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Abstract. Linear support vector machines (SVMs) have become one of the
most prominent classification algorithms for many natural language learning
problems such as sequential labeling tasks. Even though the L,-regularized
SVMs yields slightly more superior accuracy than L;-SVM, it produces too
much near but non zero feature weights. In this paper, we present a cutting-
weight algorithm to guide the optimization process of L,-SVM into sparse solu-
tion. To verify the proposed method, we conduct the experiments with three
well-known sequential labeling tasks and one dependency parsing task. The re-
sult shows that our method achieved at least 400% feature parameter reduction
rates in comparison to the original L,-SVM, with almost no change in accuracy
and training times. In terms of run time efficiency, our method is faster than the
original Ly-regularized SVMs at least 20% in all tasks.

Keywords: L,-regularization, part-of-speech tagging, support vector machines,
machine learning.

1 Introduction

Mining large-scale unlabeled data has received a great attention in recent years. Such
methods bring important impacts on not only the system accuracy but also the scal-
ability problems. Though one could train the learners with cloud computing servers,
this is not the true way of handling large-scale natural language learning problems.
Kernel machines, such as support vector machines (SVMs) had been wildly used
as learners in many natural language learning tasks [8]. Nevertheless, the training
time of linear kernel SVM (with either L;-norm [5] or L,-norm [4, 7]) is now can be
obtained in linear time. It is usually the case that the L,-regularized SVMs achieves
slightly better accuracy than the L;-regularized SVMs. Unfortunately, L,-SVM often
generates dense models where most feature weights are small but non-zero. The situa-
tion is even more salient when training large-scale natural language learning tasks,
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like Chinese word segmentations. Maintaining such high-dense feature weights is not
easy for common processors. In addition, the denser the model, the slower the testing
it achieves.

In this paper, we present a cutting-weight algorithm for L,-SVM for sequential la-
beling tasks. Our method iteratively guides the L,-SVM optimization process toward
sparse by disregarding a set of weak features. The classic feature selection approaches
can also provide downstream input to the cutting-weight algorithm. To validate the
effectiveness, we compare our method on three well-known benchmark corpora,
namely, CoNLL-2000 syntactic chunking [14], SIGHAN Chinese word segmentation
[13, 17, 18], and Chinese word dependency parsing [15]. The experimental result
shows that our method is not only faster than the original L,-SVM but also with no
change in accuracy.

2 L,-Regularized SVMs

Assume a binary classification problem with n labeled examples,
(X1, ¥1)> (Xa5 Y2 )revs (X,,, ¥, ) Where x; € R and y; € {+1,~1} . To obtain the linear classi-
fier W (hypothesis) y=W - x+b the modified finite Newton L,-SVM solves:

AT I L, .
mm{EW W+EZ; } st Vi, y,(Wex; +b) 2 1=, (1)

i=1

For simplicity, bias b can be easily modeled by adding an additional of routine con-
stant to each x; [11]. A(=1/C) is the regularization parameter that controls the trade-

off between margin size and training error.

Following [7], the function of L,-SVM is a strictly convex, quadratic, and first or-
der differentiable function and has a unique solution. The solution of L,-SVM objec-
tive function is to minimize for:

9(2)

W:ﬂxW+XT(XTW—Y) and (AxI+X"X)W=x"y 2)

where X is the training data matrix (i.e. X € 9% ) and Y is the column vector which
contains the label of training examples. [ is the identity matrix. Keerthi and DeCoste
further introduce the modified finite Newton method to solve (2) with Conjugate
Gradient (CG) [2] scheme refer to as CGLS.

3 Sparse L-Regularized SVMs Optimization

One good property of the L,-SVM is that its objective function is strictly convex, first
order derivable, and can be directly optimized in primal form. By following this line,
we propose a cutting-weight algorithm to guide the dense weight vector into sparse.
First, we decompose the weight vector into two different parts, weight vector W,
(representative) and vector W, (non-representative), and W = W+ W,. Thus the origi-
nal objective function of (1) can be re-written as:
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min{%(Wl+W2)T(W1+W2)+Z§i2} S.LVELy; Wy x + Wy x; +0) 21-¢ 3)
i=1

The optimization problem is similar to solve:
AT+ X" X)W, +W,)=XTY and (W, +W,)=UxI+X"X)"' X"y “4)

Clearly if W, (derived from W) is close enough to abstract W, say W, =W, then solv-

ing (1) is almost the same as solving (3). In this way, by assuming that W, is far
limited to a zero weight vector and can be further disregarded from the objective func-
tion, then the objective function becomes:

min(Z W+ Y E2) SLVEL 3 W +B) 214 )
i=1

In other words, (5) is the exact solution of (1) iff W=W, otherwise it is the approxi-
mate solution of (3). This implies that the feature weights in W, directly affect the
degree of approximation.

