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Abstract—This paper explores the scalability issues associated
with solving the Named Entity Recognition (NER) problem
using Support Vector Machines (SVM) and high-dimensional
features and presents two implementations to address these
issues. The NER domain chosen for these experiments is the
biomedical publications domain, especially selected due to its
importance and inherent challenges. The performance results of
a set of experiments conducted using existing binary and multi-
class SVM with increasing training data sizes are examined and
compared to results obtained using our new implementations.
Our baseline machine learning approach eliminates prior
language or domain-specific knowledge and achieves good out-
of-the-box accuracy measures that are comparable to those
obtained using more complex approaches. The training time of
multi-class SVM is reduced by several orders of magnitude,
which would make support vector machines a more viable and
practical machine learning solution for real-world problems
with large datasets. The first implementation – SVM-PerfMulti
– is a new instantiation of SVM-Struct v3.0 built as a
standalone C executable. The second implementation – SVM-
MultiDB – is an embedded database solution for both binary
and multi-class SVM, built as a server-side extension of
PostgreSQL.
Index Terms—Named entity recognition, support vector
machines, database extension, bioinformatics.

I. INTRODUCTION

Named entity recognition (NER) is one of the important tasks

in information extraction, which involves the identification

and classification of words or sequences of words denoting a

concept or entity. Examples of named entities in general text

are names of persons, locations, or organizations. Domain-

specific named entities are those terms or phrases that denote

concepts relevant to one particular domain. For example,

protein and gene names are named entities which are of

interest to the domain of molecular biology and medicine. The

massive growth of textual information available in the

literature and on the Web necessitates the automation of

identification and management of named entities in text.

The task of identifying named entities in a particular

language is often accomplished by incorporating knowledge

about the language taxonomy in the method used. In the

English language, such knowledge may include capitalization

of proper names, known titles, common prefixes or suffixes,

part of speech tagging, and/or identification of noun phrases in

text. Techniques that rely on language-specific knowledge may

not be suitable for porting to other languages. Moreover, the

composition of named entities in literature pertaining to

specific domains follows different rules in each, which may or

may not benefit from those relevant to general NER.

In previous work [8], a simple architecture that eliminates

language and domain-specific knowledge from the named

entity recognition process is applied to the English biomedical

entity recognition task, as a baseline for other languages and

domains. The biomedical field NER remains a challenging

task due to growing nomenclature, ambiguity in the left

boundary of entities caused by descriptive naming, difficulty

of manually annotating large sets of training data, strong

overlap among different entities, to cite a few of the NER

challenges in this domain. The approach used reduces the pre-

and post-processing of the textual data to a minimum and

capitalizes on SVM’s strong generalization ability to classify

the named entities. The accuracy measures achieved are

comparable to those obtained using more complex techniques,

which encourage us to explore ways to improve the scalability

of multi-class support vector machines. In this paper, we

present a new instantiation of SVM-Struct v3.0 [13] that

extends the improved binary SVM algorithm – SVM-Perf [14]

– with a multi-class cutting plane algorithm that reduces the

multi-class training time by several orders of magnitude. We

refer to the new multi-class implementation as S V M -

PerfMulti . We also present a new database-supported

implementation that incorporates the learning and

optimization algorithms of both SVM-Perf and SVM-

PerfMulti. For the sake of simplicity, we will refer to the

binary classification component of  the database

implementation as SVM-PerfDB  and will refer to the multi-

class component as SVM-MultiDB. Finally, the results of a set

of scalability experiments using existing and new SVM

solutions are reported. These experiments use binary and

multi-class SVM with a large set of real-world data from the

biomedical literature.

In Section II, the theory of binary and multi-class support

vector machines is briefly introduced. Section III describes the

experiments’ design and summarizes the results of a baseline

experiment conducted during the previous work [8] in order to

assess the feasibility of our language and domain-independent

machine learning NER approach using SVM and high-

dimensional features. The baseline experiment design reduces

pre-processing to feature extraction and eliminates the use of

prior language or domain knowledge. The training time and
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performance results of the baseline experiment are vastly

improved using the new SVM-PerfMulti and SVM-MultiDB

implementations, which achieve good out-of-the-box accuracy

and performance measures. We briefly describe the new SVM-

Perf structural SVM formulation and the cutting plane

algorithm of SVM-PerfMulti  in Section IV. The database

architecture and schema of SVM-PerfDB and SVM-MultiDB are

presented in Section V. Finally, we report the results of

several sets of single-class and multi-class scalability tests

using existing and new SVM implementations and increasing

training data size in Section VI.

