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Abstract
With m processors available, thenearest neighbor classifier can be straightforwardly |(edizzed

with a linear speed increase of facter. In this paper we introduce two methods that in principle are
able to achieve this aim. The first method splits the testrset parts, while the other distributes the
training set overn sub-classifiers, and merges their nearest neighbor sets with each classification.
For our experiments we useMBL, an implementation of thé-NN classifier that uses a decision-tree
structure for retrieving nearest neigbors, and that engpfenture weighting. While the first method
consistently scales linearly, with the second method wemescases of both superlinear and sublinear
scaling. Analysis shows that superlinear scaling can owedtlr datasets of which the feature weights
exhibit a low variance; retrieval of nearest neighbors ftbmtree structure becomes exponentially slower
with more data. Hence, the retrieval of classifications fransubclassifier decision structures based on
1/mth parts of the training set can be substantially more thaimes faster.

1 Introduction

The k-nearest neighbork¢NN) classifier [5, 8, 1] is a classic machine learning altjor of which the
most distinctive feature is its reliance on the originalrtidg examples, rather than an abstracted model
based on them, to classify new examples. Yet, this so-cidledlearning approach (no energy is spent
on creating an abstract model) has the drawback of beingisl@lassification. Since every classification
involves the comparison of a new example to all examplegdtormemory, a naive implementation of the
k-NN classifier take®)(n f) to classify, where is the number of training examples, afiés the number of
features.

In this paper we describe two parallelization approaches-MN aimed at improving classification
speed. The two approaches can run on multiple-processmdsh@emory architectures, and are based on
TimBL [7], an implementation ofs1 [1] with feature weighting and other similarity functiomlence-
ments. The first parallelization, ML (multiple TIMBL s), makes trivial use of the power provided by
processors by cloning one classifier intcclassifiers, and running a master process that hands/euh of
the test set in parallel to each cloneuMBL exhibits near-linear scaling, only hindered by some prsiogs
overhead of its master process.

The second parallelization,iRBL (distributedTIMBL), is also aimed to scale linearly with more pro-
cessors available, by directly diminishing the rolenoin O(nf). DIMBL spawnsm sub-classifiers each
trained onl /mth part of the training set (i.e., an/m examples). These smaller sub-classifiers, running on
m processors in parallel, each classify the entire test seétd so in less time than a classifier trained on
the complete data set would; according to the worst-casgleiity O(n f), one would expect in /mth of
the time. A master classifier gathers thenearest neighbor sets of the subclassifiers, and mergesthem
form the final nearest neighbor set to base the classification

We describe both methods in Section 2. In Section 3 we desotibexperimental setup, and in Section 4
we compare TMBL to its two parallel versions. We observe near-linear sppedith MUMBL, as expected,
but we observe some remarkable superlinear speedups witaLD However, we also observe cases in
which DIMBL is not much faster than a single classifier. In Section 5 weudisthese results and formulate
an explanation on the different speedup results ioffd .



2 Two parallelizations of k-NN

We present two parallelizations of a particular implemgataof the classidk-NN classifier, TMBL [7].

We first describe this implementation, which is in itselfttaghan a naive implementation 5NN due to
the implementation of fast retrieval heuristics for searghor thek nearest neighbors, and improvements
through parallelization cannot be seen but relative to #ie gf these heuristics. We then introduce MBL
and DMBL.

2.1 TimBL: Trie-based k-NN

In TImMBL [7], the similarity function is implemented as a kernel dalpeof accomodating several distance
metrics in various spaces, weighted by information-theéorstatistical, or probabilistic estimations. Of
these metrics, the feature weighting metric enables trermé@ation of the nearest neighbor set to be faster
than in the worst case. We introduced feature weightingAaN classification under the name igf1-1G

[6], as the factoww; in the distance functiok (X, Y) to compute the distance between two instanesnd

Y, whered(z;, y;) is the function computing the distance between the valutsafurei of both instances:

AX)Y) = Z w; 6(zi,Yi) (1)
i=1

An appropriately-chosen feature weighting metsitells the classifier which features are more important
than others, i.e., which features should weigh more heavithe distance function. A feature can be so
important that a nearest neighbousthave the same value as the new example has at that featuinés If t
is the case, it means that, with the help of a simple indexchkefar a nearest neighbor can be restricted
to only those memory examples having the same value at theréeaith peak importance. In the extreme
case that, when ranked by their feature weight, each higirdeed feature has a weight larger than the sum
of all lower weights (such as in the ordered weight sequénges, 8,16, .. .), the search for thé nearest
neighbors actually reduces to a deterministic top-dowetsal down a decision tree, where this tree is a
compression in the form of a trie. Classification in a decigiee of that type has a complexity OX(f),

i.e. in the order of the number of features (the matching afifiee values over branching tests can be done
in constant time with a hash function at each node). In thdeof complexity, the factor (the number of
training examples) has disappeared, making classificaperd essentially independent of the original size
of the training set.

