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1 Intro duction

1.1 What is ANN?

ANN is a library written in the C++ programming languageto support both exactand approximate
nearest neighbor searding in spacesof various dimensions. It was implemented by David M.
Mount of the University of Maryland and Sunil Arya of the Hong Kong University of Science
and Tednology. ANN (pronounced like the name \Ann") stands for the Approximate Nearest
Neightor library. ANN is also a testbed containing programs and proceduresfor generating data
sets, collecting and analyzing statistics on the performanceof nearestneighbor algorithms and data
structures, and visualizing the geometric structure of thesedata structures.

In the nearest neightor problem a set P of data points in d-dimensional spaceis given. These
points are preprocessedinto a data structure, so that given any query point g, the nearest (or
generally k nearest) points of P to q can be reported e cien tly. ANN is designedfor data setsthat
are small enoughthat the seard structure canbe storedin main memory (in cortrast to approaces
from databasesthat assumethat the data residesin secondarystorage). Points are assumedto
be represerted as coordinate vectors of reals (or integers). The distance betweentwo points can
be de ned in many ways. ANN assumesthat distancesare measuredusing any classof distance
functions called Minkowski metrics. Theseinclude the well known Euclidean distance, Manhattan
distance, and max distance.

Answering nearestneighbor queriese cien tly, especially in higher dimensions,seemso be very
dicult problem. It is always possibleto answer any query by a simple brute-force processof
computing the distancesbetweenthe query point and eadt of the data points, but this may betoo
slow for many applications that require that a large number of queriesbe answered on the same
data set. Instead the approad is to preprocessa set of data points into a data structure from which
nearestneighbor queriesare then answered. There are a number of data structures that have been
proposedfor solving this problem. See for example,[AMN * 98, Ben90, Cla97, Kle97, PS85,Spra1],
for more information on this problem.

One dicult y with exact nearest neighbor searding is that for virtually all methods other
than brute-force seard, the running time or spacegrows exponertially asa function of dimension.
Consequetly these methods are often not signi cantly better than brute-force seard, exceptin
fairly small dimensions. Howewer, it has beenshavn by Arya and Mount [AM93b] and Arya, et
al. [AMN * 98] that if the useris willing to tolerate a small amourt of error in the seart (returning
a point that may not be the nearestneighbor, but is not signi cantly further away from the query
point than the true nearestneighbor) then it is possibleto achieve signi cant improvemerts in run-
ning time. ANN is a systemfor answering nearestneighbor queriesboth exactly and approximately.

This manual describeshow to download and install ANN, how to usethe library, how to change
its con guration for di erent distance functions and data represenations, and nally how to use
its utilit y programs for testing and visualizing the data structure.

1.2 Downloading and Using ANN

The current version of ANN is version1.1.1. The ANN sourcecode and documertation is available
from the ANN web page:

http://www.cs.umd.edu/~mount/ANN
The unbundled software consistsof the following major les and directories.

ReadMe.txt: General description of the library.



Copyright.txt: Copyright information.

License.txt: Conditions of usefor the library.

include: Include les for compiling programsthat usethe library.

src: The source les for the library.

sample: A small sampleprogram, which illustrates how to input a point set, build a seard structure
for the set, and answer nearestneighbor queries. (SeeSection2.1.4.)

test: A program that provides a simple script input for building seart trees and comparing their
performance on point setsthat are either read from an input le or generatedaccordingto
someprobability distribution. (SeeSection3.1.)

ann2 g: A program that generatesa visual represeration (in g format) of the tree's spatial
decomposition. (SeeSection 3.2.)

lib: Where the compiled library is stored.

bin: Where the compiled executablesare stored.

doc: This documertation.

MS_Win32: Solution and project les for compilation under Microsoft Visual Studio .NET.

1.3 Compiling ANN

ANN requires an ANSI standard C++ compiler. It has been compiled successfullyon Unix and
Linux systemsincluding Sun Workstations running SunOS5.X (Solaris), Linux Red Hat 2.X, and
on DEC Alphas running Digital Unix v4.X, on SGIs running IRIX 6.X. Make les for all these
systems. It has also beencompiled under Microsoft Windows XP (under Visual Studio .NET).

1.3.1 Compiling on Unix/Lin ux Systems

After downloading the sources,change to the ANN root directory (from which directories sud
as bin, doc, and include branch o ) and enter the command \ make". This will provide a list of
platforms and options under which to compile ANN. If you do not seeyour particular con guration
on this list, then you might try modifying the le Make-con g for your particular system. The
authors welcomeany additions to the list of supported platforms.

There are some additional compilation options that can be enabled or disabled. These are
described in Section 2.6. To recompile the library, enter the command \ make realcleafi to delete
the library and utilit y programs, and then reerter the make command for compilation.

1.3.2 Compiling on Microsoft Windo ws Systems

To compile under Visual C++ running within Microsoft Visual Studio .NET, go to the directory
MS_Win32 Open the solution le Ann.sln selectthe \Release" con guration, and select\Build !
Build Solution." After compilation, the le ANN.libis storedin the directory MS_Win32ndlInRelease
The le ANN.dIl le and executablesof the utilit y programs are stored in the directory bin (relative
to the ANN root directory). Thesetwo les, along with the les in the directory include/ANN are
neededfor compiling applications that use ANN.

1.3.3 Precompiled Files for Microsoft Windo ws

For Microsoft Windows usersthat do not needto modify the software, a bundle containing all
the les you needto use ANN has been provided. This corntains the include les in include/ANN



along with  ANN.lib and ANN.dIl. It can be downloaded directly from http://www.cs.umd.edu/
~mount/ANN In order to usethesewith an application it is necessaryto copy ead of these les to
appropriate directories for the compiler and linker to locate them, and then to set the appropriate
compiler, linker, and path settings sothe systemcan locate all these les. You should consult your
local system documertation for this information. An example of how to do this for the sample
program is givenin Section 2.1.5.

1.4 Compiling Applications that Use the Library

In order to use ANN in a C++ program, the program must include the header le for ANN, which
contains the declarations for the ANN objects and procedures. This is done with the following
statemernt in the C++ sourcecode.

#include <ANN/ANN.h>

This assumeghat the ANN include directory is already on the compiler's seard path for include
les. On most Unix/Lin ux-based C++ compilers, this is done by setting the \-I" (capital letter
\i") option on the compilation command line to point to the include directory in the ANN base
directory.

Then the program is linked with the ANN library. On Unix/Lin ux-basedsystemsthis is done
with the \-I" (lower-caseletter \ ") option, assumingthat the library seart path has beensetto
include the ANN library directory. The library seart path can be set with the \-L" option. For
example, on my Unix system, the following command line could be usedto compile the program
my_program.cppusing the ANN library and the GNU C++ compiler. Let ann denote the path to
root ANN directory.

g++ my_program.cpp -lann/include  -Lann/lib  -IANN

Some additional information on compiling applications that use ANN on Microsoft Windows
systemscan be found in Section 2.1.5.



2 The ANN Library

ANN is a library of C++ objects and proceduresthat supports approximate nearest neighbor
searding. In nearest neightor searching, we are given a set of data points S in real d-dimensional
space,RY, and are to build a data structure such that, given any query point q2 RY, the nearest
data point to g can be found e cien tly. In general,we are givenk 1, and are asked to return the
k-nearestneighborsto gin S.

In approximate nearest neighlor searching, an error bound 0 is also given. The searth
algorithm returns k distinct points of S, such that for 1 i Kk, the ratio betweenthe distanceto
the ith reported point and the true ith nearestneighbor is at most 1 +

ANN's featuresinclude the following.

It supports k-nearestneighbor searting, by specifying k with the query.

It supports both exact and approximate nearestneighbor searding, by specifying an approx-
imation factor 0 with the query.

It supports any Mink owski distance metric, including the L, (Manhattan), L, (Euclidean),
and L; (Max) metrics.

Preprocessingtime and spaceare both linear in the number of points n and the dimensiond,
and are independert of . Thus the data structure requires storagethat is only moderately
larger than the underlying data set.

ANN was written as a testbed for a classof nearestneighbor searding algorithms, particularly
those basedon orthogonal decompositions of space. Theseinclude kd-trees [Ben90 FBF77], and
box-decomposition trees[AMN * 98]. Thesewill be described in Section2.3.1. The library supports
a number of di erent methods for building theseseard structures. It alsosupports two methods for
searting these structures: standard tree-ordered seard [AM93a] and priority seardc [AMN * 9§].
Thesewill be described in Section 2.4.

In addition to the library there are two programs provided for testing and evaluating the per-
formance of various seard methods. The rst, called anntest, provides a primitiv e script language
that allows the userto generatedata setsand query sets, either by reading from a le or randomly
through the useof a number of built-in point distributions. Any of a number of nearestneighbor
seard structures can be built, and queriescanbe run through this structure. This program outputs
a number of performancestatistics, including the averageexecutiontime, number of nodesvisited
in the data structure, and the averageerror madein the caseof approximate nearestneighbors. An
operation is provided to have the data structure dumpedto a le and to load the data structure
from a dumped le.

The secondprogram, called ann2 g, takesthe dumped data structure and generatesan illus-
tration of the data structure, which is output to a le in a simple graphics format. When the
dimensionis higher than two, this program can output any planar 2-dimensional\slice” of the data
structure. An exampleis shavn in Figure 1. The output of ann2 g is the sameformat usedby the
Unix program x g. Through the Unix program g2dev, it is possibleto convert this format to a
number of other picture formats, including encapsulatedpostscript.

2.1 Using ANN

This sectiondiscusseshow to use ANN for answering nearestneighbors in its default con guration,
namely computing the nearestneighbor using Euclidean distance for points whosecoordinates are
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Figure 1. Sampleoutput of ann2 g for a kd-tree and a box-decomposition tree.

of type double Later in Section2.2 we discusshow to customize ANN for di erent coordinate types
and di erent norms.

2.1.1 Coordinates, Points, Distances, and Indices

Each point in d-dimensional spaceis assumedto be expressedas a d-vector of coordinates

(Indices start from 0, asis C++'s cornvertion.) A coordinate is of type ANNcoord. By default,
ANNcoord is de ned to be of type double but it is possibleto modify the ANN include les to
changethis and other ANN types, as described in Section 2.2.2.