One important property of L,-norm regularization is that it pushes a value less and
less as it moves toward zero [3]. To find sparse model for L,-SVM, we start to find
W, which can be searched from 0. We present a cutting-weight method to construct
W, in which W, can be easily obtained by W, =W-W,. That is for each feature weight
w; in W,, it satisfies:

Vw,eW, -£<w;,<¢
Similarly for each feature weight w; in Wy, it satisfies:
Vw;,'e W, w;'>¢ and w;'<—¢

¢ is the cutting-weight parameter which controls the model sparsity and approxima-
tion of (5). It can also be interpreted as a threshold for distinguishing relevant (repre-
sentative) or irrelevant (non-representative) feature values.

Obviously the parameter € determines the trade-off between the model sparsity and
how approximate W, reaches. By setting up this technique, we modified the original
training algorithm. Fig. 1 outlines the presented sparse L,-SVM optimization algo-
rithm. The general optimization technique is the same as the modified finite Newton
method for L,-SVM [7]. The difference is that our method refines the weight vector
by preserving the relevant features before checking the L,-SVM optimality. Such
technique could also be applied to the other gradient descent-based linear SVM opti-
mization methods. For example, line 6-8 in Fig. 1 can be replaced by introducing the
dual-coordinate descent algorithms [4]. Line 12 can be replaced by verifying the dif-
ference between maximum and minimum projected gradient (Property 3 of Theorem
2 in [4]).
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1. TInitialize W0

2. iter:=0;

3. While (! converged) {

4 Set up (3) using

5. svk .= {ily; (Wk - X;) <1} //Get the support vectors
6 Solve (3) with CG methods and obtain W* ;

7 Let S* =w* —wk , do a line search to find:

8 o =argmin fFWF +axS*);

9. Update wefght vector

10. Wk =wk 4 oF x s*

11. s.t. Vw;e WK > e and wy <—¢ otherwise w; =0
12.  if(VvFawh==0)

13. stop;

14. iter := iter +1;

15. }

Fig. 1. Sparse L,-SVM optimization algorithm

3.1 Speed-Up Local Classifiers

For an m class multiclass problem, it needs to manage at least m weight vectors. Usu-
ally the larger the m and dimension are, the slower testing time is obtained. Usually
the weight vectors are stored in an mxd matrix. However, it is not a good idea to rep-
resent the sparse model since most of the feature weight is zero. When m and d be-
come large, the matrix will be unmanageable in practice.

To solve it, we further introduce the indexing idea from the Information Retrieval
(IR) community to represent the sparse weight vectors. The basic concept is to re-
trieve the testing vector in the index file. Fig. 2 illustrates an example of the index
file. For each dimension, we store the set of non-zero feature weight with as postings
(linked list structures). The posting directly indicates the corresponding class id and
its feature weight. Therefore, for each feature weight f; in testing vector, by walking at
the index file, we can easily retrieve a set of relevant categories that contains the same
feature.

We do not discuss how to construct the index file and its complexity here since it
can be done with existing IR approaches [12]. Therefore, the computational time
complexity of multiclass SVM is O(mxf,,,) where f,,, is the average length of testing
example. On the contrary, the testing time complexity of the sparse multiclass repre-
sentation depends on the number of relevant items, i.e. O(MyyoXfayvy) Where my,, is the
average number of relevant items per feature and m_,, <m .

avg —
The use of indexing file to SVM is not new. For example, [9] introduced a similar

idea to manage large number of support vectors generated from the polynomial kernel
SVM.
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Fig. 2. An example of index file representation

1. Fp, : the basic feature set;

2. F_uq: aset of feature candidates;

3. y: athreshold parameter that is used to control the goodness of a newly added feature;
4. §: a threshold parameter that is used to control the goodness of one iteration;
5. Inner_acc : the accuracy of the Fi,;

6.  While (! converged) {

7. Best_Acc := Inner_acc;

8. for (i =1~ F ) {

9. Derive one feature F; from F.,,,;

10. F:=Fy, + Fj;

11. Train SVM model by the feature set F;

12. Evaluate the accuracy Acc; with the trained model;

13. if (Acc; > Inner_acc+y) {

14. F:=Fy + Fj;

15. Inner_acc := Acc;;

16. }

17. }

18. if ( (Inner_acc - Best_acc) < 0)

19. converged := true;

20. }

Fig. 3. An algorithm for bottom-up feature search

3.2 Search the Optimal Feature Set

To further enhance the accuracy, we also design a simple feature selection algorithm
which makes use of bottom-up search. Fig. 3 gives the designed feature search algorithm.