In reality, feature weights tend to have a variance that isasoextreme as we just sketched. Then
again the variance can be large enough to allow classifitidibe faster tha®w(n f), and in fact approach
O(f). We enabled this in IMBL by compressing the training set into a decision tree stradi]. Training
examples are stored in the tree as paths from a root node #&d;dHe arcs of the path are the consecutive
feature-values, and the leaf node contains the class labtld original example (or a distribution of classes
if the same path leads to more than one class label). Fronothddwn, examples with identical feature
values are collapsed into single paths, creating a comgutedata structure. The distance computation for
the nearest neighbor search can re-use partial resultatios prhich share prefixes (i.e. matches on the most
important features). When search has traversed to a céstaghof the tree, the amount of similarity that
can still contribute to the overall distance can be compudadhe basis of which entire branches of the tree
can be discarded as none of the examples stored there wilbevable to rise above the similarity of the
least similar of thé: nearest neighbors found so far. By doing this search depthtfie similarity threshold
gets set to high-threshold values quickly, so that largespirthe search space can be ignored early on.

2.2 MumBL: Multiple TIMBLS

If m processors are available;NN classification can always be linearly scaled by simplyning clones

of the same classifiem times in parallel, and letting each of them classifymth of the examples to
be classified. Individual classifications are performechatdame speed as in a single classifier, but the
workload of classifying a test set is distributed. This isaivthe MumBL wrapper does. More specifically,
the wrapper performs the following procedure:

1. It splits the test set im equally-sized parts;

2. It creates a tree-based compression of the training set on



3. It spawns clones of thelWiBL classifier, each equipped with the same tree-based conpresthe
training set, and hands out a differdritnth part of the test set to each clone;

4. It monitors progress, and concatenates the predictibasdones when they are all ready.

In a multi-processor machine with equally powerful CPUscknes will be finished at approximately
the same moment. One would expect that the whole process ahlceitl /mth of the time it would take a
single classifier, hence, linear scaling could be expectéioe number of processors.

2.3 DimBL: Distributed TiMBL

In contrast with MUMBL’s strategy of splitting the test set, 8L splits the training set im parts, and as-
signs these smaller partsto TIMBL classifiers. Withn processors, a training set withabeled examples,
and a test set, theiBL wrapper works its way through the following procedure:

1. It computes the global feature weights of the training set
2. It splits the training set im parts;

3. It spawnsn TiMBL classifiers, giving them eadhymth of the training set (i.e., with /m examples)
and the globally computed feature weights;

4. Each of the sub-classifiers creates a tree-based coragresssion of itsl/mth training set, and
activates itself on a processor;

5. Case by case, the wrapper sends all test examples toladl gpawned iIMBL classifiers, and retrieves
all of their nearest neighbor sets; it merges these setsaisingle set, from which a majority class
label is extracted.

The DimBL wrapper thus has two distinct functions: first, it is the reagtrocess which spawns sub-
classifiers and talks to these sub-classifiers continuditskends test examples, and retrieves nearest-
neighbor sets). Second, it performs the final step of ti¢N classifier, by finding the class with the
highest vote in the global nearest neighbor set, which igegon the basis of the sets submitted by the
sub-classifiers. The merging operation is computatioralyligible compared to the: nearest neighbor
retrieval operations; it consists of (1) merging the netamegghbor sets, (2) selecting tkenearest distances
from the merge, as different sub-classifiers may have fowatast neighbors at different distances, and
(3) performing the normal counting operation that detessithe most prominent class in the resulting
nearest neighbor set.

DimBL performs a heavier computational task than theMaL wrapper. On the other hand, as each
sub-classifier is trained arymth of the training set, they can be expected tarbémes as fast as a classifier
trained on all data, hence itis to be expected that linedinggar near-linear scaling, may be achieved with
DIMBL.