ANN de nes the distance betweentwo points to be their Euclidean distance, that is

0 1o

X
dist(p;g) = @ (o g)2A
0 i<d

(Section 2.2.1 explains how to modify ANN for other Minkowski norms.) For the purposesof
comparing distances, it is not necessaryto compute the nal squareroot in the above expression.
ANN actually computessquared distances rather than true Euclidean distances. A squareddistance
is de ned to be of type ANNdist. It is de ned to be doubleby default (but can be changed). By
using squareddistancesrather than true Euclidean distances, ANN not only saveson the time of
computing squareroots, but hasthe advantage that integertypescan be usedinstead to accurately
represen distances when integer type coordinates are used. (It worth emphasizing that, even
though ANN represetts distancesinternally as squareddistances,when it computes -approximate

nearestneighbors, the approximation is relative to the true, not squared, distance.)

The most basic object manipulated by ANN is a point, which is de ned in C++ to be a dimen-
sionlessarray of coordinates, or more simply a pointer to a coordinate.! Thus we de ne ANNpoint
to be

Lt is natural to wonder why ANN doesnot de ne a special point class, which might store additional information
about points. This would then necessitatethat the library betemplated about the point type. Since compiler support
for templating was rather weak in the mid-90's when ANN was rst implemented designed, it was decided instead
to decouple the user's point object from the ANN point type. In this way we allow the userto de ne a point object
in any way desired. The user then interfaces with ANN by simply providing a pointer to the point's coordinates. In
many cases,this may just be a eld in the user's own point class.



typedef ANNcoord* ANNpoint; /I a point

It is the user's responsibility to allocate and deallocate storage for points. Each point must
have at least as many componerts allocated as the dimension of the space. Any extra componerts
are ignored.

Since ANN operates on arrays of points and distances, we also de ne dimensionlessarrays of
thesetwo objects:

typedef ANNpoint* ANNpointArray; /[ an array of points
typedef ANNdist* ANNdistArray; /[ an array of squared distances

We will seelater that a set of data points is presernied to ANN as an ANNpointArray. ANN
returns the results of a nearestneighbor query as an integer index into this array. To make it clear
when we are doing so, ANN de nes the type ANNidx to be a psuedorym for int. The result of a k-
nearestneighbor query is returned asa pointer to an array of indices, which is of type ANNidxArray,
de ned asfollows.

typedef ANNidx*  ANNidxArray; /I an array of point indices

Finally, ANN provides a booleantype called ANNbool. (Although ANSI C++ provides a type
bool, this is not supported in someof the older compilers.) Its valuesare ANNfalseand ANNtrue.

2.1.2 Nearest Neigh bor Search Structure

The principal structure that ANN usesfor performing nearestneighbor seartesis called an AN-
NpointSet This is an abstract object which supports two seard operations, annkSeach(), which
computesthe approximate k nearestneighbors of a query point, and annKFRSeech(), which per-
forms a combination of a xed-radius approximate k nearestneighbor seart and a range seard
(seethe description below).

ANN provides three concrete instantiations of an ANNpointSet ANNbruteForce, ANNKd_tree,
and ANNbd_tree. The rst of these storesthe points as an array, and implements a simple brute-
force seart for nearest neighbors. It is provided primarily for the use of the implementors to
validate the correctnessof the more sophisticated seart structures, and should not be used for
actual nearestneighbor queries. Among the other two, we will rst introduce only the more basic
one, the ANNKkd_tree, and leave the ANNbd_tree to be discussedin Section 2.3. The ANNkd_tree
supports the following operations.

Constructor:  This builds a kd-tree from a set of n data points in dimensiond, stored in a point
array pa. The procedureallocatesthe necessarystoragefor the data structure. It is assumed
that there is at least one data point (n 1) and that the dimension is strictly positive
(d 1). Warning: This proceduredoesvirtually no error cheding, and if theseassumptions
are violated or if storage cannot be allocated, then the most likely result will be that the
program aborts.

A (simpli ed) prototypeis givenbelow. (SeeSection2.3for more completeinformation.) The
order in which the points appear in the points array is signi cant, becausenearestneighbors

are returned by their index in this array. Following C++ cornventions, the items are indexed
fromOton 1.

ANNKkd_tree::ANNKkd_tree(

ANNpointArray  pa, /I data point array
int n, /I number of points
int d); /I dimension



To consene space,the tree doesnot actually store the data points, but rather storespointers
to the array pa. For this reasonthe contents of pa should be unchanged throughout the
lifetime of the data structure.

k-Nearest Neigh bor Search: This member function is given a query point ¢, a nonnegative
integer k, an array of point indices, nn_idx, and an array of distances,dists. Both arrays are
assumedto corntain at least k elemers. The procedure computesthe k nearestneighbors to
g in the point set, and storesthe indices of the nearestneighbors (relativ e to the point array
pa given in the constructor). The nearestneighbor is stored in nn_idx[0], the secondnearest
in nn_idx[1], and soon. The squaed distancesto the corresponding points are stored in the
array dists.

Optionally, a real value 0 may be supplied. If so,then the ith nearestneighborisa (1+ )
approximation to the true ith nearestneighbor. That is, the true (not squared) distance to
this point may exceedthe true distance to the real ith nearestneighbor of q by a factor of
(1+ ). If isomitted then nearestneighbors are computed exactly.

ANN supports two di erent methods for searding the kd-tree. Here we presert the simpler
one, which is the more e cien t for small values of . Another searhing algorithm, called
priority seard, is preseried later in Section2.4.2.

virtual  void ANNKkd_tree::annkSearch(

ANNpoint (o /I query point
int K, /[ number of near neighbors to find
ANNidxArray nn_idx, /I nearest neighbor array (modified)
ANN(distArray dists, /I dist to near neighbors (modified)
double eps=0.0); /I error bound

Fixed-radius k-Nearest Neigh bor Search: This member function is amodi cation ofthe above
procedure, which seardiesfor up to k nearestneighbors, but con nes the seard to a xed
radius bound. It is given a query point g, a (squared) radius bound sgRad, a nonnegative
integer k. Optionally, it is given an array of point indices, nn_idx, an array of distances,dists.
If provided, both arrays are assumedto contain at least k elemerns.

This procedure performs two di erent types of seart. First, if k is positive and the two
arrays nn_idx and dists are provided, then among the points whose squared distance from
g is at most sgRad, it nds the k closestof theseto g. If the number of points within the
squaredradius bound is somevalue k°< k, then only the rst k®ertries of thesearrays have
meaningful entries. The other entries of nn_idx contain the special value ANN _NULL _ID X
and the other entries of dists contain the special value ANN _DIST _INF (which are de ned
in ANN.h).

This is called a xed-radius seard), becauseit ignoresall the points that lie outside of the
radius bound. It is not howewer, a true xed-radius seard), becauseit computes only the
closestk points that lie within the radius bound. Thus, if the value of k is lessthan the total
number of points k%in the radius bound, the farthest k® k points within the radius will not
be reported. (This limitation is becauseANN allocatesall its arrays statically.)

It is easy howewer, to determine whether any points were missed. The procedurereturns a
court of the total number of points that lie within the radius bound. (This feature is always
enabled,evenif k = 0.) In orderto produceatrue xed-radius seard, rst setk = 0andrun



the procedurein order to obtain the number k° of points that lie within the radius bound.
Then, allocate index and distance arrays of size k® ead, and repeat the xed-radius seart
by setting k = k®and passingin thesetwo arrays.

Optionally, a real value 0 may be supplied. If so, the squaredradius bound is treated
as an approximat% quartity in the following sense. Assuming that we are using Euclidean
distances,let r = = sqRad be the true radius bound. Every data point whosedistance from q
is lessthan r=(1+ ) will be considered,and any point whosedistance from q is greater than
r will not be considered. The remaining points either may or may not be considered(at the
discretion of the seard algorithm). Among the points that are considered,the ith elemens
of nn_idx and dists cortain the ith closestpoint to g, and the procedurereturns a count of
all the points under consideration.

Here is the prototype of the xed-radius seart procedure.

virtual  int ANNKd_tree::annkFRSearch(

ANNpoint a, /I query point
ANNdist sqRad, /I squared radius
int k =0, /I number of near neighbors to return

ANNidxArray nn_idx = NULL, // nearest neighbor array (modified)
ANN(distArray dd = NULL, /[ dist to near neighbors (modified)
double eps = 0.0); /I error bound

Unlik e annkSe&ch(), there is no priorit y seard versionof of annkFRSeech(). Becauseit visits
all the points in the seard radius one by one, the seard procedureis rather ine cien t if the
number of points in the radius bound is large.

Other Information:  There are three functions provided for extracting information from a searth
structure. Theseare particularly usefulif the structure hasbeenloadedfrom a le (through
the load constructor). The function theDim() returns the dimension of the space,nPoints()
returns the number of points in the structure, and thePoints() returns a pointer to the array
of data points.

virtual  int  ANNKd_tree::theDim(); /I return the dimension of space
virtual  int  ANNKd_tree::nPoints(); /I return the number of points

/I return a pointer to points
virtual  ANNpointArray ANNKd_tree::thePoints();

Destructor:  The destructor deallocatesthe seard structure. (It doesnot deallocate the points.)
ANNKkd_tree::~ANNKkd_tree();

Closing ANN: The library allocatesa small amount of storage,which is sharedby all seard struc-
tures built during the program's lifetime. Becausethe data is shared, it is not deallocated,
even when the all the individual structures are deleted. To avoid the resulting (minor) mem-
ory leak, the following function can be called after all seard structures have beendestroyed.
(It is not a member function of the structure.)

void annClose();



2.1.3 Point Utilit y Pro cedures

As merntioned earlier ANNpoint, is of type ANNcoord*, a pointer to a dimensionlessarray of coordi-
nates (seeSection2.1.1). An ANNpointArray is a dimensionlessarray of such points, that is, of type
ANNpoint*. Sincea point type doesnot record its own dimension, all proceduresthat operate on
points must be supplied the dimension. ANN provides a few utilit y proceduresto aid in performing
someuseful operations on points.

annDist: This returns the squared distance between two points p and q in dimension d. For
reasonsof e ciency , ANN doesnot usethis procedurefor most of its distance computations.

ANNdist annDist(

int dim, /I dimension of space
ANNpoint p,
ANNpoint q);

annAllo cPt: This allocates storage for a point p in dimensiond. That is, it allocatesan array
of size d whose elemerns are of type ANNcoord. In addition to the dimension, it can also
be passeda coordinate value (0 by default), which it usesto initialize all coordinates of the
point. This procedurereturns a pointer to the allocated point, and NULL if storage cannot
be allocated for any reason.

