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Abstract. The training phase is time-consuming for structured learning, espe-
cially for supper-tagging tasks. In this paper, we propose an online distributed
Passive-Aggression (PA) by averaging parameters for parallel training, which can
reduce the training time significantly. We also give theoretic analysis for its con-
vergence. Experimental results show that our method can accelerate the training
process significantly with comparable or even better accuracy.

1 Introduction

Structured learning [1] becomes a popular research topic recently. In the situation of
structured learning, the labels of the data are not independent from each other, instead
they form a mutually associated structure.

A cumbersome problem of structured learning is that the training time is too long,
since structured learning algorithms are usually polynomial complexity in the number
of labels. The larger the label set is, the more complex the algorithm will be. Tradi-
tional methods reduce the search space of the structural labels by pruning to improve
computation efficiency [2]. However, these methods have a more or less performance
loss.

In this paper, we propose an online distributed Passive-Aggression (PA) algorithm.
We construct a parallel version of standard PA algorithm via weights averaging strategy.
We also give a theoretic proof of the convergence of the training process and show that
the distributed algorithm gives the same cumulative loss upper bound as the standard
PA algorithm.

Our experiments show that the parallel framework gets the comparable or even bet-
ter accuracy than the standard PA algorithm [3] with less training time. If the standard
PA algorithm suffers from a scalability problem in both memory space and computa-
tional time when the size of a dataset is too large, our distributed PA algorithm will
overcome these difficulties with less space and time using a parallel strategy and just a
few machine nodes.

The rest of the paper is organized as follows. We begin by briefly reviewing the nec-
essary background in the Passive-Aggressive algorithm in Section 2. Then we describe
in detail our implementation of the distributed PA algorithm in Section 3 and give a the-
oretic analysis in Section 4. Finally, we report our results and analysis of experiments.
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2 Online Passive-Aggressive Algorithm

The online algorithms do not define an object function on the entire sample set because
they need not obtain all samples at once. They update the parameters only depending
on the observing sample. Perceptron algorithm [4] is a famous online algorithm, which
is a simple but efficient and is used extensively in structured learning [5]. In contrast to
perceptron, it is guided by the margin maximum idea.

Online Passive-Aggressive algorithm is a margin based online learning algorithm
for various prediction tasks [3]. The difference between this algorithm and perceptron
is that PA uses the margin of the samples to update the current classifier. Online PA
algorithm updates the weights of features by solving a constrained optimization prob-
lem. It requires that the updated weights must stay as close as possible to the previous
weights and on the other hand the updated weights correctly classify the current exam-
ple with a sufficiently high margin. [6] applied this algorithm to the dependency parsing
task which is a typical structured learning problem.

Given a series of samples (x¢,yt) denoted as 7T, in each sample every x; has a
corresponding label y; € ), ) is the set of all labels any xt can has. Define ®(x,y) €
{0,1} as a feature vector of d dimensions on the sample (x,y). The value in each
dimension of the ®(x, y) is a 0 — 1 value which indicates whether this feature occurs in
the current sample. w € R is the parameter vector of the classifier and each dimension
of it is the weight of one feature. In order to learn a proper weight vector w online PA
algorithm adopts an iterative method until the convergence of w or the number of loops
exceeds the predefined maximum iteration number.

On round ¢, at first the classifier predicts the labels ¥, for a sample x:

yi = argmax(w - &(x¢,2)), M

After the prediction, the algorithm receives the correct set of relevant labels Y, and
we define the margin is:

y(wy; (x4, YY) = ggglt wy - P(x¢,7) — Eé%’)f wy - D(Xy, 5), 2)
From above the margin is positive if and only if all of the relevant labels are ranked
higher than all of the irrelevant labels. However online PA algorithm is not satisfied by
a mere positive margin as it requires the margin of every predication to be at least a loss
function L(y;,y:). The hinge-loss function which represents the loss made when the
classifier gives such a prediction is defined as:

. _Jo, Y(W; (%¢,¥¢)) > L(ye, ¥+)
fw; (x4, 30)) = {L(Yu Vi) — (W3 (x¢,y1)), otherwise )

On round ¢ online PA algorithm sets the new weight vector w;; to be the solution to
the following constrained optimization problem.
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where C is a positive parameter which controls the influence of the slack term on the
objective function.