2.4 Related research

We briefly review earlier approaches to fast retrievak afearest neigbors, and to parallelizationkeiN
classification.

Perhaps the best known fasNN retrieval method igd-trees [3]. Our trie-based approach can be seen
as a special variant dfd-trees. One key difference between our approach and défsplementations of
kd-trees is that the latter do not store class label informnatiut rather pointers to examples at their nodes.
Our approach behaves more like a regular decision-tresifiasretrieving class label counts immediately
from the tree, instead of postponing that to a separate pl#fasather deviation from standavetl-trees is
that we drive our compression by information-theoretictatistical feature weighting heuristics, also in the
same way that a decision-tree learner operates.

Our approach to retrieving nearest neighbors can also eediktok-AESA (Approximation and Elimi-
nating Search Algorithm) [19, 10], a depth-first search gtho that tries to limit the search space efficiently
by trying to set the least simildr-nearest distance to a competitive level as quickly as ptessiWherek-
AESA is defined for metric spaces, our approach applies tdsfimspaces.



Most work on parallel processing for machine learning [2012] has focused on running full classi-
fiers in parallel, e.g. in voting ensemble architectures.sii this work used to be largely driven by the
availability of single-machine, shared-memory massivalbal hardware. Recently, MPI (message passing
interface) computing and Grid computing in clusters hawebge more popular and more easily available
than single-machine parallel hardware. There is some teeark on using MPI and Grid computing for
parallelizingk-NN classification. [11] describe an MPI approach to pafdliN classification across a
cluster of computers, where the test set is split (like ioNsL), attaining near-linear speedup figures. [2]
describe a complex layered architecture in which they riargelscale cross-validation experiment with
NN classifiers to determine an optimal valuekodn a large dataset. The architecture uses a combination of
threaded parallelization on single machines, MPI comuaim clusters, and Grid computing for global job
allocation. No clear comparison is provided to enable aadioly that they too arrive at near-linear speedup.

The DiMBL idea of distributing the training set over classifiers cominating in a multi-processor
shared memory setup does not appear to be as widespreadMstie. approach. Yet, a system similar
to DiMBL is described by [9], who report more or less linear gaing-®N on a large numeric three-
dimensional classification task, and diminishing gainneleight parallel classifiers due to 1/0O processing
costs. As our focus is on non-numerical data that allows cesged storage, our findings turn out to be
different from those of [9], as discussed and analyzed imthe sections.

3 Experimental setup

In this study we measure the real (elapsed wall clock) tintakies to classify a test set, on a range of
tasks for which we have a single training-test set split, dadve classification speeds (numbers of test
instances classified per second) from these measuremertstakies are not reported, as we are comparing
alternate implementations of functionally the sakEN classifier, producing the exact same classifications.
We perform these experiments on a single machine with eigti<; and increase the number of parallel
TimBLs from 1 to 7 with each task, with both sasL and DmBL. Not all eight processors are used, to
avoid a process collision of the t1BL and DMBL wrappers with their spawned subprocesses on one of
the processors.

We have run our experiments on five classification tasks flamatural language processing (NLP) do-
main, as this particular domain has a rich offering of largedets with large numbers of examples, features,
feature values, and numbers of classes: Running expesmeétiit these datasets akeNN classification
quickly reveals the limitations aP(n f). The tasks are the following:

Syntactic chunking (CHUNK), the identification of non-recursive syntactical phrageg. verb phrases,
noun phrases) in English text. Each example representsdiwis context of three words to the left
and to the right, with their part-of-speech tags; the clasdes the bracketing and labeling of the
syntactic phrases. The particular data set stems from the GQ00O0 shared task [15].

Named-entity recognition (NER), the identification of named entities (e.g. names of pedptations, and
organisations) in English text. Each example representsrd w its context, as with theHUNK
task; the class label encodes the bracketing and labelingrokd entities. The data set stems from
the CoNLL-2002 shared task [14].

Confusible disambiguation (CONF), disambiguating between the two Dutch wogkbeurd(happened)
andgebeurt(happens or happening), on the basis of the context of fivelsviar the left and to the
right [17].

Trandation (TRANS), sentential translation from Dutch to English, based anEhroparl aligned corpus
of translated European parliament sessions. One exangksents one Dutch word in context (three
words to the left and right) translated to an aligned trigdrgnglish words [18].

Word prediction (PREDICT), the prediction of words in a context of seven words to tlfie énd seven to
the right, in English text [17].