Before start search, a set of basic feature set is pre-defined and the set of candidates
are stored in F,,,. The algorithm runs iteratively add one feature from F,,,,and check
whether the new feature leads to better accuracy or not. Line 13 of Fig. 3, we set a
parameter y which is used to control the quality of a new feature. If the resulted per-
formance is greater than the threshold, the feature is added while the resulted accu-
racy will be kept. The algorithm will stop when the resulted accuracy no significant
change. That means the for-loop (Line 8 to Line 17) should produce better results
over the threshold d.
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4 Experiments

To evaluate our method, we ran experiments on three tasks: CoNLL-2000 syntactic
chunking, three Chinese word segmentation tasks that derived from SIGHAN-3, and
the Chinese Dependency parsing [16]. Table 1 shows the statistics of those datasets.

By following most literatures, we adopted the IOB2 with forward direction chunk-
ing scheme for CoNLL-2000 chunking task. As encouraged by [18], incorporating
global information (AV feature) and extending the boundary information can improve
the accuracy. In this paper, we include the AV features and make use of 6-tags' rather
than I and B two tags for Chinese word segmentation task. The feature set and the
settings of the Chinese dependency parsing were set the same as previous work [16].

To validate the proposed idea, we re-implemented SVM-MFN (L,-norm with
modified finite Newton method) [7] and LibLinear-L, [4]. To handle multiclass prob-
lems, we adopted the well-known one-versus-all (OVA) method. For the remaining
experiments, we simply set the feature cut as 2 for all linear SVMs and £ =10 for
our method. For a fair comparison, these methods received the same input training
data, the same regularization parameterz, and the same feature set. Table 2 lists the
used feature set. All of the experiments were performed under the E6300 OC 3.2 GHz
with 4GB RAM under the Server 2003 32bit environment.

Table 1. Dataset used in our experiments

Statistics # of examples ~ # of sentences  # of categories
CoNLL-2000 T;::E‘fgg P igﬁ 11%2+1=23
somwsue Tk 6
smwanss Tl e 6
NEET R 6
Chinese word dependency parsing Trr::?lglgg 7ggg 1?33(7)2 12%242=26

4.1 Results

Table 3 lists overall experimental results of the selected three tasks. The table con-
tains accuracy (Fg, rate), training time (sec.) and testing time (sec.), the difference
between objective goals, and the number of iterations the learner takes. The model
size implies the memory requirement in run-time. The larger number the model is, the
larger memory usage requires. As shown in Table 3, our method produced much
smaller model size without changing in accuracy. In terms of training, our method
truncates near-zero features and makes tight model. Intuitively, the calculation cost of
the objective function (eq. (3)) is reduced.

! Similar to IOB2 tagging scheme, the 6-tags: S/B/BII/IE/E indicate the Single/Begin/
SecondBegin/Interior/BeforeEnd/ End of a chunk.
2 C=0.1/1 for the CoNLL-2000 chunking task and SIGHAN-3 datasets.
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Table 2. Feature templates used in our experiments

Feature type CoNLL-2000 SIGHAN-3 Chinese word
segmentation
Unigram Wao~Wi Wao~Wi
Bigram (W, w.1),(Wo1,w0),(Wo,W41), (W.1,w0),(Wo,w41),
(Wer,wa2),(We1,W-1) (Wi, w-1)
POS DP2~P+2
POS bigram (P-2:p-1)-(P-1,P0),(Po,P+1)
(P+1,P+z),(l7+1sp—1)
POS trigram (P-2:0-1:0)(P-1,P0:P+1)s
(P-3:P-2:P-1)s(P0:P+1:P+2)s (P+1,D+2:P+3)
Word+POS bigram W-1,p0),(W2,p-1) Wops1)s (We1,p12)
Other features 2~4 suffix letters AV feature [17] of 2~6 grams

2~4 prefix letters
Orthographic feature
History Prev.chunk.;, Prev.chunk.,

We also run another experiment to compare with the “final cutting” method. This
method simply eliminates the weights after the conventional SVM training with the
same &. Table 4 lists the comparison result of the final-cut. In this experiment, we
scale down the epsilon to 0.05 since there will be no accuracy difference when epsilon
is larger than 0.005. As shown in Table 4, clearly, our method yields more superior
results than f-cut in terms of model size and accuracy. In this experiment, we fail to
train SVM-MFN with (¢=0.05) in short time. It takes more than 20 hours to train
while resulting slightly worse result than f-cut (93.96 v.s. 93.90).

Note that we should carefully select suitable value for parameter €. The input fea-
ture value is either O or 1 in many natural language learning tasks. There is no need to
use large epsilon. Observing by the above experiments, we found that e=107~10""
usually yield much smaller model size, better training/testing time cost.