ANNpoint annAllocPt(
int dim, /I dimension of the space
ANNcoord c =0) /[ initial coordinate value

annDeallo cPt: Deallocatesstoragefor a point p asallocated by annAllocPt. As a side e ect (for
safety) it assignsp the value NULL.

void annDeallocPt(
ANNpoint& p); /I (set to NULLon return)

annAllo cPts: This is usedto allocate an array of points. It rst allocatesan array of n pointers
to points (each elemert is of type ANNpoint), and for ead elemert it allocatesstoragefor d
coordinates, and storesa pointer to this storagein the elemen. It returns a pointer to this
array of pointers. It performs no initialization of the coordinate values.

ANNpointArray annAllocPts(
int n, /I number of points
int dim); /I dimension

annDeallo cPts: This deallocatesthe storage allocated by annAllocPts . This procedure should
only be applied to arrays of points allocated by annAllocPts. As a side e ect (for safety) it
assignspa the value NULL.

void annDeallocPts(
ANNpointArray&  pa); /I (set to NULLon return)

annCop yPt: This makesa copy of a point by rst allocating storage for a new point and then
copying the contents of the sourcepoint to the new point. A pointer to the newly allocated
point is returned.

ANNpoint annCopyPt(
int dim, /I dimension
ANNpoint source); /I point to copy



2.1.4 A Sample Program

In this section we present is a sample program demonstrating the basic elemens of ANN. The
program inputs commandline argumerts sud asthe dimensiond, the number of nearestneighbors
k, the error bound , andthe le namescontaining the query and data point. The program allocates
storagefor data points, one query point, and results, consisting of the nearestneighbor indicesand
the distances. The program inputs the data points and builds a kd-tree seard structure for these
points. Then it readsquery points, and for eadh computesk approximate nearestneighbors with
error bound , and outputs the results.

The presenation below shows only the most relevant elemers of the program. The complete
sourcecan be found in sample/annsample.cpp (All le namesare given relative to the ANN root
directory.) To simplify the preseration, the proceduresgetArgs()and readPt() have beenomitted.
The rst readscommandline argumerts and initializes the global parameters. The secondreadsa
single point from an input stream, and returns falseif the end of le is encourtered.

#include <cstdlib> /[ C standard library

#include <fstream> /I file 1/O

#include <ANN/ANN.h> /[ ANNdeclarations

using namespacestd; /I makestd:: accessible

void getArgs(int argc, char **argv) { ... } /I get command-line arguments
bool readPt(istream& in, ANNpointp) { ... } /I read point (false on EOF)
1

/I Global variables, initialized in getArgs

I

int k =1 /I number of nearest neighbors
int dim = 2; /I dimension

double eps = 0; /I error bound

int maxPts = 1000; /I maximumnumber of data points
istream* dataln = NULL; /Il input for data points
istream* queryln = NULL; /[ input for query points

int main(int argc, char **argv)

{
int nPts; /I actual number of data points
ANNpointArray dataPts; /[ data points
ANNpoint queryPt; /I query point
ANNidxArray nnldx; /I near neighbor indices
ANN(distArray dists; /I near neighbor distances
ANNKd_tree* kdTree; /I search structure
getArgs(argc, argv); /I read command-line arguments
queryPt = annAllocPt(dim); /I allocate query point
dataPts = annAllocPts(maxPts, dim); /I allocate data points
nnldx = new ANNidx[K]; /I allocate near neigh indices
dists = new ANNdist[K]; /I allocate near neighbor dists
nPts = 0; /I read data points

while (nPts < maxPts && readPt(*dataln,  dataPts[nPts])) nPts++;
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kdTree = new ANNKd_tree( /I build search structure

dataPts, /Il the data points
nPts, /' number of points
dim); /I dimension of space
while (readPt(*queryln, queryPt)) { /l read query points
kdTree->annkSearch( /I search
queryPt, /I query point
K, /I number of near neighbors
nnldx, I/l nearest neighbors (returned)
dists, /I distance (returned)
eps); /I error bound

cout << "NN: Index Distance\n";

for (int i =0; i <k; i++) { /I print summary
distsi] = sqrt(distsJi]); /[ unsquare distance
cout << i <<" " << npnldx[i] <<" " << dists[i] << "\n"%
}
}
delete [] nnidx; /I clean things up

delete [] dists;
delete kdTree;
annClose(); /I done with ANN

return EXIT_SUCCESS;
}

2.1.5 Compiling Sample Applications that use ANN

The sampleprogram s typical in structure to applications that useANN. If you are on a Unix/Lin ux
system, the sample program is automatically compiled when you the le sample/Male le can be
usedto compile the program (perhapswith minor modi cations needed,dependingon your system).
Assuming that ANN has already beencompiled, the GNU g++ compiler is used,and ann denotes
the path to root ANN directory, the sample program can be compiled using:

g++ ann_sample.cpp -0 ann_sample -lann/include  -Lann/lib  -IANN

If you are working on a typical Microsoft Windows systemwith Microsoft Visual Studio .NET,
here are somehints asto how to compile the sample program. The procedureis basically the same
for any other C++ application that usesANN. (Pleasenote that | am not an experiencedWindows
programmer, so pleaseconsult your system documertation if this doesnot work for you.)

If you have downloaded the entire ANN distribution, you can certainly compile the sample
program by opening the project le MS_Win32nsampl@sample.vcpoj. This assumesthat that you
have the full ANN distribution and have already compiled the ANN library.

It is possibleto compile an application that usesANN with just the following three elemers,
which are available from the \Precompiled les for for usersof Microsoft Windows 2000" link on
the ANN web page.

Include les: The directory ANN containing the three ANN include les, ANN.h, ANNx.h, and
ANNperf.h,
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Library le: ANN.lib,
dil le: ANN.dIlL.

Let us now illustrate how to compile the sample program from scratch. First, you will needto
download the ANN full distribution, and make a copy of the le sampl@ann.sample.cpp

Copy Files: First, copy all the above les to a location that suits your preferences.For the sake
of illustration, we will make the following assumptionsin the subsequen presenation, but
you may usewhatever directories you like (in fact, they can all just be the samedirectory).

Source le: Copy the le annsample.cppo a directory containing your project source les,
say, C:nMy Sources

Include les: Copy the contents of the directory ANN, which cortains the three ANN include
les, to a directory where your include les are stored, say, C:nMy Includes (Alterna-
tively, you can store this in the default directory where the linker looks for standard li-
braries, somethinglike C:nProgramFilesyMicrosoft Visual Studio.NET 2003V c7ninclude)

Lib le: Copy the le ANN.lib to a directory whereyour library les are stored, say, C:nMy
Libs (Alternativ ely, you can store this in the default directory where the linker looks
for standard libraries, something like, C:nProgram FilemMicrosoft Visual Studio .NET
200Vc7nlib.)

DLL le: Copy the le ANN.dIl to a directory whereyour DLL les are stored, say, C:nMy
DLLS. (Alternativ ely, you can store this in the system directory on your path environ-
ment variable, say, C:nWINDOWSnsystem32)

Create a New Pro ject: Open Visual Studio .NET and selectthe command\New Project." Se-
lect the appropriate project type. For annsample this will be \WIN32 Console Project.”
Enter the desiredproject name (say, \ ann.samplg) and enter the path name of the directory
whereyou would like the project les to be stored. (This may just be the samedirectory that
corntains ann.sample.cppsources.)

Add the Source: Selectthe menu option \Pro ject" ! \Add Existing Item" and usethe browser
window to selectyour copy of the le annsample.cpp

Lo cation of the include les: In the\Solution Explorer" window, nd the entry for your project
name (say, \ ann.samplé€) and right click and select\Prop erties.” From the resulting pop-up
window select\C/C++" | \General." Locatethe eld named\Additional Include Directo-
ries" and enter the full path name of the directory into which you copiedthe directory ANN,
say, \C:nMy Includes. (If you choseto copy this directory to the default include directory,
this is not necessary)

Location of the Library: In the \Solution Explorer" window, window, nd the entry for your
project name (say, \ ann.sampl€) and right click and select\Prop erties." From the resulting
pop-up window select\Link er" ! \General." Locate the eld named\Additional Library
Directories" and enter the full path name of the directory where you stored ANN.lib, say,
\CnMy Libs'. (If you choseto copy this le to the default library directory, this is not
necessary

Location of the DLL: The systemseardiesthe directories whosenamesappear in the Path en-
vironment variable for the locations of DLL les. If you have chosento store ANN.dIl in
your WINDOWSnsystem32directory, then you not needto do anything more, since this will
be searhed. If you stored the le in a dierent directory, then you needto add this nhame
to your Path variable. To do this, rst open the Control Panel and select\System™" (under
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\P erformance and Maintenance”). Click on the \Adv anced" tab and select\En vironment
Variables". Find the variable \P ATH" or \P ath" (either under \System variables" or \User
variables"). If it doesnot exist, then add it and enter in it the full path name of the directory
where you stored the le ANN.dIl, for example\ C:nMy Libs'. If it already exists, click the
variable name to highlight it, and then click the \Edit" button. At the end of this string
append a semicolon(\;") followed by the above path hame.

Compile your program: To compile the program return to Visual Studio .NET and selectthe
menu command\Build" ! \Build Solution." (It should not produceany error messagesbut
if it complainsabout not being ableto nd ANN.h then reched the above step about include
les. If it complains about not being able to nd ANN.lib then reched the above step about
the library le.)

At this point you should be able to execute the program. To do this, open a Command
Prompt window, and go to the directory cortaining the executable le annsample.exe Then enter
annsample It should print the program's usagemessage.(If it complainsthat ANN.dIl could not
be found, reched the above step about DLL les.) This is not very interesting. If you copy the
les sampledata.pts and samplequerypts from the full ANN distribution into this directory, then
the sample program can be run using the command:

ann_sample -df data.pts -gf query.pts

2.2 Conguring ANN

In this section we describe a number of methods for con guring ANN. Theseinclude dealing with
di erent distance measuresaltering the typesof coordinates, and dealing with the issueof whether
a point can be its own nearestneighbor. It was felt that these features are typically set once for
any given application, and that it would signi cantly complicate the library to allow support all
possiblecombinations of settings. For this reason,these changesare made by altering ANN's main
header le include/ANN/ANN.h. Once set, they cannot be changedwithout recompiling the ertire
library .

2.2.1 Norms and Distances

ANN computesthe distance betweentwo points p and g asthe length of the vector di erence

P g=(Po Q:Pr Gu;iiPd 1 Gd 1)

ANN's internal structure is oriented towards this type of distance, and it does not support, nor
can it be easily modi ed, to handle other types of similarity measures,e.g., the cosinesimilarity
measure,which basedon the inner products of two vectors.

