wherein the selection is based on neighborhood comparisons for
the data object and data objects in the ranked collection; and

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

the neighbor graph for the incoming data stream.
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g. The method of claim 8, further comprising providing, via the
processor 1o a computing device, the incrementally updated visual rendition of the
neighbor graph, wherein the visual rendition is provided as the incoming data

stream is received.

10. The method of claim 8, whergin the neighborhood comparisons are
based on comparisons between the ranked collection of neighbors for the data
object and additional ranked collections of neighbors for data objects in the ranked

collection.

11.  The method of claim 8, further comprising maintaining a database of

ranked colleclions associaled with data objects in the incoming data stream.

12. The method of claim 8, further comprising updating the index by
inserting, via the processor, a unique identifier associated with the data object into
each key position of the index that corresponds to a hash position for the dala

object.

13.  The method of claim 12, wherein the ranked collection of neighbors
for the dala object comprises top k nearest neighbors determined based on a count

of overlapping hash positions in the updated index.

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

apply, via a processor, an orthogonal transform o a data object in an
incoming data stream, and associating the data object with a subset of U ordered
hash positions;

refrieve, via the processor, an index of U ordersed key positions, whergin
each key position is indicative of received data objects of the incoming data stream
that have a hash position at the key position;

update the index by inserling, via the processor, a unigue ideniifier
associated with the data object into each key position of the index that corresponds

to a hash position for the data object;
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determineg, via the processor, a ranked collection of neighbors for the data
object in a neighbor graph, wherein the ranking is based on the updaled index;

incrementally update the neighbor graph via the processor, by including the
data object as a neighbor for a selected sub-plurality of data objects in the ranked
collection, wherein the selection is based on neighborhood comparisons for the
data obiect and data objects in the ranked collection; and

provide, via the processor 1o a computing device, an incrementally updated
computer generated visual rendition of the neighbor graph for the incoming data

stream.

15, The non-transifory computer readable medium of claim 14, further
comprising instructions to maintain an incrementally updated database of ranked

collections of neighbors for data objects in the incoming data stream.



PCT/US2015/055883

WO 2017/065795

1/6

T 8id

1walge eiep uaab e Joj sioqubisu
JC UCHDS0T poYUIBE B $BuiuLIBiag

FINAGKW
NOLLYMIANILIG QOOHEOIHDIEN

UOROSII0D pavUR By wi s108iqo Blep
10 Aednid-gns peosies g o1 Jogubivu
e se 108lgo uaail s Buippe Ag

ydesb soqubiau selepdn Ajeiuswiaiou)

FINGOW
FLVGdN HAvHD

SRR RRRIRRIKBIIN

01t

90t ot
/
suoizisod
sey yum s139go B1ep So1RIn0sS
suoisod YSeY Ylm S1081q0 elep Sa1enossy

ABY [EUBPIO JU XSPUL UL SBASLIISY

FINAOW DNIXIAN

s1o8igo
B21ep 01 uuojsuel ruobouuc seiddy

FINAOW WHOLSSNYEL HEWH

WYIHLS

YiVQ DRIWOONI

W&um.ﬁa 210 SBPNOU|

00t

AN
\,

N\

201



PCT/US2015/055883

WO 2017/065795

2/6

B¢

30Z

S321A340

ndingG

vz

£32IA340
LN

0Lg —

SNOLLONYISNI NOILLIGNIY HdYdD

81¢ —

SNOULINMYLISNE 3LVAdN HIYYD

9T —

SNOILINEISNI NOILYNIWY3133 NOILI3TIOD d30NVY

Vig —

SNOLLOMYLSNIE 31v3dN X30NI

i —

SNOLLDMVELSNE TYAZIM LI XIANI

SNOLLONYLSNI NOLLYOTddY WHOISNYYL TYNODOHLIYO

WNIGIW 318VavIY-43LNdWO0D

[4) 7

HOSSID0Ud

9/t



PCT/US2015/055883

WO 2017/065795

3/6

€ *8i4

She —

weans giep Buiruoou su 40y
ydesd joqubiou sy jo UCHIDURE [BNSIA pelepdn AjBIUSLUISIOW UR "10SSan0sd 2} BIA ‘S1BIBUSD)

