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Abstract

Approximate Nearest Neighbor (ANN) algorithms are
increasingly important in machine learning, data mining,
and image processing applications. There is a large fam-
ily of space-partitioning ANN algorithms, such as random-
ized KD-Trees, that work well in practice but are limited by
an exponential increase in similarity comparisons required
to optimize recall. Additionally, they only support a small
set of similarity metrics. We present Local Area Focused
Search (LAFS), a method that enhances the way queries are
performed using an existing ANN index. Instead of a single
query, LAFS performs a number of smaller (fewer similarity
comparisons) queries and focuses on a local neighborhood
which is refined as candidates are identified. We show that
our technique improves performance on several well known
datasets and is easily extended to general similarity metrics
using kernel projection techniques.

1. Introduction

Nearest neighbor search is a fundamental algorithm that
returns the most similar members of a dataset for a query
based on a specified distance metric. It has been applied
to a wide range of applications in image processing, pat-
tern recognition, and data retrieval [1]. In practice nearest
neighbor search becomes expensive and often impractical
as the size of datasets grow larger. To address this scaling
research has focused on creating approximate methods for
nearest neighbor search [2][11][9][3][10].

To date a number of different approaches have been pro-
posed for Approximate Nearest Neighbor (ANN) search.
These approaches build and populate a data structure that
allow for fast queries while only failing to find a small per-
centage of the true nearest neighbors (high recall). This data
structure is called an index. Space partitioning algorithms
aim to divide the search space for fast retrieval. These meth-
ods include KD-Trees, ball trees, and hierarchical K-Means
trees [2][9]. They tend to be fast to construct and search
but can be limited by poor partitioning and in the similarity

metrics they support. Another popular approach is to work
in the domain of hash functions such as Locality-Sensitive
Hashing (LSH) [9]. These methods provide constant time
queries but are limited by the fact that creating a hash func-
tion for a specific dataset can be a difficult problem. K-
Nearest Neighbor graph is an approach that attempts to
build a graph of the entire dataset where edges represent
neighbors [3][10]. These methods work well in practice but
are limited by their high construction cost. These exam-
ples represent just a fraction of the numerous methods that
have been developed to build efficient ANN search indexes.
Conversely, there have been relatively few techniques de-
veloped that focus on leveraging standard ANN indices and
improving the way queries are performed.

In this paper we introduce the Local Area Focused
Search (LAFS). LAFS takes advantage of locality by
searching neighbors of intermediate query results produced
by a traditional index. This allows LAFS to search in the
real similarity space which greatly improves speed and per-
formance for kernel projected data.

2. Proposed Method
2.1. Motivation

Space-partitioning approximate nearest neighbor indices
rely on internal mechanisms to return multiple candidate
neighbors [9]. While they vary in construction, these mech-
anisms typically track a set of potential paths not yet visited
in the dataset. These paths are visited in order of likeli-
hood that they will lead to a close neighbor of the query.
The challenge is that these likelihoods are approximate and
can lead to either duplicate neighbors or candidates with
low similarities to the query being identified. Figure 1 illus-
trates this behavior by examining the number of similarity
calculations required to achieve a desired recall using a ran-
domized KD-Tree index. A query tends to find the majority
of the true nearest neighbors within the first few hundred
candidates it evaluates. Finding the remaining true nearest
neighbors requires examining an exponentially increasing
number of candidates.
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Figure 1. Relationship of the number of similarity calculations to
recall for the top 10 nearest neighbors in the SIFT1M dataset in-
dexed by a randomized KD-Tree.

Instead of seeking to return all candidates with one
query, our LAFS method combines the results of several
small queries (low number of returned candidate neighbors)
which are performed with similar neighbors. This exploits
the strength of the ANN search while improving the recall
for the same number of similarity calculations. LAFS is
detailed in following section.