ANN employs a simple (but not elegar) method for computing vector lengths, which allows all
the Mink owski norms. Given a vector v, and positive integer k, de ne the Minkowski L norm to
be 0 1=

X
kvk, = @ jvij<A
0 i<d
The familiar Euclidean norm is just the L, norm, and is ANN's default. The Manhattan norm is
the L, distance. The max norm is the limiting caseask tendsto in nit y

kvk; = omgé( jvij:
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As mertioned earlier, for the purposesof comparing the relativ e sizesof distances,it is not necessary
to compute the nal power of 1=k, and so ANN doesnot do so. With someabuseof notation, we
refer to the resulting quantit y asthe squared norm (even though squaringis only applicable to the
Euclidean norm).

In general, ANN assumesthat the distance between points p and q is computed as the length
of the di erence vectorv = p q, by the following formula:

kvk = root(pow(vg)  pow(vi) powm(Vq 1));

whereroot(), pow() are unary functions and is any assiative and commutativ e binary oper%or

For example, in the default caseof the Euclideannorm, pow(x) = x2, x y = x+Yy and root(x) =

It isassumedthat pow() takesan argumert of type ANNcoord and returns an ANNdist. The operator
works on objects of type ANNdist, and root() takesan argumert of type ANNdist and returns an

object of type double ANN doesnot compute the root() function.

There is one more wrinkle in modifying distance computations. To speed-upthe internal dis-
tance computations in nearestneighbor searding in high dimensional space,ANN usesa technique
called incremental distance calculation [AM93a]. In incremental distance calculation, we are given
two vectors u and v, which di er only in one known coordinate, i, suc that ju;j < jvij. Further,
suppose we already know kuk. We can compute kvk in any Minkowski norm with only an addi-
tional constart number of computations (independen of the dimension). For this, we needa binary
operator , which behaveslike an inversefor the  operator. Then

kvk = kuk  (pow(ui) ~ pow(vi)):

When s addition, then we de ne  to be subtraction. In the caseof the L1 norm, where s
max, there is no inversefor . But we can exploit the facts that for this metric, pow is absolute
value,and jujj jvij anddene x vy =y, to achieve the desiredresult.

The main header le, include/ANN/ANN.h, contains a set of macroswhich control the computa-
tion of norms. They are ANN_POW, ANN_SUM (for ), ANN_ROOT, and ANN_DIFF (for ). The
following table shows the values of these functions and corresponding macros for the Mink owski
norms.

Function | Macro L, L, Lp L,
powm(x) | ANN_.POW(x) || jxj x? ixiP X
X Y ANN_SUM(X,y) || X+ y )FS+ y | x+y | max(x;y)

root(x) | ANN_ROOT(X) | x X | x¥FP |x
X y ANNDIFFx,y) ||y X |y X |y x|y

To changethe norm, make the appropriate changesin the header le, and recompilethe library.

2.2.2 More on Points, Cordinates, and Distances

One of the basic issuesin providing a general purpose library for nearest neighbor searding is
that of providing a method for de ning the typesused for point coordinates and distances. One
way to do this would be through the useof templatesin C++ (asis donein CGAL [Ove96]) or by
replicating all of the basicprocedures(asis donein OpenGL [Boa93). In ANN we took the simpler,
but less exible approac of making this a con guration parameter. As a consequenceANN can
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support any combination of coordinates and distances, but only one for any given compilation of
the library.

There are two data typesde ned in the le include/ANN/ANN.h which are usedto de ne these
types. Theseare the data type for point coordinates, ANNcoord, and the type for squareddistances,
ANNdist. Their default valuesare:

typedef double ANNcoord; /I coordinate data type
typedef double ANNdist; /I distance data type

In general, ANNcoord may be setto any signednumeric type: cha, shat, int, long, oat, double
(The reasonfor requiring that coordinates be signedis that the program computesdi erences of
numbers of unknown relative magnitudes.)

The type ANNdist may be set to the desired type to hold squared distances. Obserwe that
ANN(dist should generally be of an equal or stronger type than ANNcoord. That is, if ANNcoord is
setto int, then ANNdist should be either int, long, oat, or double ANN doesnot ched for over o ws
in squareddistance computations.

ANN assumesthat there are two constart values de ned in include/ANN/ANN.h. These are
ANN_DBL_MAX, which storesthe maximum possibledouble value and ANN_DIST_INF, which stores
the maximum possible (squared) distance value. On most systems,ANN_DBL_MAX is assignedto
DBL_MAX, which is de ned in one of the C++ standard include les Himits.hi or hoat.hi.?2 The
value of ANN_DIST_INF dependson the de nition of ANNdist. For example,if ANNdistis double
then ANN_DIST_INF canbe setto ANN_DBL_MAX. If it is long, then the maximum long value (e.g.,
LONG.MAX) can be used.

The routine that dumps a tree needsto know roughly how many signi cant digits there are
in a ANNcoord, so it can output points to full precision. This is de ned as ANNcoordPrec Its
value needsonly be set of ANNcoord is a oating-p oint type. All of these ertities are de ned in
include/ANN/ANN.h.

2.2.3 Self Matc hes

In someapplications of nearestneighbor searding, the nearestneighbor of a point is not allowed
to be the point itself. That is, the nearestneighbor is de ned to be the point of strictly positive
distance that is closestto the query point. This occurs, for example, when computing the nearest
neighbor from ead point in a setto a dierent point in the sameset. By setting the parameter
ANN_ALLOW_SELFEMATCH in the le include/ANN/ANN.h to ANNfalseand then recompiling the
padage,the nearestneighbor must be of strictly positive distancefrom the query point. By default
this parameter is setto ANNtrue, allowing self matches.

2.3 Mo difying the Search Structure

One of the goalsof ANN is to provide a testbed for various data structures for approximate and
exact nearestneighbor searding. ANN providesa number of seard structures, all within a common
framework. For optimum performanceand speed,it is sometimesadvantageousto modify the seard
structure, depending on the nature of the data point or query point distributions. Before describing
these changes,it is important to understand a bit of how the basic data structures operate.

230me older systems do not have these include les. If so, the library should be compiled with the option
-DANN_NO_LIMITS _H, and an appropriate substitute should be provided in include/ANN/ANN.h .
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2.3.1 ANN Data Structures

The two main data structures that ANN supports are kd-trees [Ben90, FBF77] and box-decomposition
trees (or bd-treesfor short) [AMN * 98]. Let us discussead in greater detail.

The kd-tree data structure is basedon a recursive subdivision of spaceinto disjoint hyperrect-
angular regionscalled cells. (SeeFig. 2.) Each node of the tree is assaiated with such region B,
called a box, and is assa@iated with a set of data points that lie within this box. The root node of
the tree is assaiated with a bounding box that contains all the data points. Consideran arbitrary
node in the tree. As long asthe number of data points assaiated with this node is greater than
a small quartit y, called the bucketsize the box is split into two boxes by an axis-orthogonal hy-
perplanethat intersectsthis box. There are a number of di erent splitting rules, which determine
how this hyperplaneis selected. We will discussthesein detail later.

p4° p°5

Pg

P7

Figure 2: A kd-tree of bucket-size one and the corresponding spatial decomposition.

These two boxes are the cells assaiated with the two children of this node. The data points
lying in the original box are split between these two children, depending on which side of the
splitting hyperplane they lie. Points lying on the hyperplane itself may be assaiated with either
child (accordingto the dictates of the splitting rule). When the number of points that are assaiated
with the current box falls below the bucket size, then the resulting node is declared a leaf node,
and these points are stored with the node.

The problem with the splitting operation used in kd-trees is that, when points are highly
clustered, it may either take many splits to partition thesepoints or the splits may result is highly
elongated boxes (which can be problematic when searding is performed). ANN supports the bd-
tree data structure to provide greater robustnessfor highly clustered data sets. The bd-tree is a
variant of the data structure described in [AMN * 98]. It diers from the kd-tree mainly in that, in
addition to the splitting operation, there is a more generaldecomposition operation called shrinking.
As above, consider a node whose assaiate box B contains more points than the bucket size. A
shrinking rule is then invoked. This rule may opt to simply defer and perform a split according
to the prevailing splitting rule. Otherwise, it selectsan axis-aligned box B9 lying within B. The
points lying inside B are assaiated with one child and the points lying outside B ° are assaiated
with the other child. As before, points lying on the boundary of B® may be assaiated with either
child.

Thus, in addition to the data points themseles, a kd-tree is speci ed by two additional pa-
rameters, the bucket size and a splitting rule. A box-decomposition tree is de ned by these two
parameters as well, and an additional parameter, the shrinking rule. ANN provides a number of
di erent splitting rules and shrinking rules. It also provides reasonabledefault values for these
parameters.

The (almost) complete prototypesfor the constructors for kd-trees and bd-treesare given below.
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Refer badk to Section 2.1.2 for de nitions of the data point array pa, humber of points n, and
dimension d. The types ANNsplitRuleand ANNshrinkRuleare splitting rules and shrinking rules.
They are described in later sections.

enum ANNsplitRule { Il splitting rules for kd-trees
ANN_KD_STD, /I standard kd-splitting rule
ANN_KD_MIDPT, /' midpoint split
ANN_KD_FAIR, /I fair-split
ANN_KD_SL_MIDPT, /I sliding  midpoint split
ANN_KD_SL_FAIR, /I sliding fair-split
ANN_KD_SUGGESTY; /I the authors' suggestion for best
enum ANNshrinkRule { /I shrinking rules for bd-trees
ANN_BD_NONE, /' no shrinking at all (just kd-tree)
ANN_BD_SIMPLE, /I simple splitting
ANN_BD_CENTROID, /I centroid splitting
ANN_BD_SUGGEST}; /I the authors' suggested choice
ANNKd_tree( /I build a kd-tree from a point array
ANNpointArray  pa, /I point array
int n, /[ number of points
int d, /I dimension
int bs =1, /I bucket size

ANNSsplitRule split = ANN_KD_SUGGEST); /I splitting rule

ANNDbd_tree( /I build a bd-tree from a point array
ANNpointArray  pa, /I point array
int n, /[ number of points
int d, /I dimension
int bs =1, /I bucket size

ANNsplitRule split
ANNshrinkRule  shrink

ANN_KD_SUGGEST, Il splitting rule
ANN_BD_SUGGEST); /I shrinking rule

2.3.2 Internal Tree Structure

Before discussingthe various splitting and shrinking rules, we digressto discussthe internal struc-
ture of thesetwo trees. This material is not neededfor using the data structures, but it provides
somebadkground for understanding how the seart algorithms work.