Table 1 lists numbers of training and test examples, numifdisatures and feature value ranges, and
the number and entropy of classes of the five tasksuNK andNER have large numbers of exampleER

1The hardware used for testing has four Dual Core AMD Optei®® 3412 Mhz processors, with 32 Gb of RAM and a SCSI
RAID-controlled disk subsystem. The involved C++ code wasigiled with gcc version 3.4.4. The machine runs Linux kepn@.14.



Table 1: Specifications of the data sets used for the five N&sta

Number of Numberof Range of #of Number of Class
Task trainingex. testex. features feature values classesropy
CHUNK 211,727 43,377 14 44 — 2,669 22 2.65
NER 203,621 46,435 14 45— 23,623 8 0.98
CONF 80,000 19,833 10 1,220-13,883 2 0.92
TRANS 20,000 27,805 7 2,746 — 3,305 2,887 8.93
PREDICT 20,000 20,000 14 3,748 3,748 9.52

Table 2: Settings fok, feature weight, value similarity function, and distancadtion found through
wrapped progressive sampling.

Task k  Weight Similarity Distance
CHUNK 15 GR MVDM IL
NER 3 GR JD ED1
CONF 15 GR MVDM ID
TRANS 35 1G JD ED1
PREDICT 25 GR JD ID

andcoNFhave large numbers of feature values, ardNs andPREDICThave many classes. The latter two
datasets have been kept artificially small, to allow for tkgegiments to be managable in time.

For each task we performed an automatic heuristic searcdmfoptimal set of algorithmic parameters
using wrapped progressive sampling [16]. This proceduimates an appropriate value fby the type of
feature weighting, the value similarity metric, and thetalice function [16]. Table 2 displays the settings
found for the five tasks using this procedure. The valug estimated to be optimal varies from 3 to 35.
As for the other three settings, the differences are lesstantial. Gain-ratio (GR) and information-gain
(IG) weighting are usually correlated [13], as are the medifialue difference metric (MVDM) and Jeffrey
divergence value difference functions, and the three mistéunctions [7].

4 Results

We measured the number of classifications of test instareresggond, and made these measurements rel-
ative to having a single iMmBL classifier. The relative speedups with 2 to 7 parallehdL s in both the
MumBL and DMBL wrappers are visualized in Figure 1. As the left part of therigshows, MiMBL
exhibits a faithful linear speedup, with slight signs ofwetk overhead taking its toll with increasing paral-
lelism.

At the right hand side of Figure 1 the relative speedupsiafd are displayed, showing rather different
results. Three of the five tasks display sublinear speedulte on the other hand two tasks are performed
with superlinear speedups. The three tasks with sublinesadiips areHUNK, NER, andCONF. Especially
theCHUNK task has a remarkably low speedup; with 7 parali@l8L s, classification is only a factor of 1.2
times faster than a singleMiBL . The relative speedups of the other two tasks with 7 parelieisifiers are
only 3.5 forNER, and 3.7 forcONF. The two tasks exhibiting remarkably superlinear speedu@sRANS
(12.6 times faster classification with 7 parallaMBL s), andPREDICT, with a relative speedup factor of
16.7 with 7 parallel TMBL s; more than twice the expected speed gain. Since we exdewadscaling for
both wrappers, the deviating results ofMBL results call for explanations.
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Figure 1: Relative speedup in number of classifications peorsd of MumBL (left) and DMBL (right) on
the five NLP tasks, with increasing numbers of paralleidL s.

Table 3: The standard deviation of feature weights (whesenan is normalized t6.0) and the relative
speed gain of DMBL with seven sub-classifiers, for each of the five tasks. Simeenl gains (larger than 7)
are displayed in bold.

Std. deviation Relative

Task of weights speed gain
CHUNK 0.91 1.2
NER 0.80 35
CONF 0.47 3.8
TRANS 0.26 12.6
PREDICT 0.03 16.7

5 Discussion

As detailed earlier in Section 2MiBL s implementation of-NN includes a heuristic search shortcut in the
k-NN searching procedure that can safely ignore vast supaféhe memory (compressed in a decision-tree
structure), provided that there is a clear difference betwieatures with high weights and with low weights.
In other words, when there is a subset of important featdresgL can focus on looking among nearest
neighbor candidates that have the same values on thesesfeasithe instance to be classified, and ignore
the rest, while still returning the exaktnearest neighbors that a naive implementation (with coxitgle
O(nf)) would produce.