Satisfying the single constraint in the optimization problem above is equivalent to
satisfying the following set of linear constraints.

wi - P(x4,yt) — Wi - P(x4,y)) = Ly, y) — €
Vy € {V\u:}

then the large enough margin between the correct labels and the other labels is guaran-
teed. Solving this constraint problem leads to a parameters update formula,

®)

wl ) = w® 7 (D(x4, y4) — D(x¢,¥¢))- (6)
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Here C' is a positive parameter which controls the influence of the slack term on the
objective function. In order to prevent noise samples to make the 7; too large to depart
from the classification face, so 7; is forced to be smaller than C.

input : training data set: (Xn,yn),n = 1,---, N, and parameters: C, K
output: w

Initialize: cw < 0, wo < 0 ;
fork=0---K—1do
fort=0---T —1do
receive an example (x¢, y+);
predict: y; = arg max (wy, P(x¢,2));
Z£Yt
calculate £(w; (x,y));
update w41 with Eq.(6);
end
CW = CW + W ;

end
return w ;

Algorithm 1: Online Passive-Aggressive Algorithm

We assume that there exists some u € R¢ such that y;(u-x;) > 0 forallt € 1...7.
In the other word 7 are absolutely separable because such u exists. So from Eq. 3 for
all samples x; we can get £(u,x;) = 0. Assume that for all feature function @, (x,y)
[|&(x,y)||* < R/2 is satisfied. Then [3] proves the cumulative squared loss of PA
algorithm on this sequence of examples is bounded by

T
> 6 < RPjulf (8)
t=1



3 Distributed Implementation of Online Passive-Aggressive
Algorithm

Since the online algorithms update the parameters only depending on the observing
sample, there is a straight-forward way for distributed training.

Firstly we divide the training set 7 into S disjoint pieces 7 = {71, ..., Ts} ran-
domly. After dividing samples, all pieces are evenly assigned to different cores'. Each
core trains the parameters with PA algorithm on its assigned samples. After all cores
finish training, a summarization system averages the S parameter vectors to get a new
parameter vector and send it to each core for the next training iteration. The above
process is repeated until the parameters converge.

This distributed online algorithm can be easily transplanted to the popular MapRe-
duce [7] framework. The Mapper process trains parameters with each piece of samples
using the Passive-Aggressive algorithm and transfer these parameters to the Reducer.
The Reducer is responsible for gathering these parameters, averaging them and finally
sending them to each Mapper.

Algorithm 2 is the pseudo code of the distributed Passive-Aggressive algorithm. In
Algorithm 2, p; », is a distribution which averages the parameters vector returned by
each classifier. w(*¥9"~1) is the initial parameters vector on round 7.

3.1 Parameters Averaging Strategy

An unsolved problem is how to mix the parameters in each iteration. In other words, we
need assign a proper value of p; ,, for each piece i.

Here, we discuss two different parameters averaging strategies.

One is the uniform averaging strategy, called “uniform mixing”.

Suppose that the sample set is randomly split into S portions, we set /i; ,, to a uni-
form distribution,

1
Pim = - )
Thus, the newer w (4997 is defined as
s (i,n)
w(avgxn) — ZZZISW . (10)

Another is the weighted averaging strategy, called “error mixing”. In “uniform mix-
ing” strategy, if a machine or core is arranged to deal with a more difficultly-treated
sample portion than others, the parameters obtained from it should be more important.
The updating speed will be dragged down due to uniform averaging strategy. Therefore,
we wish the touchy parts to contribute more in parameters updating. In the other word,
we want to increase the influence of the parameters trained from those pieces with more
errors. So we use the following formula to average the parameters from all portions.

S .
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! The cores can be located in different computing nodes.



// The Client function
// Here 1<t <|T4

cient (T; : {(x¢,y:)}, wievon—1)
begin
Initialize: w(® = w(@v9n=1 L — q;
fort=1---|T;| do
¥t = argmaz,cy, (w-P(xt,y));
if yt # Yyt then
wD = w7 (@ (x,y1) — P (x1,91));
k=k+1,
end
end
W™ — w®

>

output: w™
end

// The Server function
// Here Y, ipin =1
Server ({w(i‘")7 1< < |8\})
begin

wlevan) — Sy m,nw(l’");

output: w(*v9™)

end

Algorithm 2: Distributed Passive-Aggressive Algorithm

where %" is defined as the number of wrong classified samples in the ith training
portion on the nth round.

4 Theoretical Analysis

We also need to estimate the cumulative loss produced by the distributed Passive-
Aggression algorithm.

For every feature function ®(x,y) assume that ||® (x,y) ||> < R/2 is satisfied and
introduce a notation AP = ¢ (x,y) — ? (x,¥).