2.2. Local Area Focused Search

Our method is inspired by the K-NN graph work of Dong
et al. [3] and their principle that a neighbor of a neighbor is
also likely to be a neighbor”. While their focus is improved
approximation of K-NN Graphs, LAFS, as shown in Algo-
rithm 1, applies this principle to improve the results of a
query using a standard ANN index. The concept is that the
candidate nearest neighbors which are returned during the
process of a query provide better locality information than
is offered by standard space-partitioning ANN indices.

Let D bet a dataset of size N and dimension dim. Let I
be an ANN index built from D. I provides functionality to
query a vector . We define a function query(I, g, n) that
searches I for neighbors of ¢ where n is the maximum num-
ber of considered neighbors. During a search, duplicates
are counted as neighbors therefore the number of unique
neighbors returned may be < n. In this paper, we focus
on the randomized KD-Tree algorithm as defined by Silpa-
Anan and Hartley [11]. However, we believe this method
can work with any space-partitioning style ANN index.

We start by performing a query for ¢ in I and then calcu-
lating the similarity between ¢ and each returned candidate
neighbor. The candidates are added into a priority queue
P that provides access to the candidates in ascending order
by their similarity to ¢q. After this initialization, we repeat a

process of dequeueing the first candidate in P, performing
a query for that candidate in I, calculating the similarity be-
tween each resultant new candidate and ¢, and adding these
to P. The process is repeated until either P is empty or we
have considered a total of n candidates including multiple
encounters of the same candidate.

LAFS requires an internal query size parameter ny; < n
which dictates the number of candidates requested by each
internal query. The value of ng will vary per dataset and
is chosen to produce as good of recall as possible while
minimizing the amount of required similarity calculations.
LAFS will perform approximately n/n, internal queries.
For example, in Figure 1 a value between n, = 250 and
ns = 1000 would be chosen because values in this range
produce the strongest recall before the curve starts its fast
growth.

In order to avoid repeating queries, LAFS maintains a set
S of candidates that have already been searched and does
not let them be re-inserted into P. Additionally, any imple-
mentation should ensure that the similarity between g and
a candidate neighbor is only calculated the first time it is
encountered and not if it is found by subsequent internal
queries.

Algorithm 1: Local Area Focused Search

Input: Index I, query ¢, similarity function o, max
number of considered neighbors n, and
internal query size n

Output: Set of candidate nearest neighbors C

1 begin

2 P + empty PriorityQueue

3 S0

4 C « query(l,q,ns)

5 Calculate o(g,c¢) Vee C

6 addToQueue(P,¢) Vce C

7 ent = |C

8 while |P| > 0 and cnt < n do

9

s < dequeue(P)
10 S+ SUs
1 Cs + query(I, s,ns)
12 Chew < {c|c € Cs,c ¢ S}
13 Calculate o(q,c) Ve € Chew
14 addToQueue(P,c) Vc € Chew
15 C <+ CUChew
16 ent < ent + |Chew|
17 end
18 return C
19 end
20




2.3. Data Projection for General Similarity Metrics

Most space-partitioning ANN indexing methods require
that the similarity metric be a Minkowski metric which is of
the form:

(Z |2 — y|P)'/P (1)
i=1

Unfortunately, this type of metric is not appropriate for
many types of data. To get around this limitation, dataset
D can be projected using kernel methods from machine
learning. The concept is that we can perform a non-linear
transformation ¢(x) on our data to take it from the original
dim dimensional space to a much higher dimensional space
where it becomes linearly separable. This projection creates
a new representation of the dataset, Dy, which can be com-
pared via a Minkowski metric and, therefore, indexed by
space-partitioning ANN methods.

A standard method of kernel projection is Kernel Princi-
pal Component Analysis (KPCA). The cost of a projecting
data into the higher dimensional space is usually impracti-
cal but kernel methods, like KPCA, allow us to work only
in the covariance matrix of D. The covariance between two
vectors is defined as the kernel function:

k(z,y) = o(x)" d(y) )

The kernel covariance matrix K over D is then defined as

Ki,j = KJ(DZ',DJ') (3)

where D; is the i-th row of D. K is then decomposed
using Principal Component Analysis (PCA) to produce a
projection matrix W. As part of PCA, the dimensional-
ity of the data can be reduced by choosing a new dimen-
sion dimReduced < dim and preserving only the top
dimReduced eigenvectors when creating W. The pro-
jected dataset Dy is then created as follows

Dy =KW )

Full details about KPCA are available in [14].