II. SUPPORT VECTOR MACHINES

The Support Vector Machine (SVM) is a powerful machine

learning tool based on firm statistical and mathematical

foundations concerning generalization and optimization

theory. SVM is based on Vapnik’s statistical learning theory

[28] and falls at the intersection of kernel methods and

maximum margin classifiers. Support vector machines have

been successfully applied to many real-world problems such as

face detection, intrusion detection, handwriting recognition,

information extraction, and others.

Support Vector Machine is an attractive method due to its

high generalization capability and its ability to handle high-

dimensional input data. Compared to neural networks or

decision trees, SVM does not suffer from the local minima

problem, it has fewer learning parameters to select, and it

produces stable and reproducible results. However, SVM

suffers from slow training especially with non-linear kernels

and with large input data size. Support vector machines are

primarily binary classifiers. Extensions to multi-class

problems are most often performed by combining several

binary machines in order to produce the final multi-

classification results. The more difficult problem of training

one SVM to classify all classes uses much more complex

optimization algorithms and are much slower to train than

binary classifiers.

A. Binary Support Vector Classification

Binary classification is the task of classifying the members of

a given set of objects into two groups on the basis of whether

they have some property or not. Many applications take

advantage of binary classification tasks, where the answer to

some question is either a yes or no. The mathematical

foundation of Support Vector Machines and the underlying

Vapnik-Chervonenkis dimension (VC Dimension) is described

in details in the literature covering the statistical learning

theory [2, 3, 12, 28] and many other sources.

The main objective of support vector machines is to find

the optimal hyperplane separating positive and negative

examples by maximizing the margin between the two classes.

In mathematical terms, the problem is to find
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B. Multi-class Support Vector Classification

For classification problems with multiple classes, different

approaches are developed in order to decide whether a given

data point belongs to one of the classes or not. The most

common approaches are those that combine several binary

classifiers and use a voting technique to make the final

classification decision. These include:  One-Against-All [28],

One-Against-One [17], Directed Acyclic Graph (DAG) [22],

and Half-against-half method [19]. A more complex approach

is one that attempts to build one Support Vector Machine that

separates all classes at the same time. In this section, these

multi-class SVM approaches are briefly introduced. Fig.

compares the decision boundaries for three classes using a

One-Against-All SVM, a One-Against-One SVM, and an All-

Together SVM [2]. Overlapping areas represent unclassifiable

regions, where a point x is either positively identified as

belonging to more than one class, or is negatively identified

relative to all classes.

Fig. 1 Comparison of Multi-Class Boundaries

1) One-Against-All Multi-Class SVM

One-Against-All [28] is the earliest and simplest multi-

class SVM. For a k-class problem, One-Against-All

maximizes k hyperplanes separating each class from all the rest

by constructing k binary SVMs. The ith SVM is trained with

all the samples from the ith class against all the samples from

the other classes. To classify a sample x, x is evaluated by all

of the k SVMs and the label of the class that has the largest

value of the decision function is selected.
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2) One-Against-One or Pairwise SVM

One-Against-One [17] constructs one binary machine

between pairs of classes. For a k-class problem, it constructs

2)1( !kk  binary classifiers. To classify a sample x , the

sample is evaluated by each of the 2)1( !kk  machines. The

class that gets the largest value of the decision function by

most machines is chosen as the classification of x.

3) Half-Against-Half SVM

Half-Against-Half multi-class SVM [19] is useful for

problems where there is a close similarity between groups of

classes. Using Half-Against-Half SVM, a binary classifier is

built that evaluates one group of classes against another group.

The trained model consists of at most ! "k2log
2 binary SVMs.

To classify a sample x, this technique identifies the group of

classes where the sample x belongs, than continues to evaluate

x with a subgroup, and so on, until the final class label is

found. The classification process is similar to a decision tree

that requires ! "k2log  evaluations at most.

4) All-Together or All-At-Once SVM

An All-Together multi-classification approach is

computationally more expensive yet usually more accurate

than all other multi-classification methods. Hsu and Lin [9]

note that “as it is computationally more expensive to solve

multi-class problems, comparisons of these methods using

large-scale problems have not been seriously conducted.” The

experiments reported in this paper are an attempt to classify a

large-scale problem using this approach.

The All-Together approach builds o n e  SVM that

maximizes all separating hyperplanes at the same time.

Training data representing all classes is used to generate the

trained model. With this approach, there are no unclassifiable

regions as each data point belongs to some class represented in

the training dataset. Fig.  illustrates the elimination of

unclassifiable regions in this case.