4

UDHOSHOO peMuEs 8U1 Ul 810800 e1ep pue 108[go elep ey 40 sucsurdiuoD
poouioguBiBu UO POSBY S UCHDSIRS SUI LISISUM ‘UsHIDa|i0D POMUER SU1 Ul 8108iq0 ei1ep 10 Alleind-gns paieies
2 o Jogubeu g se welqo siep auw Buipniout Ag “sossasoud s gia ydesb sogubisu sy s1epdn Agusuisiou

4

80€ —

Xopul B4l U0 paseqg st Bupues ow
ussym ‘ydeid sogyubiau g U1 108iqo eiep syl Jo Soqubiau Jo uonDSH0D PeYUBS B LI0S5a004d 84} BIA ‘SUILLLISIRG

¢

uonisod Ay sy 12 uonsod Usey B 8Asy 184 wieans giep Buluooul 8yl 10 3108lg0 Bk peaisnsd
0 BARESIDUL 81 LoNISod A8y UDES UIsIaumM ‘SUORISCd A9 DSIBDIO 10O Xapul UR 1035a004d au] BIA ‘BASLISY

!

v0E ——

suonISod YSey paispio 10 19SgNS B (i 109100 BIBD 841 J0SSescid SUI BIA ‘BIRID0SSY

4

08 —

wieaks eep Buiwoosur sy ui 1oslgo Biep e o1 wucisues [puchouno ue Josseoosd auy ein ‘Addy

A

008 —

selge giep Busudwos weans eep Buiuosul ue 10883004d B BIA ‘SAIBOSNM

9/¢




PCT/US2015/055883

WO 2017/065795

4/6

7 *3i4

Py —

DSAIBOSS S1 UBSAS 21ep Buiuooul 1) e pepiacsd S ucRIpURE BNSIA aul uisieym ‘Ydest
Jogubisy aul 0 UCHIPUSS BNSIA pajepdn Ajjguawaiou ey ‘eonap Bundiuiod B 01 10838004d au] BiA ‘8RiAClY

i

by —

wWeens g1ep Builuodul a1y 4o}
ydesd joqubisu Syl JO UOIIDURE [BNSIA poIRRdn ARIUSLISIDUL UR (10858004d 8] Bia ‘Sisieuss)

&

UDHOSHOO peMuEs 8U1 Ul 810800 e1ep pue 108[go elep ey 40 sucsurdiuoD
pooUICOUBIBU UO DOSEQ S UOHRDSIRS DUl LIRISUM ‘UCIOSI0D POMURI au] Ul 5108iqo eiep 0 Alljeinid-gns paioaies
2 o Jogubeu g se welqo siep auw Buipniout Ag “sossasoud s gia ydesb sogubisu sy s1epdn Agusuisiou

4

80y —

Xopul B4l U0 paseqg st Bupues ow
ueseym ‘udesB soaubisu B ui108igo eiep syl Jop sioquBiau 10 UORDSHOD DEYURS B I0SS800ud 8L} BIA ‘SUILLLISRC

4

90y —

uoisod Aoy 8 1B uokisod USBY 8 SABY 1Byl Weshs glep Dulucou 8yl 1o s108iqo BIBD DBAISDal
JO SAREDIDUI S1 uosod A8y UsRS UiRisym ‘SUCHISOd A8y DRISPIC O XapuUl UB J08se004d 8U] BIA ‘OADIISY

f

sucqsod YSBY PoISRIC 10 1830NS B UnMm 1080 18D ol osse00id 8uy BIA ‘918I008SY

4

wiesns eep Buluooul ey U nelgo eep e oy wuoisues jeucBouuo ue J0ssa00ud sl Bia ‘Alddy

4

s1o8igo gyep Buisudwios wesas glepd Bulooul ue J0sseocid 2 BIA ‘SAIBOSY

9/v




PCT/US2015/055883

WO 2017/065795

5/6

G 814

PG —

WESHS B1ep BUILLOOU! 81 W S108{00 BIBD UlM DOIRIDCSSE SUCIDSHOD POYUERS O SSRABIED B UIRIUIBIA

i

abs —

wWeens g1ep Builuodul a1y 4o}
ydesd joqubisu Syl JO UOIIDURE [BNSIA poIRRdn ARIUSLISIDUL UR (10858004d 8] Bia ‘Sisieuss)