Table 3. The overall performance results of the selected tasks

Model Size Sum of the Training Testing

Tasks Itein(;f)ns (non-zero  objective Time Time AC(CFHR;CY

entries) goals (sec.) (sec.) ®
SVM- &e=0 290 4.20M -2945.39 576.16 8.42 94.11
MEN  £=0.0001 305 0.36M -2945.37 555.98 3.30 94.11
CoNLL-2000 LibLinear &e=0 1134 0.40M -2945.33 76.58 3.54 94.11
£=0.0001 1130 0.36M -2945.33 77.34 3.29 94.11
SVM- =0 103 9.52M -119927.00 13947.08 491 97.41
SIGHAN3- MEN  ¢=0.0001 103 2.21IM -119927.00 10713.27 3.70 97.41
CityU LibLinear =0 424 2.32M -119924.00 595.59 3.73 97.41
£=0.0001 424 2.22M -119924.00 585.48 3.69 97.41
. SVM- =0 332 51.36M -6785.00 9455.59 7.95 81.71
%T§§§Z£2§d MEN  £=0.0001 333 478M  -6810.19 923388 630  81.73
&e=0 470 49.51M -6810.06 591.33 7.23 81.71

parsing  LibLinear £=0.0001 491 479M  -6810.06 591.50 6.31 81.71
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Table 4. Performance comparison between simple “final-cut” and our approach

CoNLL-2000 Model size (non-zero weights) Acc.
LibLinear Our method 68,027 94.03
(e=0.05) F-cut 156,386 93.94
LibLinear Our method 286,892 94.10
(e=0.005) F-cut 313,762 94.10
SVM-MFEN Our method 305,597 94.14
(e=0.005) F-cut 313,706 94.10

Table 5 lists the detail comparisons among the selected SVM optimization tech-
niques in the CoNLL-2000 and SIGHAN-3 datasets. In this experiment, we still set
(6=0.0001) as default parameter value for our method.

In summary, our cutting-weight algorithm shows better training and testing time
performance for most dataset with excepted for Liblinear(Multi). In terms of accu-
racy, the L,-regularized groups such as SVM-MEFN and Liblinear(L,) yield more supe-
rior Fg rate than the others. In terms of training time cost, the SVM-light performs
significantly worse than the others and the Liblinear (multi) won the best training time
efficiency. Even Liblinear (multi) shows great training time performance, it does not
as accurate as the L,-regularized groups. Also, its testing time is not fast.

By applying the proposed cutting-weight algorithm to SVM-MFN and Liblinear
(L), both learners obtains better training and testing time costs than the original while
resulting almost no change in accuracy. As compared to SVM-MFEN, our cutting-
weight optimization technique usually produces better training and much reduced
testing time costs while keeping the same accuracy.

In this paper, we do not successfully conduct all experiments for SVM-light since
the training time is not human-tolerable. For example, it costs more than one week to
train one class with the MSRA and CityU dataset. That means it takes at least 6 weeks
to train one Chinese word segmentor.

Table 5. Experimental results of different SVM optimization techniques

Tasks This paper SVM- Liblinear Liblinear SVM- SVM- Liblinear
SVM- Liblinear MFN (L) (Ly) perf  light  (Mutli)

MEN (Lo)
CoNLL. TrTime 556 77 576 77 73 336 2881 20
000 TeTime 330 329 842 354 330 452 397 342
Fp 9411 9411 9411 9411 9396 93.98 9385  92.26
Chinoseworg | TrTiIme 6229 245 6859 246 312 4941 97538 312
dependonsy pursing TeTime 628 633 656 634 675 767 666 666
Fs, 8172 8171 8172 8171 8166 8042 7990  81.83
TrTime 1247 138 1246 140 150 816 64657 93
831%}}{32_ TeTime 236 237 345 272 236 241 242 239
Fp 9395 9395 9395 9395 9399 9394 9391  93.89
TrTime 7398 481 8440 465 591 4323 440
SORAN TeTime 163 163 266 195 206 205 . 208
Fp 9593 9593 9593 9593 9595 9581 . 9543
TrTime 10713 585 13947 596 608 5119 L 408
Si%i’;‘g TeTime 370 369 491 373 370 370 % 349
Fy, 9741 9741 9741 9741  97.30 97.33 97.34

* In our experiments, the overall training time of SVM-light is more than 1 week to train one
category.
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5 Conclusion

We presented a cutting-weight algorithm for L,-SVM (online demo can be found
here?) to save the model space for handling large-scale data. The experimental results
show that our method achieves better accuracy on three well-known datasets, namely,
CoNLL-2000 syntactic chunking, SIGHAN-3 Chinese word segmentation, and Chi-
nese word dependency parsing. In addition, the results also show that there is no
change in accuracy between our method and the original L,-SVM, while it greatly
reduced the model size and also reaches slightly faster training time and at least 20%
improvement in runtime efficiency.
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