KPCA becomes extremely expensive as the size of D in-
creases due to the need to compute the full covariance of the
dataset. To mitigate this problem Jiang et al. [7] describe a
method to randomly sample num Reps rows from D, where
numReps << N and use this set to construct K. We refer
to this reduced set of random representatives as R. We then
build a covariance matrix Kr over R

K?“i’j = I{(Ri,Rj) (5)

PCA is applied to Kr as above to create W and may
include a further dimensionality reduction by choosing a

dimReduced < numReps. The covariance for the dataset
is now computed against R

Ki’j = K(Di,Rj) (6)

and it is projected as in equation 4.

Algorithm 2: Local Area Focused Search for Kernel
Projected Data

Input: Index built from projected data I, projected
query qg, similarity function o, max number of
considered neighbors n, and internal query
size ng

Output: Set of candidate nearest neighbors C

1 begin

2 P «+ empty PriorityQueue

3 S0

4 C + query(Is,qep,ns)

5 Calculate o (raw(gg),raw(cy)) Vey € C

6 addT oQueue(P,cy) Vey € C

7 ent = |C

8 while |P| > 0 and cnt < n do

9

54 < dequeue(P)
10 S« SU S¢
11 Cs «+ query(Iy, Sp,ns)
12 Chew < {c|c € Cs,c ¢ S}
13 Calculate o(raw(gg), raw(cy)) VYeg € Chew
14 addT oQueue(P,cy) Veg € Crew
15 C+ CUChew
16 ent < ent + |Chew|
17 end
18 return C
19 end

2.4. LAFS for Kernel Projected Data

LAFS is easily updated to accommodate kernel projected
data. We start by using KPCA, as described in the previous
section, to project D to Dy and we build our index Iy from
Dy. The projection matrix W and random representative
set I? are preserved and used to project query g to g4 which
is in the same space as Dy as shown in equations 7 and 8.

Kr; = r(q, R:) (7
gy = KrW (8)

An important feature of LAFS is that the similarity be-
tween a query and its candidate neighbors is calculated in-
dependently from the internal queries of 1. This means that
we can use the exact similarity to prioritize candidates for
subsequent internal searches instead of the approximation
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Figure 2. Performance comparison on SIFT1M for standard KD-Tree vs. KD-Tree using LAFS for indices of 5 (left), 10 (center), and 25

(right) trees.

in the projected data space. This makes it much more likely
we are searching the optimal local area around the query.

The LAFS algorithm for kernel projected data, shown in
Algorithm 2, is very similar to the standard algorithm. The
main difference is the similarity metric is calculated on the
raw (non-projected) version of the data. It is assumed that
the raw version of the data can be accessed in constant time
and is denoted by the raw() function in the algorithm.

2.5. Complexity Discussion

Here we present a few observations on the cost of the
LAFS algorithm. The complexity of a single traversal
through a KD-Tree is O(log2(NN)) [11]. Since we are limit-
ing our randomized KD-Tree implementation to a constant
number of visited leaves (nearest neighbor candidates) n,
the complexity of a query remains the same order. Af-
ter candidates are generated, their similarity to the query
must be calculated. While the complexity varies depend-
ing on the similarity metric, the most basic ones, such as
Minkowski metrics, will be O(dim). This implies that the
cost of calculating the similarities will dominate algorithm
time when

2dim - N )

which applies to most real-world data problems.

For each query, LAFS performs n/ng internal queries,
calculates similarities between the query and all candidates,
and has additional bookkeeping costs such as managing the
priority queue and set operations. Since n remains con-
stant, none of these operations changes the overall complex-
ity from O(log2(NN)) along with the O(dim) for calculating
the similarities. Theoretically, this is the same as using KD-
Trees. In practice, depending on implementation, it is likely
that LAFS will do slightly more work than a single KD-Tree
query for the same number of similariy calcuations. With
time being dominated by the similarity calculations, the ex-
tra work will negligible.