The All-together multi-class SVM poses a complex

optimization problem as it maximizes all decision functions at

the same time [5]. The idea is similar to the One-Against-All

approach. It constructs k two-class rules where the mth

function bxw
T

m
+)(!  separates training vectors of the class m

from the other vectors. There are k decision functions but all

are obtained by solving one problem. The primal formulation

of the optimization problem [2, 9] is to find:

! !
= =

+
k

m

l

i

im

T

m
w

Cww
im 1 1
, 2

1
min "

"

(3)

s.t. liexwxw i

i

mi

T

mi

T

yi
,...,1,)()( =!"! #$$

myemye
i

m

ii

m

i
!"="  if ,1 and , if ,0 where

and the decision function is )(argmax k 1,...,m xw
T

m
!=

.

Algorithms to decompose the problem [9] and to solve the

optimization problem [26] have been developed, however, the

All-Together multi-class SVM approach remains a daunting

task. The training time is very slow which makes the approach

so far unusable for real-world problems with a large data set

and/or a high number of classes. In this paper, we present an

improved multi-class solution and use it with a large set of

real-world data to identify biomedical named entities.

C. SVM Scalability and Usability Challenges

Bennett and Campbell [4] discuss the common usability and

scalability issues of support vector machines. In this section

we summarize the SVM scalability challenges noted in the

literature and in practice, which include:

• Optimization requires O(n
3
) time and O(n

2
) memory for

single class training, where n is input size (depending on

algorithm used).

• Multi-class training time is much higher, especially for

All-Together optimization, and larger number of classes.

• Slow training, especially with large input datasets and/or

non-linear kernels.

In addition to the scalability issues, tuning support vector

machines requires the selection of a suitable kernel function

and model parameters. Model parameters are often selected

using a grid search, cross-validation, or heuristic-based

methods. Selection of a suitable kernel function for the

problem at hand is another designer-determined factor.

Moreover, management and organization of learning and

classification results in a manner that fosters their reusability

and integration with other pre- or post-processing modules is

currently not easily achievable.

III. BASELINE EXPERIMENTS

Our baseline experiment [8] aims to identify biomedical

named entities using Support Vector Machines (SVM) [28],

due to their generalization capability and their ability to

handle high-dimensional feature and input space. The training

and testing data use the JNLPBA-04 shared task [16] data,

which is a subset of the GENIA annotated corpus [15] of

MEDLINE articles. The names of proteins, cell lines, cell

types, DNA and RNA entities are previously labeled. The

named entities are often composed of a sequence of words.

The training data includes 2,000 annotated abstracts

(consisting of 492,551 tokens). The testing data includes 404

abstracts (consisting of 101,039 tokens)  annotated for the

same classes of entities. The fraction of positive examples

with respect to the total number of tokens in the training set

varies from about 0.2% to about 6%. Basic statistics about the

data sets as well as the absolute and relative frequencies for

named entities within each set can be found in [16].

The training and test data pre-processing involves

morphological and contextual features extraction only, using

the JFEX software [6]. No language-specific pre-processing

such as part-of-speech or noun phrases tagging is used. No

dictionaries, gazetteers, or other domain-specific knowledge

are used. The generated feature space is very large, including

over a million different features. All features are binary, i.e.,

each feature denotes whether the current token possesses this

feature (one) or not (zero).

The morphological features extracted include checking
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whether a token is capitalized, numeric, is a punctuation, is all

in uppercase, is all in lowercase, is a single character, is a

special character, includes a hyphen, includes a slash, is

alphanumeric, contains caps and digits, and a general regular

expression summarizing word shape. In addition, a contextual

collocation of tokens active over three positions around the

token itself is used in order to provide a moving window of

consecutive tokens which describes the context of the token

relative to its surrounding.

A comparison of the performance of our baseline multi-

class experiment to other systems using SVM for biomedical

NER is presented in [8]. Using a low value of the

regularization factor C=0.01, the overall recall measure

achieved is 62.43%, with a precision measure of 64.50%, and

a final F-score of 63.45%. While the baseline experiment

achieved performance measures that are comparable to those

obtained using more complex approaches such as [6, 25, 29],

the training time using the All-Together multi-class SVM

implementation, SVM-Multiclass [5, 26] was very high.

Learning with the complete training dataset completed in 97

hours on a Xeon quad-processor 3.6 GHz machine.