The root structure for both kd- and bd-trees contains the sameinformation. It contains global
information sud asthe number of points n, the dimension of the spaced, and the bucket size, b.
It doesnot store the points, but rather maintains a pointer to the array pa of data points given
in the constructor. It allocatesan n-elemen array pidx of point indices. It also storesa bounding
hyperrectanglethat contains all the data points, and a pointer to the root of the kd- or bd-tree.

A leaf node in either type of tree storesthe number of points that are assaiated with this node
(which rangesfrom 0 up to the bucket size) and an array of point indices. This point index array
is actually a subarray of pidx.

A splitting node in a kd-tree contains the following information. First, it storesthe integer
cutting dimension (from Oto d 1) indicating the coordinate axis that is orthogonal to the cutting
hyperplane. Secondit storesthe cutting value wherethis plane intersectsthis axis. It also cortains
the two pointers to the left and right children (containing points lying to the low and high side of
the cutting plane, respectively). The seard algorithm usesa technique called incremental distance
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computation [AM93a] for speedingup the computation of distancesbetweenthe query point and
the assaiated cells of nodesof the tree. In order to implement incremertal distance computation,
it also stores two assaiated piecesof information with the cell. Consider the two hyperplanes
bounding the cell that are parallel to the cutting plane. It storesthe valuesat which these two
hyperplanesintersect the cutting dimension's axis.

Leaf and splitting nodesin a bd-tree contain exactly the sameinformation asin the kd-tree.
The only di erence is that the tree may also contain shrinking nodes. A shrinking node consists
of a set of at most 2d orthogonal halfspaces. Each orthogonal halfspaceis represerted by storing
a cutting dimension, a cutting value (which together de ne an orthogonal hyperplane), and an
integer 1 or +1, which indicates to which side (negative or positive, respectively) of this plane
the halfspacelies. The node contains the number of orthogonal halfspacesbounding the inner box,
and an array of these halfspaces.(The reasonfor not storing all 2d bounding halfspacesis that in
high dimensional applications, the shrinking node may only involve a relatively small number of
halfspaces.)

2.3.3 Splitting Rules for kd-trees

This section describes the various splitting rules for kd-trees that are supported by ANN. Let S
denotethe current subsetof data points to be stored in the tree, let n denotethe number of points
in S, let C denote the current cell. Let R(C) denote the bounding rectangle for the current cell.
The points of S are all cortained in R(C). Let R(S) denote the bounding rectangle for S. This
rectangleis contained within (and may be equalto) R(C). Initially , S is the set of all data points,
and C is the root of the kd-tree, and R(C) is the enclosingbounding rectangle for S. De ne the
aspect ratio of a rectangle to be the ratio betweenits longest and shortest side lengths. Given
a dimension, de ne the point spread of S along this dimension to be the di erence between the
largest and smallest coordinate for this dimension. This is equivalert to the longestside of R(S).

Given a set of numbers A, a median partition of the n numbers is a partition of A into two
subsets,one with bn=2c elemerns whosevaluesare no greater than the median of A, and the other
with dn=2e elemeris whosevaluesare no lessthan the median of A.

ANN_KD_STD: This is called the standard kd-tree splitting rule. The splitting dimension is the
dimension of the maximum spreadof S. The splitting point is the median of the coordinates
of S along this dimension. A median partition of the points S is then performed. This rule
guaranteesthat the nal tree has height dlog, ne, and size O(n), but the resulting cells may
have arbitrarily high aspect ratio.

ANN_KD _MIDPT: This is a simple splitting rule, which guaranteesthat cells have bounded aspect
ratio, and is called the midpoint splitting rule. It simply cuts the current cell through its
midpoint orthogonal to its longest side. It can be seenas a binary variant of a quad tree,
since with every d levels of the tree, a hypercube of side length x is partitioned into equal
hypercubes of side length x=2 ead. If there are ties, it selectsthe dimension with the
maximum point spread.

This rule can produceftrivial splits, meaningthat all of the points of S lie to one side of the
splitting plane. As aresult, the depth of and sizeof the resulting tree can be arbitrarily large,
and both may even exceedn if the points are highly clustered.

ANN_KD_SLMIDPT: This is a simple modi cation of the midpoaint splitting rule, calledthe sliding-
midpoint rule. It rst attempts to perform a midpoint split, by the samemethod described
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above. If points of S lie on both sidesof the splitting plane then the algorithm acts exactly
asit would for the midpoint split.

Howewer, if a trivial split were to result, then it attempts to avoid this by \sliding" the
splitting plane toward the points until it encourters the rst data point. More formally, if the
split is performed orthogonal to the ith coordinate, and all the points of S have i-coordinates
that are larger than that of the splitting plane, then the splitting plane is translated so that
its ith coordinate equalsthe minimum ith coordinate among all the points of S. Let this
point be p1. Then the points are partitioned with p; in one part of the partition, and all the
other points of S in the other part. A symmetrical rule is applied if the points all have ith
coordinates smaller than the splitting plane.

This rule cannotresult in any trivial splits, implying that the tree has maximum depth n and
sizeO(n). It is possibleto generatea cell C of very high aspect ratio, but it can be shown
that if it does,then C is necessarilyadjacert to a sibling cell C°that is fat along the same
dimensionthat C is skinny. It turns out that cells of high aspect ratio are not problematic
for nearestneighbor searding if this occurs.

ANN_KD_FAIR: This is a compromise between the standard kd-tree splitting rule (which always
splits data points at their median) and the midpoint splitting rule (which always splits a box
through its certer. It is called the fair-split rule. The goal of this rule is to achieve as nicely
balanceda partition as possible,provided that the aspect ratio bound is never violated.

A constart FSASPECTRATIO = 3is de ned in the source le src/kd_split.cpp. Given a cell,
it rst determinesthe sidesof this cell that can be split in someway sothat the ratio of the
longestto shortestsidedoesnot exceedFS ASPECTRATIO areidenti ed. Among thesesides,
it selectsthe onein which the points have the largest spread. It then splits the points in the
most even manner possible, subject to maintaining the bound on the ratio of the resulting
cells. To determine that the aspect ratio will be presened, we determine the longest side
(other than this side), and determine how narrowly we can cut this side, without causingthe
aspect ratio bound to be exceeded.

This procedure is more robust than either the kd-tree splitting rule or the pure midpoint
splitting rule when data points are highly clustered. However, like the midpoint splitting
rule, if points are highly clustered, it may generatea large number of trivial splits, and may
generatetrees whosesize exceedsO(n).

ANN_KD _SL FAIR: This rule is called sliding fair-split. It is a splitting rule that is designedto
combine the strengths of both fair-split with sliding midpoint split. Sliding fair-split is based
on the theory that there are two typesof splits that are good: balancedsplits that produce
fat boxes, and unbalanced splits provided the cell with fewer points is fat.

This splitting rule operatesby rst computing the longest side of the current bounding box.
Then it askswhich sidescould be split and still satisfy the aspect ratio bound with respect
to this side. Among these, it selectsthe sidewith the largest spread(just asfair-split would).
It then considersthe most extreme cuts that would be allowed by the aspect ratio bound.
This is done by dividing the longestside of the box by the aspect ratio bound. If the median
cut lies between these extreme cuts, then we use the median cut. If not, then considerthe
extreme cut that is closerto the median. If all the points lie to one side of this cut, then
we slide the cut until it hits the rst point. This may violate the aspect ratio bound, but
will never generateempty cells. However the sibling of every sud skinny cell is fat, as with
sliding midpoint split.
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ANN_KD_SUGGEST:This is the default splitting rule. It is setto the splitting rule which, in the au-
thors' opinion, performsbestwith typical data sets. It is currently setto ANN_KD _SL MIDPT,
the sliding midpoint rule.

2.3.4 Shrinking Rules for bd-trees

This section describesthe various shrinking rules for bd-trees that are supported by ANN. Let S,
C, and n, be the sameasde ned in the previous section and let d denote the dimension

ANN rst attempts to perform shrinking. Each of shrinking rules have the option of electing to
not shrink. If this is the case,then processingis passedto the current splitting rule instead.

ANN_BD_NONE: When this rule is selected, no shrinking is performed at all, only splitting. A
bd-tree generatedwith this shrinking rule is identical to a kd-tree.

ANN_BD_SIMPLE: This is called a simple shrink. It dependson two constarts: BD_ GAP_.THRESH
whosevalueis 0:5, and BD_CT_THRESHwhosevalueis 2. It rst computesthe tight bounding
box of the points, and computesthe 2d gaps that is, the distancesbetweenead side of the
tight enclosing rectangle for the data points R(S) and the corresponding side of the cell's
bounding rectangle R(C). If at least BD_CT_THRESH of the gapsare larger than the length
the longest side of R(S) times BD_GAP_-THRESH then it shrinks all sideswhosegapsare at
least this large. After the shrink has been performed, all of the points of S lie in the inner
box of the shrink, and the outer box contains no points. If none of the gapsis large enough,
then no shrinking is performed, and splitting is performed instead.

ANN_BD_CENTROID: This rule is called a centroid shrink. Its operation dependson two constarts:
BD_MAX_SPLIT_FAC and BD_FRACTION, both of whosevalue are 0:5. It repeatedly applies
the current splitting rule (without actually generating new cells in the tree). In ead case
we seewhich half of the partition cortains the larger number of points, and we repeat the
splitting on this part. This is repeated until the number of points falls below a fraction of
BD_FRACTION of the original sizeof S. If it takesmore than dim*BD _MAX _SPLIT_FAC splits
for this to happen, then we shrink to the nal inner box. All the other points of S are placed
in the outer box. Otherwise, shrinking is not performed, and splitting is performed instead.

ANN_BD_SUGGEST:This is the default shrinking rule. It is setto the shrinking rule which, in the
authors' opinion, performsbestin most circumstances. It is currently setto ANN_BD _SIMPLE

2.4 Search Algorithms

ANN supports two di eren t methods for seardiing both kd- and bd-trees. The rst is called standard
sarch. It is the simpler of the two methods, and visits cells in order basedon the hierarchical
structure of the seard tree. The secondmethod, called priority search, visits cells in increasing
order of distance from the query point, and hence, should corverge more rapidly on the true
nearest neighbor. Howewer, priority seard requires the use of a heap, and so has a somewhat
higher overhead. When the error bound is small, standard seard seemgo be slightly faster. When
larger error bounds are used, or when early termination is used (described in Section 2.4.3 below)
then priorit y seard seemsto be superior.
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2.4.1 Standard Search

Standard seard is an adaptation of the seard algorithm described by Friedman, Bentley, and Finkel
[FBF77], but for approximate nearest neighbor searding. The algorithm operates recursively.
When rst encourtering a node of the kd-tree the algorithm rst visits the child that is closestto
the query point. On return, if the box cortaining the other child lies within 1=(1 + ) times the
distance to the closestpoint seenso far, then the other child is visited recursively. The distance
between a box and the query point is computed exactly (not approximated), using incremenal
distance updates, as described by Arya and Mount [AM93a].