It is important to note that there are a number of ANN
use cases where the similarity between the query and can-
didate nearest neighbors does not need to be calculated. In
these cases, the metadata associated with the returned can-
didates is enough to support a decision. Since calculating
similarities is central to our method, LAFS is not an appro-
priate choice for these use cases.

3. Performance Analysis
3.1. Analysis Setup

In this section, we will examine the effect of using LAFS
over 3 different datasets. All analyses are performed using
arandomized KD-Tree index. We use our own implementa-
tion which is similar to the version presented in the FLANN
library [9]. For the purpose of simplicity, we will use the
term KD-Tree Index to refer to a randomized KD-Tree in-
dex for the remainder of this section.

We compare the performance of a KD-Tree Index ver-
sus a KD-Tree Index enhanced with LAFS. As described in
the previous section, the cost of calculating the similarity
metrics dominates algorithm time, so we will present all re-
sults in the form of Number of Similarity Calculations vs.
Recall. Recall is calculated as the percentage of the top &
nearest neighbors returned as candidate neighbors from a
query. Unless otherwise specified, £ = 10 in the following
sections.

3.2. SIFT1IM

The SIFT1M dataset, provided by INRIA, is widely used
for performance analysis of ANN algorithms [5]. It con-
tains a database of 1,000,000 SIFT descriptors and a test set
of 10,000 independent SIFT descriptors along with ground
truth. SIFT descriptor similarity is calculated as L2 dis-
tance so we assess the performance using the basic LAFS
algorithm.

Figure 2 shows the increase in performance created by
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Figure 3. Performance comparison on Jittered MNIST dataset for standard KD-Tree vs. KD-Tree using LAFS for indices of 5 (left), 10

(center), and 25 (right) trees.

LAFS using ny, = 250. LAFS produces a significant per-
formance increase for KD-Tree indices built with 5, 10, and
25 trees. The improvement becomes less pronounced as the
number of trees increases but this is mostly likely due to the
fact that the performance is approaching the upper limit in
general.

Figure 5 shows the effect that the ng parameter has on
the performance of LAFS for a KD-Tree index of 10 trees.
A value of ng = 250 outperforms both ny = 50 and
ns = 1000. At ng = 50, we are likely searching too small
a local area and not finding enough unique candidates. At
ns = 1000, we are likely searching too large an area and
performing extra similarity comparisons without any bene-
fit.

3.3. Jittered MNIST

OJo,

Figure 4. Examples of corresponding images from MNIST (left)
and Jittered MNIST (right).

The MNIST database is a widely used handwritten digits
classification dataset provided by [8]. The dataset consists
of 60,000 28x28 pixel images along with 10,000 indepen-
dent images for testing. The images are all centered to make
them directly comparable without translation.

We decided to modify MNIST in a way that allows us to
test LAFS on kernel projected data using a real world image
processing dataset. We introduce “jitter” into MNIST by
randomly shifting each image by +3 pixels in both the x
and y directions. See Figure 4.

The recall performance of the Jittered MNIST database
is severely degraded as shown in Figure 6. For these im-
ages similarity must be measured by checking all possible

alignments via 2D cross-correlation

xzcorrap(a,b) = argmax < a, b; ; > (10)
1,3
where b; ; represents a shift of image b by 4 pixels in the x
direction and j pixels in the y direction.

Cross-correlation itself is not a valid kernel but it can be
converted to one via a number of methods [6]. After some
experimentation, we discovered that the standard kernel for
correlation

k(a,b) = exp”m'rw(“’b) (11

worked better than other kernels, even those proposed
specifically for cross-correlation such as the one sug-
gested in [13]. We project the data using KPCA with
numReps = 100 and further reduce the dimensionality so
that dim Reduced = 20.
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Figure 5. Effect of ns value on recall on SIFT1M dataset using
LAFS with a KD-Tree Index built with 10 trees.