TABLE I
SVM-PERFMULTI MULTI-CLASS EXPERIMENT RESULTS

VS. SYSTEMS USING JNLPBA-04 DATA

System
Overall Performance

Recall/Precision/F-Score

Zhou [30]
Habib

76.0 / 69.4 / 72.6
67.9 / 66.4 / 67.2

Giuliano [6] 64.4 / 69.8 / 67.0
Song [25] 67.8 / 64.8 / 66.3
Rössler [23] 67.4 / 61.0 / 64.0
Habib [8] 62.3 / 64.5 / 63.4
Park [21] 66.5 / 59.8 / 63.0
Lee [18] 50.8 / 47.6 / 49.1
Baseline [16] 52.6 / 43.6 / 47.7

The training time is reduced by several orders of magnitude

using our new SVM-PerfMulti cutting plane algorithm, briefly

described in Section IV (see Table III for a sample

comparison). The performance measures are also improved to

reach an overall recall measure of 67.9, with a precision of

66.4 and an F-score of 67.2 – an almost 4% out-of-the-box

performance improvement. Protein named entities are

identified with a 75.00 recall,  64.19 precision, and 69.17 F-

score. This places the performance of SVM-PerfMulti in

second place as compared to other published results. Table I

compares the performance measures attained with different

systems. It is important to note that our out-of-the-box

performance is attained with no pre- or post-processing other

than feature extraction and labeling. No external knowledge is

used. The baseline performance in [30] is 60.3 F-score, which

is boosted to 72.6 during post-processing with the use of

additional dictionaries to relabel misclassified entities. We

consider our performance of 67.2 F-score to be a baseline

measure, which may be boosted in post-processing with the

use of external dictionaries and lists of known named entities,

if available.

IV. IMPROVED LINEAR SVM TRAINING TIME

While conducting the scalability experiments, presented in

details in Section VI, we examine the differences between the

learning algorithm of SVM-Light [10-12], and that of SVM-

Perf [13, 14, 26, 27] on the total training time, memory

usage, and number of support vectors. Since SVM-Multiclass

[5, 26] uses SVM-Light’s learning algorithm, and given the

similar observations noted in the experiments using SVM-

Light and SVM-Multiclass, we explore the possibility of

extending SVM-Perf’s structural learning algorithm to the

multi-class classification problem.  

A. SVM-Perf Structural Formulation

SVM-Perf [14] improves the training time for linear binary

classification problems by using a new SVM formulation that

combines constraints from the original SVM formulation (2).
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B. SVM-PerfMulti Cutting Plane Algorithm

In order to investigate the potential improvement in training

for multi-class learning using the learning algorithms

implemented in SVM-Perf [14] for training linear machines,

we developed an initial prototype and the preliminary

experiments resulted in a tremendous improvement of the

training time while achieving same or better accuracy measures

as SVM-Mul t ic lass . A sample of the training time

improvement is reported in Table III. The initial prototype is

motivated by the observation of the number of support vectors

produced in the binary case using SVM-Light and in the multi-

class case using SVM-Multiclass. During the initial scalability

experiments, we noted that the number of support vectors in

both cases is is O(n
0.8

) w.r.t. the training data size. Using

SVM-Perf combined constraints learning algorithm, the

number of support vectors in the binary case is reduced from

several thousands to less than a hundred.

SVM-PerfMulti [7] expands the structural formulation of

SVM-Perf to solve the multi-class classification case. Using
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the one-slack formulation, the linear multi-class optimization

problem in (2) is replaced by
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For the multi-class problem, we use a stack of constraint

vectors 
k
cccc ,...,,

21
= , where k is the number of classes.

The algorithm iteratively finds the stacked vector of most

violated constraints and repeats until no more constraints can

be found which violate by more than the desired precision _.

The cutting plane algorithm finds the difference between the

classification score of the correct class 
i

T

yi
xw  and the best

classification score among all other classes 
i

T

m
xw , where

i
ym ! . A constraint is violated if the difference is greater

than a fraction of the combined training error. To accelerate the

learning process, the algorithm increases the training error

threshold value after each iteration using an acceleration

factor, thereby increasing the gap between the violated and the

non-violated constraints. The acceleration factor is a fraction

of the maximum correct classification score, which provides a

reasonable indication of the decision boundary. Acceleration

can be disabled by using a zero valued factor. The default

acceleration factor in SVM-PerfMulti is 0.0001.

TABLE II
SVM-PERFMULTI & SVM-MULTIDB

PERFORMANCE MEASURES PER NAMED ENTITY TYPE

Named Entity
Performance

Recall/Precision/F-Score

Protein 75.00 / 64.19 / 69.17
DNA 57.89 / 70.64 / 63.63
RNA 59.30 / 62.96 / 61.08

Cell Type 58.49 / 78.58 / 67.06
Cell Line 52.43 / 51.19 / 51.80
Overall 67.93 / 66.39 / 67.15

Correct Right 81.37 / 79.52 / 80.43
Correct Left 74.62 / 72.93 / 73.77

V. DATABASE-SUPPORTED SVM IMPLEMENTATION

In this section, we present an SVM solution assisted by a

special database schema and embedded database modules. The

solution incorporates the learning and optimization algorithms

of SVM-Perf and SVM-PerfMulti. The database schema design

allows storage of input data, evolving training model(s), pre-

computed kernel outputs and dot products, and output data.