&

UDHOSHOO peMuEs 8U1 Ul 810800 e1ep pue 108[go elep ey 40 sucsurdiuoD
pooUICOUBIBU UO DOSEQ S UOHRDSIRS DUl LIRISUM ‘UCIOSI0D POMURI au] Ul 5108iqo eiep 0 Alljeinid-gns paioaies
2 o Jogubeu g se welqo siep auw Buipniout Ag “sossasoud s gia ydesb sogubisu sy s1epdn Agusuisiou

4

806 —

Xopul B4l U0 paseqg st Bupues ow
ueseym ‘udesB soaubisu B ui108igo eiep syl Jop sioquBiau 10 UORDSHOD DEYURS B I0SS800ud 8L} BIA ‘SUILLLISRC

4

908 —

uoisod Aoy 8 1B uokisod USBY 8 SABY 1Byl Weshs glep Dulucou 8yl 1o s108iqo BIBD DBAISDal
JO SAREDIDUI S1 uosod A8y UsRS UiRisym ‘SUCHISOd A8y DRISPIC O XapuUl UB J08se004d 8U] BIA ‘OADIISY

f

sucqsod YSBY PoISRIC 10 1830NS B UnMm 1080 18D ol osse00id 8uy BIA ‘918I008SY

4

wiesns eep Buluooul ey U nelgo eep e oy wuoisues jeucBouuo ue J0ssa00ud sl Bia ‘Alddy

4

s1o8igo gyep Buisudwios wesas glepd Bulooul ue J0sseocid 2 BIA ‘SAIBOSY

9/%




PCT/US2015/055883

WO 2017/065795

6/6

g 814

P9 —

10slao Biep aut 40 ucnised ysey e o spuodSsiios 12U X8pU 8Ul Jo uonisod Aoy
LoRe Ol 10800 BIRD aul UM DOIBIDOSSE Jsylusk anbiun g sossencid oy ein ‘Buiesu Ag xaput 8u siepdn

i

a9 —

wWeens g1ep Builuodul a1y 4o}
ydesd joqubisu Syl JO UOIIDURE [BNSIA poIRRdn ARIUSLISIDUL UR (10858004d 8] Bia ‘Sisieuss)

&

UDHOSHOO peMuEs 8U1 Ul 810800 e1ep pue 108[go elep ey 40 sucsurdiuoD
pooUICOUBIBU UO DOSEQ S UOHRDSIRS DUl LIRISUM ‘UCIOSI0D POMURI au] Ul 5108iqo eiep 0 Alljeinid-gns paioaies
2 o Jogubeu g se welqo siep auw Buipniout Ag “sossasoud s gia ydesb sogubisu sy s1epdn Agusuisiou

4

809 —

Xopul B4l U0 paseqg st Bupues ow
ueseym ‘udesB soaubisu B ui108igo eiep syl Jop sioquBiau 10 UORDSHOD DEYURS B I0SS800ud 8L} BIA ‘SUILLLISRC

4

909 —

uoisod Aoy 8 1B uokisod USBY 8 SABY 1Byl Weshs glep Dulucou 8yl 1o s108iqo BIBD DBAISDal
JO SAREDIDUI S1 uosod A8y UsRS UiRisym ‘SUCHISOd A8y DRISPIC O XapuUl UB J08se004d 8U] BIA ‘OADIISY

f

sucqsod YSBY PoISRIC 10 1830NS B UnMm 1080 18D ol osse00id 8uy BIA ‘918I008SY

4

wiesns eep Buluooul ey U nelgo eep e oy wuoisues jeucBouuo ue J0ssa00ud sl Bia ‘Alddy

4

s1o8igo gyep Buisudwios wesas glepd Bulooul ue J0sseocid 2 BIA ‘SAIBOSY

9/9




ATIONAL SEARC (8) International application No.
[NTERRATIONAL SEARCH REPORT PCT/US2015/055883