A sensible estimation of the spread in feature weights ig gtandard deviation. Table 3 lists the
standard deviation of each of the five tasks’ feature wejgtith the mean normalized th0. The table also
lists the relative speedup attained on each task bysD with seven parallel TMBL s in the third column
(“weights”). Although it should be noted that the list cdhges only a limited number of measurements,
the Pearson correlation coefficient is strongly negative,-a —0.939 (t = —4.7, p < 0.05), suggesting an
inverse relation between a high variance in feature wejgimts the effect of DMBL.

All reported results were obtained with single fixed-sizrting—test splits (cf. Table /refspecs). Both
extreme outcomes, the near-zero gain of parallelizatitm@w UNK, and the superlinear gain WiHREDICT,
raise the question whether these increases are accidentdief particular splits investigated. Figure 5
displays the speed curves ofNBL and TimBL on both tasks, where one speed curve plots the number of
seconds it takes to classify a fixed test set of 20 thousatahioss (in each of the tasks), and whers BL
works with seven processors. WitlHUNK, classification times increase very modestly, if at allyrive
thousand training examples onwards, it takes nearly confitae to classify the same 20 thousand test
examples. In other words, classification seems to be almdspiendent ofi; the decision tree optimum
of O(f) appears to be approached due to the large differences urdaaeights. This explains the relative
lack of effect of parallelisation; reducing the size of thaning set fromm to 1/m actually hardly causes a
speed gain.

In contrast, the speed curve ofViBL on thePREDICTtask shows a sharp exponential upward trend. It
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Figure 2: Speed curves ofi@BL and TiMBL on PREDICTandCHUNK, in terms of the number of seconds
taken in classifying 20 thousand examples of both taskagusiprocessors for imBL. For reference, the
dashed-dotted line represeni&th of TiIMBL's speed on theREDICTtask.

becomes very inefficient to classify test examples even wiagmed on a few thousand examples; a doubling
of the amount of training data leads to far more than douldeathount of classification time. The speed
curve of DMBL shows essentially the same upward trend, but at a conslgistalver rate. For comparison,
Figure 5 displays a reference line (dashed-dotted) reptiesgel /7th of the speed of IMBL on PREDICT,

it is clear that DMBL operates faster than that, and the advantage (the veriitahde between the curves)
also increases with more training examples. Thus, wittraining examples, MBL can be beyondn
times faster than imBL. On the other hand, although it postpones the exponentedteflso DmBL falls
prey to it in the end.

6 Conclusions

It has been observed earlier that when parallelizingithéN classifier, linear scaling in the number of
parallel threads can be attained by splitting the test set parts, and simultaneously runningclones of
the k-NN classifier with the full training set in memory. We testibis relatively trivial procedure in the
form of the MumMBL wrapper, and indeed attained linear scaling on five NLP task®paring to a single
TiMBL classifier.

As an alternative, we proposed theMBL wrapper, which splits the training setin parts, instead of
the test set. The wrapper spawnsTIMBL classifiers, each trained drimth part of the original training
set. DMBL classifies a new instance by requesting the nearest neigbtsof that instance from each of
the spawned classifiers, and merges the nearest neighbdo swte, from which the final classification is
derived.

Although DIMBL is expected to yield linear scaling, as shown earlier in dlamapproach td:-NN
classification in numeric feature spaces [9], it turns oyprimduce both sublinear and superlinear scaling
with different data sets. The sublinear scaling can bebatied to the fact that the base classifiem 8L,
already has a strong search heuristic implemented, baséebture weights and related tal-trees and
k-AESA, that neutralizes the effect of parallelization.

Superlinear scaling witlk-NN classification, on the other hand, turns out to be possiih datasets
that have features with little variance in their weights. &teibute the superlinear scaling to the fact that the
base classifier iIMBL becomes exponentially slower when trained on linear irsggaf examples. Hence,
lowering the amount of training data from to 1 /m cases per sub-classifier, speeds up each classifier more
thanm times. The two best observed speedup factors were 12.6 amsldtion task, and 16.7 on a word
prediction task, both performed with only 7 parallel cléiess.

In future work we intend to perform large-scale experimemth more data and more processors in
supercomputers, to affirm empirically our suspicion that shiperlinear scaling of ImBL can in fact be
higher with larger training sets than the current highesesgpips, while there must also be a negative effect



of the merge operation with increasing numbers of sub-fiass
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