The aim of this approach is to improve scalability by reducing

the online memory requirements and to foster SVM usability

by providing a framework for easy reusability and

manageability of the learning environment and

experimentation results.

Using a relational database to support SVM has been

attempted in [24] and a more complete yet different solution is

included in the Oracle 10g data mining product (ODM) [20].

MySvmDB [24] addresses the high memory requirements by

using a relational database to store the input data and

parameters. It does not handle the computational time

limitations. In fact, communicating constantly with the

database system is known to negatively impact the

performance due to the cost of fetching stored data.

The only SVM database implementation that tackles

usability and scalability issues is Oracle 10g commercialized

SVM integration into the Oracle Data Mining (ODM) product

[20]. Oracle’s approach to reducing the number of data points

considered for training uses “adaptive learning” where a small

model is built then used to classify all input data. New

informative data points are selected from all remaining input

data and the process is repeated until convergence or until

reaching the maximum allowed number of support vectors.

Our approach does not reduce the input data size in order to

evaluate the efficacy of the database-embedded modules in

providing a scalable solution.

Oracle’s multi-class implementation uses a one-against-all

classification method where several binary machines are built

and scoring is performed by voting for the best classification.

The number of binary machines in this case is equal to the

number of classes in the training data. Our SVM-MultiDB

approach uses all-together training and classification where

only one machine is built and used for classification. The new

embedded database modules supporting both the single class

case as well as the all-together multi-class case can be used to

implement the other multi-class learning approaches

combining binary machines, if needed.

Building a growing list of previously identified and

annotated named entities will be made possible by the

database repository, which would provide a valuable resource

to constantly improve the classification performance. The

evolving gazetteer list can be used during preprocessing or

post-processing to annotate and/or correct the classification of

newly discovered named entities thereby boosting the overall

performance.

A. SVM Database Architecture

The PostgreSQL [1] open-source database management system

is chosen due to its rich features, adherence to standards, and

the flexible options to extend DBMS via internal or embedded

functions. In order to reduce the communication overhead with

the database backend, we extend the database server with

embedded C functions. This also provides a better integration

of all components. Database triggers are used for frequently

updated values to ensure data integrity and improve the

potential parallelization of the learning and database processes.

Fig. 2 presents the architecture used in the current

implementation. Pre-processing (feature extraction) and post-

processing (evaluation) modules are kept outside of the

database modules for simplicity. Additional supporting

modules exist to import/export training and test examples,

import/export training model(s), and trigger functions to

compute derived data fields. To improve the usability of the

SVM solution, we will provide a web-based user-friendly

interface that allows the user to define new learning problems

and parameters, import/export training and testing data and/or
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model(s), and monitor the execution of the learning process.
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Fig. 2 Database Architecture with Embedded SVM

For the sake of simplicity, we will refer to the binary

classification component of the database implementation as

SVM-PerfDB  and will refer to the multi-class component as

SVM-MultiDB. The embedded database modules are written in

C using PostgreSQL’s Server-Side Programming Interface

(SPI) to access and manipulate the data. The main objectives

of using a database-supported solution are:

• Use improved learning algorithms in order to reduce the

training time. This is achieved by using SVM-Perf and

SVM-PerfMulti as a basis of the implementation.

• Reduce the online memory requirements by storing input

examples and generated constraint vectors. A known

concern of using a database in place of memory-based data

structures is the potentially negative impact on

computational time due to the need of frequent access to

permanent storage. To remedy for this adverse reaction,

one needs to minimize the need to refetch data, possibly

by storing intermediate results of smaller size in memory.

•  Improve usability of the SVM solution and provide a

practical framework for SVM learning and classification.

B. SVM-MultiDB Database Schema

The database schema design of SVM-MultiDB aims to provide

a practical framework for binary and multi-class SVM learning

and classification. Fig. 3 presents the main database schema.

The objectives of the schema are the following:

•  Reduce online memory needs of a learning exercise by

storing input examples and generated constraint vectors.

•  Provide a way to store training and/or testing example

datasets independent of a learning exercise.

• Be able to define multiple SVM experiments using the

same training and/or testing datasets.

• Be able to use a subset of existing datasets for a learning

experiment. This would be useful to conduct a grid search

of the best learning parameters.