The loss function is {(w) = L(y,y) — (w- A®) following the sections above. If the
final classification hyperplane produced by the classifier is u € R then we denote the
result loss function as £* = ¢(u) = L(y,y) — (u- AP). We define A; as the difference
between the square of the distance w; apart from u and the square of the distance w1



apart from u on round ¢,
Ay = [Jwe —ul] = ||weer — ulf?
= |lwe —ul* — [[we + 7 AD — ul?
= 27, (w; —u) - AD — 72|| AD||? (12)
> 27 (6 — L(y.y) = (¢ = L(y,¥) — 77||A2||?
=7 (2& — || AD||? — 2@:)

If the sample set 7 = {(x1,¥1),..- (X¢,¥¢)} is linearly separable, we will get
¢* = 0 is satisfied for any sample. Then

Ay 2 (2 — l||AD|]*) = /|AD|* > IF/R? (13)

from above,
G/R? < ||wi —ulf® — [[wi g1 —ul]? (14)
So the upper bound of the loss of a sample is determined by the difference of the pa-

rameters and the final classification face u before and after each round.
Now consider the cumulative loss after weighted average on round n,

T 12
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ti=1 i=1

W) — ul[? (15)

According to the algorithm 2 we know w (@97 = Zle /,me(i*”) and use Jensen’s
inequality. A? is denoted as ||[w(**9") — u]|?,

S
2= Zui,nw“”” —ulf?

s S
<Y il WP =23 g w4 [ f? (16)
i=1 =1
S
= > pial )
i=1
then
S
||W((wg,n) _ uH2 < Zuim"w(z,n) _ u||2 (]7)
i=1
So the cumulative loss in NV iterations is
z l2
Z Z Hin
n=1i=1 ti=1
S
< ||W(av9,0) _ uH2 _ |W(z’,N) . qu (18)
i=1

< ||W(avg,0) _ uHQ

= ||ul?
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Z Z,ui,n Z lfhn < RQHUH2 (19)
n=11i=1 ti=1

Refer to the section 2 we can find that the online distributed Passive-aggression algo-
rithm has the same cumulative loss upper bound.

S Experiments

We verify the efficiency of our method with joint segmentation and POS-tagging prob-
lem, which is a common task in natural language processing (NLP). Structured learn-
ing methods are usually adopted to solve this problem nowadays but suffers from long
training time.

The construction of our distributed algorithm is based on the FudanNLP toolkit [8]
for natural language processing.

We use POS tagging task with CTB corpus from the SIGHAN Bakeoff [9]. There
are 37 kinds of POS tags in this corpus. We use cross-label method for this task. The
cross-label consists of two parts: the first part is the label of segmentation, and the
second part is the label of POS tag. We use four segmentation labels (“B”, “M”, “E”,
“S”) to represent the beginning, middle, end of a word and a single character word
respectively. For example, a label “B-NN” means the beginning of a noun word. After
processing the corpus, we get 108 different cross-labels.

Table 1 shows all the feature templates used in our task. These templates are very
common for the segmentation and POS-tagging task.

Table 1. Feature Templates

(1.1) Ci—ats, Ci—1ts, Citi, Civ1ts, Ciqoty
(1.2) ci—1Citi, ciciyiti, ci—1Ci+1t4
(1.3) ti—1t;

Note: ¢; represents the character at position ¢ in the sentence and ¢; is for the target
label of this character.

In our experiments, 23, 443 sentences are used for training and 2, 079 sentences are
used for testing. We split the training set into 2, 5, 10, 20 and 50 pieces randomly and
train each piece in each machine or core.

We firstly compare the different averaging strategy of parameters.

Figure 1 gives the comparison between the uniform mixing and error mixing meth-
ods. In this experiment we split the entire sample set into 2 pieces and 5 pieces respec-
tively and inspect the training errors at each iteration.

Figure 1 shows that on each round the numbers of training errors are almost the
same for both 2 pieces and 5 pieces training strategy. This is because training corpus is
randomly and uniformly split so the probability of hard tagging sentences gathering in a
single piece is rare. So the number of training errors of each machine is very close. The
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Fig. 1. Training errors with iterations. Uniform mixing just uniformly averages the weights from
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difference between the two averaging strategies is very small in this situation. However
a better averaging strategy maybe speeds the process of training up.

In the later evaluation, we just use the “uniform mixing” strategy.

Table 2 gives the results of our method and the standard PA algorithm with different
experimental settings. It shows that our algorithm can increase the speed of the training
without accuracy loss.

The entries in the Table 2 with star “*’ is the “Error Mixing” version of distributed
online PA algorithm. As the result from Table 2 the distributed algorithm get approxi-
mate or even better result of the standard PA algorithm.