A. CLASSIFICATION OF SUBJECT MATTER
GO6F 17/00(2006.01)i

According to International Patent Classification (IPC) or to both national classification and IPC
B. FIELDS SEARCHED

Minimum documentation searched (classification system followed by classification symbols)
GO6F 17/00, GO6F 17/10;, GO6N 7/00;, GO6F 17/30, GO1C 21/34

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched
Korean utility models and applications for utility models
Japanese utility models and applications for utility models

Electromic data base consulted during the international search (name of data base and, where practicable, search terms used)
¢KOMPASS(KIPO internal) & Keywords: hash, data object, data stream, index, neighbor, rank, update, graph, and similar terms.

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category™ Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.

A US 2013-0151536 A1 (LEMAN AKOGLU et al.) 13 June 2013 1-15
See paragraphs [0004]1-[0005], [0016]-[0019], and [0059]-[0069];
claims 1 and 19-20; and figures 1-2.

A WO 2013-129580 A1 (OSAKA PREFECTURE UNIVERSITY PUBLIC CORPORATION) 1-15
06 September 2013
See paragraphs [0010]-[0014]; claim 1; and figure 20.

A US 2014-0258295 A1 (MICROSOFT CORPORATION) 11 September 2014 1-15
See paragraphs [0007] and [0032]-[0047]; and figures 2-3.

A US 2014-0046593 A1 (UGUR DEMIRYUREK et al.) 13 February 2014 1-15
See paragraphs [0005]-[0023] and figures 6-7.

A US 2008-0033897 A1l (KENNETH A. LLOYD) 07 February 2008 1-15
See paragraphs [0021]1-[0026] and figures 3-5.

|:| Further documents are listed in the continuation of Box C. See patent family annex.
* Special categories of cited documents: "T" later document published after the international filing date or priority
"A" document defining the general state of the art which is not considered date and not in conflict with the application but cited to understand
to be of particular relevance the principle or theory underlying the invention
"E"  earlier application or patent but published on or after the international "X" document of particular relevance; the claimed invention cannot be
filing date considered novel or cannot be considered to involve an inventive
"L"  document which may throw doubts on priotity claim(s) or which is step when the document is taken alone
cited to establish the publication date of another citation or other "Y" document of particular relevance; the claimed invention cannot be
special reason (as specified) considered to involve an inventive step when the document is
"O"  document referring to an oral disclosure, use, exhibition or other combined with one or more other such documents,such combination
means being obvious to a person skilled in the art
"P"  document published prior to the international filing date but later "&" document member of the same patent family
than the priority date claimed
Date of the actual completion of the international search Date of mailing of the international search report
15 July 2016 (15.07.2016) 15 July 2016 (15.07.2016)
Name and mailing address of the ISA/KR Authorized officer
International Application Division
¢ Korean Intellectual Property Office NHO, Ji Myong

189 Cheongsa-ro, Seo-gu, Daejeon, 35208, Republic of Korea

Fégsirhile No. +82-42-481-8578 Telephone No. +82-42-481-8528
Form PCT/ISA/210 (second sheet) (January 2015)




INTERNATIONAL SEARCH REPORT International application No.

Information on patent family members PCT/US2015/055883
Patent document Publication Patent family Publication
cited in search report date member(s) date
US 2013-0151536 Al 13/06/2013 US 8903824 B2 02/12/2014
WO 2015-129580 Al 06/09/2013 None
US 2014-0258295 Al 11/09/2014 None
US 2014-0046593 Al 13/02/2014 US 8566030 B1 22/10/2013

US 9062985 B2 23/06/2015

US 2008-0033897 Al 07/02/2008 WO 2008-017044 Al 07/02/2008

Form PCT/ISA/210 (patent family annex) (January 2015)



	Page 1 - front-page
	Page 2 - description
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - claims
	Page 22 - claims
	Page 23 - claims
	Page 24 - claims
	Page 25 - drawings
	Page 26 - drawings
	Page 27 - drawings
	Page 28 - drawings
	Page 29 - drawings
	Page 30 - drawings
	Page 31 - wo-search-report
	Page 32 - wo-search-report