• Be able to reuse the same SVM exercise definition with

different learning parameters.

• Be able to label the same example dataset differently in

different learning exercises. For e.g., the same dataset

may be used for binary classification of different named

entities or for multi-class classification using a different

number of classes as part of individual learning exercises

without the need to reload the example dataset.

• Provide a way to store intermediate kernel evaluations and

dot products of constraint feature vectors.

•  Provide a way to store the generated most violated

constraint vectors and learned model(s) for future

classification use and potentially for new incremental

learning algorithms.

• Be able to classify different test datasets at any time using

existing learned model(s).

• Easily maintain the definition of learning experiments and

parameters and examine their results.

As presented in Fig. 3, the main table definitions

supporting SVM learning and classification are the following:

• Example_set: defines a new set of training and/or test ing

examples.

• Example: individual example input vectors that belong to

a given example set. Note that the label stored is the

original textual label, for e.g., B-protein, and not a given

class number in order to facilitate the use of class

identifications within different exercises.

• Label_set: defines a set of class labels.

•  Label: individual textual to class number mapping that

belongs to a given label_set.

• Kernel: a lookup table of valid kernel types.

• SVM: defines a selection of all or part of an example set

and a given label set, to be used for a learning exercise.

• Learn_Param: defines a set of learning parameters.

•  SVM_Learn: defines a specific learning exercise for an

SVM definition and a set of learning parameters.

• SVM_Model: a set of generated constraints belonging to

a given learning exercise. Support vectors that are selected

for the final learned model are marked using the selected

Boolean field. Computed alphas of the final learned

model for each selected support vector are stored.

•  SVM_Model_Kernel: may be used to store kernel

evaluations (dot products for the linear case) in order to

reduce computational redundancy and the need to refetch

feature vectors for kernel computation.

• SVM_Classify: defines a classification exercise.

•  Classified_example: stores computed predictions of

classified examples for a given classification exercise.
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Fig. 3 SVM-MultiDB Database Schema

C. Tradeoff of Training Time vs. Online Memory Needs

Using the SVM structural formulation for either binary of

multi-class learning, the training time is improved by

combining feature vectors into vector(s) of most violated

constraints. The generated vectors require larger memory as the

size of each constraint vector is O(f) in the binary case and

O(fm) in the multi-class case, where f is the number of features

in the training set and m is the number of classes. For e.g., for

a training set with 1,000,000 features and 10 classes – and

assuming 8-bytes per feature to store feature number and its

weight – a binary constraint vector may need up to 8MB of

memory while a multi-class vector may need up to 80MB.

These estimates constitute a worse-case scenario, where all

features are represented in each vector for all classes. In

practice, using the JNLPBA-04 training dataset with over a

million features and 11 classes, the multi-class constraint

vector size was about 0.5MB. Fig. 4 presents the online

memory requirements with varying training data size for

binary training (using regularization factor C=0.01, 0.14, and

1.0) as well as for the multi-class training. Note that although

the multi-class constraint vector size is potentially 11 times

larger in this experiment, the actual memory needs are less

than this estimate, and not much larger than that needed for

binary classification with a larger regularization factor C.

SVM-PerfMulti Memory Size vs. Number of Examples
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Fig. 4 SVM-Perf and SVM-PerfMulti Memory Usage vs. Data Size
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By examining the time spent in different parts of the

learning algorithm, it is noted that about 50% of the time is

spent computing argmax to find the most violated constraints

using the original input vectors, and the other 50% is spent

optimizing the model using the constraint vectors. We will

examine the impact of storing each vector type in the database

on the overall training time.

1) Effect of Fetching Examples from Database

SVM-MultiDB provides a configurable example caching

with three different options: no caching (i.e., examples are

always fetched from the database), full caching (all examples

are prefetched into memory), and a limited cache size where a

predefined number of example records is fetched as needed. As

expected, increasing the cache size minimizes the time impact

up to a certain size after which we see an impact due to longer

prefetch time. However, since the example vectors are

requested only once and in a sequential manner to compute the

most violated constraint, the overall impact of keeping

example vectors in the database and fetching them as needed

had a minimal impact on time in the binary case and almost

no impact on the multi-class case. A comparison of the

training time using an example cache size of 500 is presented

in Fig. 5 for the binary, and in Fig. 6, Fig. 7 for the multi-

class case.