We also compared the performance of the training process and the convergence
property of the normal online PA algorithm with our distributed implementation. Figure
2 displays relations between the training precision and the number of iterations under
different pieces of samples. We set the maximum iterations to be 150. We can see that
it needs the more iterations to convergence as the number of pieces increases. However,
since each piece use less time for the larger number of pieces, we can reduce the training
time in total.

To evaluate the effect of speed-up in training phrase, we compare the test precision
as the time goes on. In this section we ignore the time of network I/O operations and
only consider the accumulated CPU time. The comparisons are shown in Figure 3. Ap-
parently, the distribution PA algorithm is faster than the original algorithm to achieve
the same test precision. The parallel PA algorithm is also faster to converge with com-
parable precision to the normal PA algorithm. We can see that the test precision of
distributed PA algorithm is a little higher.



Table 2. Evaluation of trained models

Segmentation POS-tagging
Methods Accuracy(%)| F'1 |Accuracy(%)| F'1

Time(s)"

original 97.63 95.00 89.67 87.54|6679.3

2 pieces 97.54 94.95 89.39 87.36|3514.8

2 pieces” 97.53 94.90 89.18 87.01|3414.2

5 pieces 97.76 95.35 89.93 87.78|1839.9

5 pieces| 97.78 95.37 90.04 87.88]1259.4

10 pieces 97.82 95.45 90.05 87.91| 761.6

20 pieces 97.81 95.44 90.12 88.10[ 959.9%

50 pieces 97.85 95.52 90.32 88.34| 654.5

Training Precision

* The method with * uses error mixing averaging strategy.

T This is training time omitting the time cost by data trans-
ferring.

* When we split the sample set into 20 pieces the algo-
rithm didn’t convergence after running for 150 itera-
tions.

085 £ R R
'.EE : : :
0.8 =3 original
2 pieces
: : 5 pieces i
0.75 i : 10 pieces N
i i 20 pieces
i i 50 pieces
0.7 1 1 1 Il
0 20 40 60 80 100 120 140 160
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Fig. 2. Training precision with iterations.
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Fig. 3. Testing precision with training time

5.1 Experimental Discussion

There are some things to be worth noting from our experiments.

Firstly, the distributed online PA algorithm has a little higher testing accuracy than
the standard one mentioned above. We suspect this happens for the season that the
distributed method is a form of parameter averaging which has the same effect as the
average perceptron [5]. Although training time is dramatically increased after we add
an average strategy to the original algorithm, the test accuracy is still lower than the dis-
tributed algorithm. Maybe this happens because the original version overfits the training
data.

Secondly, when the training set is split into large enough pieces, the time in the
testing data is almost the same to converge and to achieve the best performance. This
is shown in Figure 3 that lines in the left up corner cover each other. Further consid-
ering the network I/O waste, an unlimited split of the sample set is undesirable. The
segmentation with 10 pieces is a better choice for POS tagging in our paper.

6 Related Works

The distributed machine learning is attracting increasing attention in recent years. For
example, Mahout? is a famous package of scalable parallel machine learning libraries
based on MapReduce [7] framework. The distributed computing framework also pro-
vides a new way to deal with the large computation cost in structured learning.

Chu et al.[10] develop a broadly applicable parallel programming method, which
is easily applied to many different learning algorithms. They have also investigated
parallel implements of many batch algorithms and modified these algorithms in the
map-reduce framework. For online algorithms, parameters updating process is a serial

2 http://mahout.apache.org/
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procedure. In order to guarantee the accuracy and convergence of online algorithms we
need a particular strategy to make the serial process parallel.

Chang et al.[11] develop a parallel support vector machine (SVM)[12] algorithm
which reduces memory use through performing a row-based, approximate matrix fac-
torization.

Wolfe et al.[13] present a framework which fully distributes the EM procedure. In
their implementation every node only interacts with parameters relevant to its data and
sends messages to other nodes along a junction-tree topology.

Chiang et al.[14] parallel the MIRA[15] online training algorithm with some coordi-
nation mechanism among processors. However, there is no detailed theoretic discussion
in their paper.

McDonald et al.[16] propose a parameters mixing strategy used in the parallel Per-
ceptron implementation. Their work is very similar to ours, but PA and Perceptron are
different online algorithms. So the theoretic proofs of the convergence are actually quite
different.

7 Conclusion

In this paper we propose a distributed training strategy with the online PA algorithm for
structured learning. We guarantee its convergence with the proposed averaging strategy.
Experimental results show that our method significantly reduces the time cost with-
out decreasing the accuracy. Although the number of iterations increases, less time cost
in each iteration also make the training time still less.
In the future, we wish to extend our algorithm to more complex structured learning,
such as parsing.
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