The seard is similar for bd-trees. For shrinking nodes we compute the distancesto the inner
box and the outer box and recurseon the closer. In caseof a tie, we favor the inner box.

The prototype is given belonv. The argument q is the query point, k is the number of nearest
neighbors, to return nn_idx is an array of at least k point indices, and dists is an array of at least
k elemens of type ANNdist, and eps is the (optional) error bound in nearestneighbor searding.
If epsis omitted or zero, then the k nearestneighbors are computed exactly. The k (approximate)
nearestneighbor squareddistancesare stored in the elemerts of dists, and the indices of the nearest
neighbors are returned in the elemens of nn_idx. An error results if k exceedghe number of data
points. The next two sectionsdescribe the seard algorithms in greater detail.

virtual  void annkSearch( /[l standard search
ANNpoint q, /I query point
int K, /I number of near neighbors to return
ANNidxArray nn_idx, /I nearest neighbor array (returned)
ANN(distArray dists, /I dists to near neighbors (returned)
double eps=0.0); /I error bound

2.4.2 Priorit y Search

Priority seard is described by Arya and Mount [AM93b]. The cell of the kd-tree corntaining the
query point is located, and cells are visited in increasing order of distance from the query point.
This is done asfollows. Whenewer we arrive at a nonleaf node, we compute the distancesfrom the
query point to the cellsof the two children. We enqueuethe further child on a priorit y queue,sorted
by distance, and then visit the closer child recursively. On arriving at a leaf node, we compute
the distancesto the points stored in this node, and continue by dequeingthe next item from the
priority queue. The seard stops either when the priority queueis empty (meaning that the ertire
tree has beenseardied) or when the distance to the nearestcell on the priority queue exceedsthe
distanceto the nearestpoint seenby a factor of more than 1=(1+ ).

The seard is similar for bd-trees. For shrinking nodeswe compute the distancesto the inner
box and to the outer box. We visit the closerone and enqueuethe further, breaking ties in favor of
the inner box. (Note that this diers slightly from the description in [AMN * 98]. There the cell of
the outer child is the set theoretic di erence betweenthe inner box and the outer box, implying a
more complex distance computation.) The prototype for both treesis essetially the sameas that
of the standard seard, described above.

A priorit y-seard variant of annkSeech() is provided, and the prototype is given below. There
is no priorit y-seard variant of the xed-radius seard, annkFRSegch().

virtual  void annkPriSearch( /[ priority  search
ANNpoint o] /I query point
int K, /I number of near neighbors to return
ANNidxArray nn_idx, /I nearest neighbor array (returned)
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ANNdistArray dists, /I dists to near neighbors (returned)
double eps=0.0); /I error bound

2.4.3 Early Termination Option

In situations whereresponsetime is critical, the seart algorithm (either standard or priorit y seard)
can be forced to terminate prior to the normal termination conditions described earlier. This is
done by invoking the function annMaxPtsVisit() The single integer argumert is the maximum
number of points that the seard algorithm will visit beforeterminating. The algorithm maintains
a count of the number of points visited, and tests this quartit y beforevisiting ead leaf node. Since
the test is only made prior to visiting ead leaf, it may visit someadditional points depending on
the bucket size.

The bound remainsin e ect until it is changedby a subsequen call to this function. To disable
early termination, call the function with the argumert 0. This is not a member function, but a
free-standing procedure, which setsa global variable. Thus, if there are two seard structures to
which queriesare being performed, and di erent maximum point valuesare desiredfor ead, then
it would be necessaryto call this function prior to switching betweenthe structures.

void annMaxPtsVisit(
int maxPts);

If this bound is set, the neraestneighbor seard proceduresmay terminate before all of the k
nearestneighbors have beenencourtered. Therefore, this function should be invoked with care.

2.5 Search Tree Utilit y Functions

ANN provides a number of utilit y member functions for gathering statistics on kd-trees and bd-
trees, printing the tree in a format suitable for reading, and dumping the tree for the purposeof
reading it by another program. Sincethey are memnber functions, they are invoked in essetially
the sameway asis the annkSeech procedure.

2.5.1 Prin ting the Search Structure

The procedure Print is usedto print the contents of a kd- or bd-tree in a format that is suitable
for reading. This is provided primarily for debugging purposes. This procedure prints the nodes
of the tree accordingto a right-to-left inorder traversal. That is, for an internal nodeit rst prints
the high (or outer) child, then the node itself, then the low (or inner) child. (This is done this way
becauseby tilting the output clockwise, the traversal appearsto be left to right.)

For eadt leaf, it prints the number of points assaiated with the leaf, and for ead point it
outputs the index of the point. For ead splitting node, it outputs the cutting dimension (cd), the
cutting value (cv), the low bound (Ibnd), and the high bound (hbnd) for the node. For shrinking
nodesit prints the set of bounding halfspaces,two per line. For ead bounding halfspaceit prints
the cutting dimension, the cutting value, and indicates whether the inner box lies on the greater
or lesserside of the cutting value.

The level of the node in the tree is indicated by its indentation in the output. If the boolean
with_pts argumert is true, then the data coordinates points are printed before the tree, otherwise
they are not printed. The other argumert is the output stream to which the output is sen.
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void Print( /I print the tree (for debugging)
ANNbool with_pts, /[ print points as well?
ostream& out); /I output stream

2.5.2 Saving and Restoring the Search Structure on a File

The menber function Dump() copiesa kd- or bd-tree and the assaiated points to a stream. (It
is currently not provided from the brute-force data structure.) The tree is printed in preorder,
rst printing ead node, then the low (or inner) child, followed by the high (or outer child). This
output format is not intended for human reading, but instead for saving the data structure for the
purposesof loading it later, or for consumption by another program (such asann2 g), for analysis
of the tree.

As with Print, the rst argumert indicates whether the points are to be printed, and the second
argumert is the output stream to which the output is sert.

void Dump( /I dumpentire tree
ANNDbool with_pts, /I print points as well?
ostream& out); /I output stream

To restore a saved structure, there is a constructor, which is given an input stream, which is
assumedto have been created through the Dump() function, and createsa seard structure from
the contents of this le. It is assumedthat the le was saved with the points printed.

ANNKd_tree( /I build structure from a dumpfile
istreamé& in); /I input stream for dumpfile

For example,to save the current structure the_treeto ostreamfoo and then load a new structure
from istream bar the following could be used.

ANNKd_tree* the_tree = new ANNKd_tree(...);

the_tree->Dump(ANNtrue, foo); /I save the current tree contents
delete the_tree; /I deallocate (to prevent memoryleaks)
/I ... (sometime later)

the_tree = new ANNKd_tree(bar); /I restore a copy of the old tree

The dump output format consistsof the following elemeris. All ertries on a line are separated
by white space.

Header: A line cortaining #ANN followed the version number for ANN.

Points: If the parameterwith_pts istrue, then this sectionis printed. It starts with aline beginning
with the word points, followed by the dimension of the spaced, and the number of points
n. This is then followed by n lines, ead containing the integer index of the point, followed
by the d coordinates of the point. One issuefor oating point data is the desired output
precision. This is stored in the variable ANNcoordPrecin the le include/ANN/ANN.h.

Tree Structure: The tree structure describesthe tree cortents. It beginswith a single header
entry followed by a seriesof entries, onefor eat node of the tree, givenaccordingto a preorder
traversal of the tree, as described above. There is no distinction made betweenkd-trees and
bd-trees, exceptthat kd-trees have no shrinking nodes.
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Header: This starts with a line corntaining the word tree, followed by the dimension d, the
number of points n, and the bucket sizeb. This is followed by 2 lines, giving the lower
endpoint and upper endpoint of the bounding box of the tree's root cell.

Leaf node: The starts with the word leaf followed by the number of points m stored in this
leaf (from O to b), followed by the m integer indices of these points.

Splitting node: Starts with the word split followed by the cutting dimension, cutting value,
lower bound and upper bound for the node.

Shrinking node: Starts with the word shrink followed by the number of bounding sidesm,
followed by m lines, eat containing a cutting dimension, cutting value, and the side
indicator (1 or 1), for this bounding side.

2.5.3 Gathering Statistics on Tree Structure

The procedure getStats computes statistics on the shape and properties of the seard tree. These
are returned in the structure ANNkdStats This is something of a misnomer, becausethe stats
apply to both kd-trees and bd-trees. This structure is returned (as the argumert) to the following
procedure.

void getStats( /I compute tree statistics
ANNkdStats& st); /I the statistics (returned)

The statistics structure cortains the following public members, which are all set by the call to
getStats The total number of leavesis stored in n_f. In order to save space,ANN distinguishes
betweenleavesthat do and do not contain points. Leavesthat contain no points are called trivial
leaves and are courted in n_tl. (Becausesomesplitting rules may generatea large number of trivial
leaves, ANN savesspaceby storing just onecanonical trivial leaf cell, and ead trivial leaf generated
by the algorithm is implemented by a single pointer to this canonical cell.)

Internal nodesare of two types, splitting nodesand shrinking nodes. The former is counted in
n_spl and the latter in n_shr. Sincekd-trees do not perform shrinking, the value of n_shris nonzero
only for bd-trees. The maximum depth of the tree is stored in depth The aspect ratio of a leaf cell
is the ratio betweenthe lengths of its longestand shortest sides. There is theoretical evidencethat
nearestneighbor searting is most e cien t when the aspect ratio is relatively small (say, lessthan
20). The averageaspect ratio of all the leaf cellsis stored in avgar.

class ANNkdStats { /l stats on kd-tree
public:
int dim; /I dimension of space
int n_pts; /I number of points
int bkt_size; /I bucket size
int n_If; /' number of leaves
int n_tl; /I number of trivial leaves
int n_spl; /I number of splitting nodes
int n_shr, /I number of shrinking nodes (bd-trees only)
int depth; /I depth of tree
float avg_ar; I/l average leaf aspect ratio
}
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2.6 Compile-Time Options

ANN contains a number of options that are activated when the program is compiled. These are
activated or deactivated by adding these parametersto the \ CFLAGS' variable in the le Make-
con g, before compiling the library. For example:

"CFLAGS= -0O3 -Wall -DANN_PERF"

Someof these options are described below (see Make-con g for others). By default, none of these
are active, exceptthe \-O" for optimization.