2) Effect of Fetching Support Vectors from Database

Constraint and support vectors occupy more memory than

example vectors and would result in a huge saving of online

memory if maintained in the database. However, the existing

C implementation of SVM-Perf and SVM-PerfMulti require

frequent access to the feature vectors during the optimization

process, mostly to compute kernel products and update linear

weights. Moreover, using a variable support vector cache size

may not be useful due to the frequent non-sequential access to

the support vectors. An initial direct porting of the C

implementations to database implementation without in-

memory support cache negatively impacted the overall training

time, which was expected. An efficient database

implementation requires optimizing access to the constraint

feature vectors by caching kernel evaluations in memory and

minimizing the number of loops used to compute other

intermediate results. An initial test of kernel product caching
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(no constraint caching) resulted in about 50% time reduction.

VI. SVM SCALABILITY EXPERIMENTS

In this section, the results of several sets of scalability

experiments using single-class and multi-class SVM are

examined. These experiments use the same training and test

datasets described in Section III. The datasets represent a real-

world problem, namely the biomedical named entity

recognition, to identify the names of proteins, DNA, RNA,

cell lines, and cell types in biomedical abstracts. The approach

used promotes language and domain independence by

eliminating the use of prior language-specific and domain-

specific knowledge. Pre-processing of the training and test

datasets is limited to extracting morphological and contextual

features describing words in the biomedical abstracts and

representing each vector with a high-dimensional binary

vector. The input dimensionality of the training data exceeds a

million features. The training data is composed of 492,551

examples and the test data includes 101,039 tokens.

The scalability experiments train single-class and multi-

class support vector machines using chunks of the training

dataset with increasing size. The trained model is then used to

classify named entities in the complete test dataset. The

training time is noted in each experiment as well as the

number of support vectors and the accuracy measures achieved.

Several sets of experiments are conducted using different

training data sizes, which include:

• Single-class experiments identifying protein names using

Thorsten Joachims’ popular SVM-Light [10-12], and a

regularization factor C=0.01 and 0.1.

• Single-class experiments identifying protein names only

using the new SVM implementation, SVM-Perf [13, 14,

26, 27], and a regularization factor C=0.01, 0.14, and

0.1.

• Single-class experiments identifying protein names only

using our database embedded solution, SVM-PerfDB, and

a regularization factor C=0.01, 0.14, and 0.1.

•  Multi-class experiments identifying all five named

entities (protein, DNA, RNA, cell line, cell type) using

Joachims’ multi-class implementation, SVM-Multiclass

[5, 26] with a regularization factor C=0.01.

•  Multi-class experiments identifying all five named

entities using our new multi-class instantiation, SVM-

PerfMulti [7] with an acceleration factor=0.0001.

•  Multi-class experiments identifying all five named

entities using our database embedded solution, SVM-

MultiDB with an acceleration factor=0.0001.

• The training data chunks range from 1,000 examples to

492,551 examples (the complete training dataset). Each

set of experiments consists of 51 tests.

• All experiments use a linear kernel and a margin error of

0.1. The tests run on an Intel Core 2 quad-processor 2.66

GHz machine and a Xeon quad-processor 3.6 GHz

machine. Running the same test on both machines

completed in similar training time.

A. Single-Class Results

Using SVM-Light [10-12], a single-class support vector

machine is trained to recognize protein name sequences. The

trained machine is then used to classify proteins in the test

data. Since no pre-processing was performed on the training

and testing data besides features extraction, the positive

examples in the data sets remained scarce. Training the SVM-

Light machine with the complete training dataset and a

regularization factor C=0.01 completed in about 28.5 minutes.

The recall, precision, and F-score achieved in this case are

62.72, 56.12, and 59.23 respectively. Increasing C  to 1.0

raised the training time to about 269 minutes, and improved

the accuracy measures to 68.92, 58.58, and 63.33 respectively.

The same set of experiments is repeated using SVM-Perf

[13, 14, 26, 27], which improves training time of linear

machines to be linear w.r.t. the training data size. The training

time improvement using SVM-Perf is several orders of

magnitude as compared to that using SVM-Light, with the

same classification results when trained with the same learning

parameters. Fig. 5 compares the training time using both

SVM-Light, SVM-Perf, and SVM-PerfDB with the same data

and learning parameters. The training time using SVM-Light is

polynomial O(n
2
) while being linear using SVM-Perf and

SVM-PerfDB. The number of support vectors using SVM-

Light is O(n
0.8

) w.r.t. the training data size. However, using

SVM-Perf, the number of support vectors was only a very

small fraction of the training data size and increased slightly

with increased data size. The reduced number of support

vectors is the main basis for the improved training time of

SVM-Perf. The best recall, precision, and F-score measures re

achieved using C=0.14 and are 73.10, 62.30, and 67.27,

respectively, where learning completes in about 15 minutes.