Figure 3 shows a similar increase in performance as Fig-
ure 2 created by LAFS. MNIST is a relatively small dataset
so we choose a smaller value for ny, = 100. As with
SIFTIM, LAFS sees improvement for all tree configura-
tions with its highest performance improvements on smaller
numbers of trees.

3.4. Seismic Waveform Data

Seismic signals are time series recorded at seismic sta-
tions of ground motion caused by distant seismic sources
such as earthquakes. One important problem in seismic
signal analysis is determining the location on the Earth of
the seismic event that generated an observed seismic signal.
This is a very complex problem that usually requires signal
detections from multiple stations and accurate models of the
internal geology of the Earth.

Seismic signals have the interesting property that signals
recorded at the same station from seismic events that are
very nearly co-located to each other look very similar (Fig-
ure 7) but look different than signals from events that are far
apart from each other. Research is ongoing into using near-
est neighbor search algorithms to scan archives of histori-
cal waveforms via waveform cross-correlation searching for
similar signals. Given a new signal and a similar signal from
the archive, the geographic location of the event that gener-
ated the new signal can be immediately assigned to the same
location that generated the historical signal [12][16]. Re-
cent work has focused on using ANN techniques to search
historical earthquake archives, which can be very large and
continue to grow at a rapid rate [15].

We have developed an example dataset containing
308,219 analyst reviewed signals from known seismic
events detected by the station MKAR, located in Kaza-
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Figure 6. Performance of MNIST vs Jittered MNIST using stan-
dard KD-Tree Index built with 25 trees.
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Figure 7. Example of seismic signals detected over 12 years at
station MKAR in Kazakhstan from the same earthquake source in
the Kuril Trench.

khstan, over the time period 2002-2013. We built a test set
with 25,865 analyst reviewed signals from known events
from the same station during 2014. These data are pub-
licly available from the Incorporated Research Institutions
for Seismology [4].

For each signal detection, we take a 30 second sample
starting 2 seconds before the time that the signal was de-
tected at the station. The data are sampled at 40Hz meaning
that each signal is comprised of 1200 samples. The starting
time for each signal is chosen by a human analyst with an
estimated uncertainty of £0.5 seconds. Due to this uncer-
tainty, the dataset similarity must be measured by checking
a sliding set of alignments via 1D cross-correlation

xcorr(a,b) = argmax < a,b; > (12)
i
where b; represents a shift of signal b by ¢ in time. As with
the jittered MNIST dataset, we use the standard correlation
kernel.

Iﬁ:((l, b) _ el,pzcorr(a,b) (13)

We project the data using KPCA with numReps =
500 and then further reduce the dimensionality so that
dimReduced = 200.

Figure 8 shows a dramatic increase in performance when
utilizing LAFS on seismic data with n; = 1000. In seis-
mic data, we find that outside of a few very strong matches
the majority of neighbors cluster with very similar corre-
lation scores. The kernel function is likely not discrimina-
tive enough to differentiate between these small differences.
LAFS mitigates this problem by calculating the similarities
in the real cross-correlation space.



0.8~

0.6

——LAFS 100
——LAFS 25
LAFS 5
— =Standard 100
— -Standard 25
Standard 5

0 0.5 1 1.5 2 25 3 35
Number of Similarity Comparisons x10*

Figure 8. Performance comparison on seismic dataset for standard
KD-Tree vs. KD-Tree using LAFS for indices of 5, 25, and 100
trees.

4. Conclusion

This paper presents Local Area Focused Search (LAFS).
LAFS enhances standard ANN index searches by evaluat-
ing local neighborhoods over a number of small internal
queries. We show that LAFS improves recall for the same
amount of similarity comparisons on SIFT1M, a jittered
MNIST dataset, and a seismic waveform data set. Our al-
gorithm improves performance on kernel projected datasets
by allowing similarity to be calculated in the real instead of
projected space. We believe futher optimizations to LAFS
are possible such as pulling candidates deeper from within
the priority queue to avoid repetition and slightly expand
the search space. We leave this optimization along with in-
tegration with other nearest neighbor index types such as
hierarchical k-means trees or LSH as future work.
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