-O: (or \-0O3") Produce code optimized for execution speed.

-DANN_PERF: This causescode to be compiled that performs additional performance measure-
ments on the e ciency of the structure (e.g., the averageCPU time per query). Setting this
option can slow execution by around 10%.

-DANN_NO_LIMITS_H: Usethis if your systemdoesnot have either of the include les Himits.hi or
hoat.hi, which are neededfor the de nition of system-depgendert quartities like DBL_MAX.
(Also seeinclude/ANN/ANN.h for other changesthat may be needed.)

-DANN_NO_RANDOM: Usethis if your systemdoesnot support the built-in pseudo-randomnum-
ber generators srandom() or random(). Pseudo-random number generation is used in the
utilit y program test/ann_test. (It is not required if you just want to compile the ANN li-
brary.) Virtually all C++ systemsprovide a simple pseudo-randomnumber in the form of
two build-in functions srand() and rand(). Howewer, these functions are inferior to the less
widely available functions srandom()and random(). By setting this option, the program will
use functions srand() and rand() instead. This is neededon most Microsoft Visual C++
systems.
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3 Utilit y Programs

As mentioned earlier, ANN is not just a library for nearestneighbor searding, but it is also provides
a testbed for nearest neighbor data structures and algorithms. There are two utilit y programs
provided with ANN for the purposeof evaluating and visualizing seard structures (under various
splitting and shrinking rules) for a number of di erent data distributions. Theseare ann.test and
ann2 g, described in the following sections. If you are just interested in the ANN library, you do
not needto compile thesetwo programs.

3.1 ann_test: A Test and Evaluation Program

The program ann.test provides a simple script languagefor setting up experiments involving ANN.
It allows the userto generatedata and query setsof various sizes,dimensions,and distributions, to
build kd- and bd-trees of various types, and then run queriesand outputting various performance
statistics.

The program reads commandsfrom the standard input and writes its results to the standard
output. The input consistsof a sequenceof directives, ead consisting of a directive name, followed
by list of 0 or more argumerts (depending on the directive). Arguments and directivesare separated
by white space(blank, tab, and newline). String argumerts are not quoted, and consistof a sequence
of nonwhite characters. The character \#" denotesa commert. The following characters up to
the end of line are ignored. Commerts may only be inserted between directives (not within the
argumert list of a directive).

Directivesare of two generaltypes: operations, which causesomeaction to be performed and
parameter settings which set the valuesof various parametersthat a ect later operations. As eath
line of the input le is read, the appropriate operation is performed or the appropriate parameter
value is set. For example, to build a kd-tree with a certain splitting rule, rst setthe parameter
that cortrols the splitting rule, and then invoke the operation for building the tree.

A number of the operations (particularly thoseinvolving data generation) involve generation of
pseudo-randomnumbers. The pseudo-randomnumber generator can be cortrolled by an integer
seed parameter. Once the seedis set, the subsequen sequenceof pseudo-random numbers is
completely determined. For example,to generateidentical but pseudo-randomdata point setsand
query point sets, rst setthe seedto somedesiredvalue, issuethe operation to generatethe data
points, then resetthe seedto this samevalue, and then issuethe operation to generatethe query
points.

The following sectionlists the basicoperations (directiv esthat perform actions), and the remain-
ing sectionsdescribe various parametersthat a ect how theseoperations are performed. Arguments
and their type are indicated with angled brackets. For example hstringi meansthat the argument
is a character string. String and lename argumerts consist of a sequenceof characters with no
embeddedwhitespaces(blank, tab, or newline). No quoting is needed(nor is it allowed). Currently
there is no facility for placing commerts within the script le.

3.1.1 Operations
output_label hstringi: Prints the string to the output le.

gendatapts: Generatesa set of pseudo-randomdata points. The number of points is determined
by the data_size parameter, the number of coordinates is determined by the dim parameter,
and the point distribution is determined by the distribution parameter. Data points generated
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by an earlier call to this operation or the readdata_pts operation are discarded. Relevant
parameters: data size dim, std_dev, car_coef, colas, seed and distribution.

genquerypts: Same as gendata_pts but for the current query point set. Relevant parameters:
data size dim, std_deyv, car_coef, colas, seed and distribution.

readdata_pts hlei: Readsa setof data points from the given le. Each point consistsof a sequence
of dim numbers (of type ANNcoord) separatedby whitespace (blank, newline, or tab). It is
assumedthat the le contains no more points than given by the data sizeparameter, otherwise
only this many points of the data set are input. Relevant parameters: data size dim.

readquerypts hlei: Same as readdata pts but for the current query point set. The parameter
guerysizeindicates the maximum number of points. Relevant parameters: query.size dim.

build_ann: Builds either a kd-tree or bd-tree for the current data point set according to current
splitting rule (seethe split_rule parameter) and shrinking rule (seeshrinkrule). If the shrinking
rule is \none" then a kd-tree results, and otherwise a bd-tree results. Relevant parameters:
split_rule, shrinkrule.

run_querieshstringi: Apply nearest neighbor searding to the current query point set using the
current approximate nearest neighbor structure (resulting from build_ann for the current
number of nearestneighbors (seenea_neigh), and the current error bound (seeepsilon, and
with the seard strategy speci ed in the argumert. Possiblestrategiesare:
standad: Standard seard. (SeeSection2.4.1.)

priority: Priority seard. (SeeSection2.4.2.)
Relevant parameters: epsilon nea_neigh maxpts_visit.

dumphlei: Dump the current seard structure to the specied le. SeeSection2.5.2. If the dump
le isto bereadby the ann2 g program, then the le nameshould endwith the sux \.dmp".

loadhlei: Loadsatree from a data le that wascreatedby the dump operation. Any existing tree
structure and data point storagewill be deallocated.

3.1.2 Options Aecting Tree Structure:

splitrule hstringi: Type of splitting rule to usein building a kd-tree or bd-tree. Choicesare as
follows. SeeSection 2.3.3for further information.
standad: Perform standard optimized kd-tree splitting.
midpt: Perform midpoint splitting.
fair: Perform fair-split splitting.
sLmidpt: Perform sliding midpoint splitting.
slfair: Perform sliding fair-split splitting.
suggest: Perform the authors' suggestedthoicefor the bestsplitting rule. (Currently sl_midpt.)

Default: suggest
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shrinkrule hstringi: Speci es the type of shrinking rule to usein building a bd-tree data structure.
If noneis speci ed, then no shrinking is performed and the result is a kd-tree. Choicesare as
follows. SeeSection 2.3.4for further information.

none: Perform no shrinking.

simple: Perform simple shrinking.

centroid: Perform certroid shrinking.

suggest: Perform the authors' suggestedchoice for best. (Currently none)

Default: none

buclet_sizehinti: Bucket size, that is, the maximum number of points stored in ead leaf node of
the seard tree. Bucket sizeslarger than 1 are recommendedfor the \midpt" splitting rule
when the dimension is 3 or higher. It is also recommendedwhen performance evaluation
shaws that there are a large number of trivial leaf cells. Default: 1.

3.1.3 Options Aecting Data and Query Point Generation

The test program generatespoints accordingto the following probability distributions.
uniform: Each coordinate is chosenuniformly from the interval [ 1;1].

gauss: Each coordinate is chosenfrom the Gaussiandistribution with the current standard deviation
(seestd_dev) and meanO.

clusgauss: Somenumber of cluster certers (set by the parameter colas below) are chosenfrom the
above uniform distribution. Then ead point is generatedby selectinga random cluster certer,
and generatinga point with a Gaussiandistribution with the current standard deviation (see
std_de\) certered about this cluster certer.

Note that oncethe cluster certers have beenset, they are not changedfor the remainder of
the execution of the program. This is done so that subsequeh calls to generatepoints from
a clustered distribution will be generatedunder the samedistribution.

laplace: Each coordinate is chosenfrom the Laplacian distribution with zeromeanand the standard
deviation one.

Correlated distributions:  The following two distributions have beenchosento model data from
applications in speedt processing.Thesetwo point distributions were formed by grouping the
output of autoregressie sourcesinto vectors of length d. It usesthe following recurrenceto
generatesuccessie outputs:

Xi= Xi 1+ W

where W, is a sequencenf zero-mean,independen, identically distributed random variables.
The recurrence depends on three parameters, the choice of X 1, the choice of W;, and the
value of the correlation coecient, . For both of the distributions below, , is setto the
current value of the parameter car_coef. The valuesof X ; and W; are de ned below. The rst

componert X is selectedfrom the corresponding uncorrelated distribution (either Gaussian
or Laplacian) and the remaining componerts are generated by the above equation. W, is
chosenby marginal density of X, is normal with the current standard deviation.
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co_gauss:Both X1 and W; are chosenfrom the Gaussiandistribution with the current stan-
dard deviation (seestd_dey) and meanO.

co_laplace: Both X1 and W; are chosenfrom the Laplacian distribution zero mean and the
standard deviation one.

clusorth_ats: This distribution consistsof a set points clustered among a collection of lower di-
mensional ats (hyperplanes)within the hypercube [ 1;1]% A setof colar orthogonal ats
are generated eadh of whose dimension is a random integer between 1 and maxclusdim.
The points are evenly distributed among the clusters. For ead cluster, we generate points
uniformly distributed along the at within the hypercube, and with a Gaussianerror with
standard deviation std_devadded. (Seeparameterscola, std_dev, and maxclusdim below.)

clusellipsoids: This distribution consistsof a set points clusteredamonga collection of lower dimen-
sional ellipsoids. A set of cola clusters are generatedead of which is certered about a point
chosenuniformly from [ 1;1]%. Each cluster has a dimension, which is selectedrandomly
from 1 to maxclusdim. For ead of the unselectedcoordinates, the coordinate is certered
around the cluster center with a Gaussianerror with a standard deviation std_dev (which
is presumably small). Otherwise, for the selectedcoordinates, a standard deviation for this
coordinate and cluster is generateduniformly in the range [std_dev.lo; std_dev.hi]. The points
are evenly distributed among the clusters. (Seeparameters cola, std_dey, std_dev, std_dey,
and maxclusdim below.)

planted: In high dimensional spaces,interpoint distancestend to be highly clustered around the
meanvalue. Approximate nearestneighbor searding makeslittle sensein this context, unless
it is the casethat ead query point is signi cantly closerto its nearestneighbor than to other
points. Thus, the query points should be planted closeto the data points. Given a source
data set, this procedure generatesa set of query points having this property.