B. Multi-Class Results

The SVM-Multiclass implementation by T. Joachims is based

on [5] and uses a different quadratic optimization algorithm

described in [26].  Hsu and Lin [9] note that “as it is

computationally more expensive to solve multi-class

problems, comparisons of these methods using large-scale

problems have not been seriously conducted. Especially for

methods solving multi-class SVM in one step, a much larger

optimization problem is required so up to now experiments

are limited to small data sets.” The multi-class experiments

presented herein attempt to solve a real-world large-scale

problem using an All-Together classification method. The

training data is composed of 11 classes where each named

entity is represented by two classes – one denoting the

beginning of an entity and the other denoting a continuation

token within the same entity – in addition to one class

denoting non-named entity tokens.
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SVM-PerfDB vs. SVM-Perf & SVM-Light Training Time 
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SVM-PerfDB (Middle) Training Time vs. Training Data Size

To explore the scalability issues of the All-Together multi-

class SVM implementation, a series of experiments using

different training data sizes is conducted with a low value for

the C learning parameter equal to 0.01. The training time with

1,000 examples was 3.187 seconds and it increased

considerably with increased data size to reach 416,264.251

seconds (6,937.738 minutes or 4.8 days) on the same

machine.

The SVM-Multiclass [5, 26] implementation is based on

the learning implementation in SVM-Light [10-12]. The

training time remains polynomial O(n
2
) w.r.t. the training data

size with a factor of O(k
2
) increase in time as compared to the

single-class SVM-Light time, where k is the number of classes.

The training time required for All-Together multi-class

training is prohibiting to using this approach with large

datasets. SVM-PerfMulti and SVM-MultiDB address this issue

by using an improved cutting plane algorithm in conjunction

with the linear learning algorithm of SVM-Perf. Table III and

Fig. 6 compare the training time using the three methods.

Fig. 7 takes a closer look at the impact of examples caching in

SVM-MultiDB using a cache size of 500 examples. Note the

minimal impact on training time in this case.
TABLE III

COMPARISON OF SVM-PERFMULTI, SVM-MULTIDB,  AND SVM-
MULTICLASS TRAINING TIME (SECONDS) VS. TRAINING DATA SIZE

Training
Data
Size

SVM-Multiclass SVM-PerfMulti

SVM-MultiDB
(Examples

Cache
Size=500)

5,000 94.213 15.370 15.553

10,000 355.101 38.110 34.798

20,000 1,453.887 75.724 79.963

50,000 7,784.148 254.326 268.901

100,000 23,531.920 788.916 716.954

200,000 91,632.975 1,866.653 1830.997

300,000 165,178.301 2,528.715 2594.110

400,000 310,408.398 4,488.086 4523.788

492,551 416,264.251 5,890.031 6292.167

Fig. 8 presents the impact of the training data size on the

multi-class classification performance measures in terms of

precision, recall, and F_=1-score. Fig. 9 presents the protein

classification performance variation with training data size

using the multi-class approach. Note that the protein

performance measures in this case are superior to the best

achieved using binary classification. The final protein F-score

in the binary case with C=0.14 is 67.27 as compared to an F-

score of 69.17 in the multi-class case.
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VII. CONCLUSION AND FUTURE WORK

In this paper, we present an improved multi-class cutting

plane algorithm that extends the new SVM structural

formulation [14] to improve multi-class linear training time.

We also present a database-supported implementation of the

structural binary and multi-class algorithms that aims to

combine the enhanced training time with a reduction of online

memory needs, and to provide a practical and usable

framework for SVM learning.
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SVM-MultiDB Protein Performance Measures
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A series of experiments is presented in order to explore the

scalability issues associated with solving the named entity

recognition problem using multi-class support vector

machines and high-dimensional features, and compare the

results using the different learning methods. Baseline

experiment results have shown that the proposed language and

domain-independent approach is capable of successfully

recognizing and classifying named entities with reasonable

accuracy measures. The new SVM-PerfMulti cutting plane

algorithm offers good out-of-the-box performance measures

achieved in a training time that is several orders of magnitude

faster than SVM-Multiclass.

The new database implementation of the binary and multi-

class SVM classifiers offers a practical framework for SVM

learning that fosters reusability of learned model(s) and

enhanced usability of the solution. Fetching stored example

vectors from the database is shown to have minimal impact on

the training time. However, frequent access to stored

constraint vectors negatively impacts training time, unless an

efficient in-memory caching of kernel products and

intermediate results is used. Initial attempts to cache kernel

evaluations has proven to be effective. Future work will

attempt to minimize access to the constraint vectors during the

optimization process thereby providing further reduction in

online memory requirements.
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