A sourcedata array and a standard deviation are given. A random point is generated as
follows. We selecta random point from the sourcedata set, and we generatea Gaussianpoint
certered about this random point and perturbed by a normal distributed random variable
with mean zero and the given standard deviation along ead coordinate. (Note that this
essetially the samea clustered Gaussiandistribution, but wherethe cluster certers are given
by the sourcedata set.)

Here are the parametersthat a ect point generation and represenation.

dim hinti: The dimension of the space.(Warning: Once set, if this value is changedthen new data
points and query points should be generated.) Default: 2.

seedhinti: Setthe seedfor future pseudo-randomnumber generation. Default: 0.

data sizehinti: The number of data points. When reading data points from a le, this indicates
the maximum number of points for purposesof storage allocation. Default: 100.

qguerysizehinti: The number of query points. When reading query data points from a le, this
indicates the maximum number of points for purposesof storageallocation. Default: 100.

std_devhoati: The standard deviation (usedin gauss clusgauss and clusorth_ats distributions).
For the clusellipsoidsdistribution it is the small distribution for the unselecteddimensions.
Default: 1.

29



std_devlo hoati: (and std_devhi) are the standard deviations for the selecteddimensionsin the
clusellipsoidsdistribution. Default: 1.

car_coef hoati: The correlation coe cien t (usedin co_gaussand co_lapacedistributions). Default:
0.05.

colas hinti: The number of color classeqclusters) (usedin the clusgaussand clusorth_ats distri-
butions). Default: 5.

max_clusdim hinti: Maximum number of dimensionsin ead at of the clus.orth_ats and clusellipsoids
distributions. Default: 1.

distribution hstringi: The type of point distribution. Thesecan be selectedfrom the list given above.
Default: uniform.

3.1.4 Options Aecting Nearest Neigh bor Searching

epsilonhoati: The relative error bound for approximate nearestneighbor searding. Default: 0.

nea_neighhinti: The number of nearestneighbors to report. This must not exceedthe number of
data points, or an error will result. Default: 1.

max_pts_visit hinti: The maximum number of points to visit beforeterminating. If setto zero,then
the seard runs until its natural termination condition is satis ed. Default: 0 (usethe natural
termination condition).

radiusboundhoati: Sets an upper bound on the nearest neighbor seard radius. If the bound
is positive, then xed-radius nearestneighbor searding is performed, and the cournt of the
number of points in the rangeis returned. If the bound is zero, then standard seardt is used.
This canonly be usedwith standard, not priorit y, seard. Default = 0 (usesstandard seard.)

3.1.5 Options Aecting the Amoun t of Output

The program has a various levels of output \v erbosity.” At the lowest level (silen) no output is
generated,and at the highest level (shav_struct) the contents of the tree, all results, and statistics
are printed. The output levels grow monotonically, so that ead subsequenh level prints all the
information from the previous levels.

stats hstringi: The parameter value may be any of the following.

silent: No output is generated.
exectime: Prints the executiontime in CPU secondsfor queries.

prep_stats: Prints preprocessingstatistics for the tree structure and time to construct are
printed after the build_ann operation has beenperformed. This includes the CPU time
to build the structure, the depth of the seart tree and the number of various types of
nodesin the tree.

guerystats: Prints statistics about the query processingafter the run_queriesoperation has
beenperformed. Theseare described in greater detail below.

gueryres: Prints the results of the queries,that is, the indices of the k nearestneighbors as
reported by the algorithm after run_querieshas been performed.
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showv_pts: This causedata points (or query points) to be printed after operationslike gendata_pts
and read data pts have beenperformed.

shawv_struct: This causesthe contents of the seard tree to be printed after the operation
build_ann has beenperformed.

3.1.6 Options Aecting the Validation

One of the interesting aspects of approximate nearest neighbor searding is that the program
typically producesaverage approximation errors that are much smaller (often by a factor of 10)
than allowed by the error parameter eps

This program can be usedto measurethe average error over a set of queries. This is done
by rst running the queriesusing the approximation algorithm and saving the results, and then
running the queriesusing exact nearestneighbor searding (which is done by the brute-force data
structure). The averageerror for a single reported nearestneighbor at distance x, is computed by
rst nding the distance x to the corresponding true nearestneighbor. If x = x = 0 then the
error is de ned to be 0, and otherwiseit is (x X )=x . Theseerrors are computed for all query
points and over all k nearestneighbors for ead query point.

As part of the validation process,the program cheds that no error exceedseps and issuesan
error messagsf this is violated.

The secondtype of error is called the rank error. De ne the rank of the data point as the
number of data points that are at least as close as this point is to the query point. Thus the
nearestneighbor hasrank 1 (assumingno other points are of equal distance). To compute the rank
error of eadh result, we compute its rank r amongthe true nearestneighbors that were computed.
(If it is further from all the true nearest,then r is true_nn+ 1.) If this point is reported asthe j -th
nearestneighbor (where the closestpoint isj = 1) then the rank error for this point is max(0;j r).
The rank error is computed for all query points and all the k nearestneighbors for ead query point.

validate hstringi: This enablesvalidation. This is usedfor debuggingand error analysis (described
further below). When validation is enabled, some number of exact nearest neighbors (as
indicated by the parameter true_nea_neigh) are computed by a simple brute force algorithm,
and averageerrors and rank errors are computed.

Becausethe brute-force algorithm is used, the validation processcan take a very long time,
especially for large data setsin high dimensional spaces. Valid argumerts are: either on or
o . Default: o .

true_nea_neighhinti: This parameter indicates the number of true nearest neighbors to compute
for the validation process. This information is usedin computing rank errors and average
errors. Its value should be at least as high asthe value of nea_neightor. The default value of
this parameter is 10 more than the value of nea_neigh the number of nearestneighbors for
ead query.

Here is an annotated example of an input to the anntest program. The commerts to the right
are not part of the le. The parametershave beenindented to distinguish them from operations.

output_label test-run-0 # output a label for this run
validate on # enable validation
dim 16 # points in dimension 16
stats query_stats # output performance statistics for queries
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seed 121212 # pseudo-random number seed
data_size 1000
distribution uniform
gen_data_pts # generate 1000 uniform data points in dim 16
query_size 100
colors 10
std_dev 0.05
distribution clus_gauss
gen_query_pts # generate 100 query points in 10 clusters
bucket size 2
split_rule  fair
shrink_rule  none
build_ann # build a kd-tree with fair-split and bucket size 2
epsilon 0.1
near_neigh 5
max_pts_visit 100
true_near_neigh 20
run_queries standard
data_size 500
read_data_pts data.in # read up to 500 points from file data.in
split_rule  sl_midpt
shrink_rule  simple

stop search if more than 100 points seen
compute 20 nearest neighbors when validating
run queries; 5 near neighbors, allowing 10%error

H*H H H

build_ann # build bd-tree; sliding midpoint and simple shrink
epsilon 0
run_queries priority # run the samequeries; with no allowable error

3.2 ann2g : Visualization Tool

The program ann2 g inputs an ANN dump le, asgeneratedby the dump operation of the ann.test
program, and (optionally) the coordinates of the data points, and generatesa 2-dimensionaldisplay
of the geometric structure of the seart tree. The output form is called g format, e.g.,as usedby
the x g program (Ver 3.1). The resulting g le may then be displayed using x g, or corverted to
any of a number of other formats using the Unix program g2dev. An exampleis showvn in Fig. 1
in Section 2.

If the points arein dimension 2, then the ertire tree is displayed. If the dimensionis larger than
2 then the userhasthe option of selectingany orthogonal 2-dimensional\slice" to be displayed. A
sliceis an axis-aligned 2-dimensionalplane in d-dimensional space. We assumethat dimensionsare
numberedfrom Oto d 1. The sliceis speci ed giving the two plane dimensionsthat correspond to
the x- and y-dimensionsof the nal output, and then giving the valuesat which this plane cuts eah
of the remaining coordinate axes, called slicing values There are two ways to specify the slicing
values. The rst is by giving a real default slicing value, z, which meansthat the slicing plane cuts
all the coordinate axes(other than the plane dimensions)at the value z. The other is by specifying
a set of slicing pairs ead consisting of a dimensioni, 0 i < d, and value z, which meansthat
the plane cuts the ith coordinate axis at value z. For example, given a 4-dimensional space,with
coordinates 0 through 3, the 2-dimensional plane x, = 0:5, x3 = 2:4, could be speci ed by the
slicing pairs (2;0:5) and (3; 2:4).

Given the slicing plane, a leaf cell is either disjoint from the slicing plane or it intersectsthe
slicing plane in a rectangle. In the former case,the leaf cell is not displayed. In the latter casethe
rectangleof intersectionis drawn, and all data points lying within the cell are projected orthogonally
onto the slicing plane and then drawn as small circles.
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The input to ann2 g is adump le asgeneratedby the dump operation. It is assumedthat the
le nameendswith the sux \.dmp". The command-lineargumerts to ann2 g (givenbelow) specify
the plane dimensionsand the default slicing value and any slicing pairs. The plane dimensionsare
speci ed by the -dx and -dy command-line options. By default, the plane dimensionsare 0 and 1
for the x- and y- display dimensions,respectively. The default slicing value is speci ed by the -sv
options. Its default value is 0. Each slicing pair is speci ed by the -sl option, which is followed
by two numbers, the slicing dimension and the slicing value. There may be any number of slicing
pairs speci ed by repeating the -sl option. Other than the plane dimensions,if slicing pairs are not
speci ed for a dimension, then the default slicing value is usedinstead.

The gure is bounded by the intersection of the bounding box of the kd- or bd-tree with the
slicing plane. The size and placemen of this bounding box in the nal gure is cortrolled by
specifying the x- and y-o sets of the box (through the -x and -y relative to the upper left corner of
the gure (in inches), and the length of the longer side of the box (through the szoption). The box
is translated and scaledto match this o set and longestside length beforedrawing. By default the
o sets are ead 1 inch, and the sizeis 5 inches.

There are also command-line argumens to specify the number of g units per inch (the -upi
option), and the radius of the circles usedfor drawing points (the -ps option, givenin g units).
The default units per inch value is 1200, and the default point sizevalue is 10 g units.

Here is a summary of the command line argumerts. Square brackets are used to represert
optional argumerts, the asterisk ( ) meansthat the argumert may be repeated zeroor more times.
The le nameis given without the \.dmp" sux, and the output is written to a le with the same
name, but with the sux \.g".

ann2 g [-upisale] [-x xoset] [-y yoset] [-szsize] [-dx dimy] [-dy dim _y]
[-sl dim value] [-ps pointsize] le
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