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Framework of Online Learning

Initialize prediction function
for t=12..T do

g can be any

« Perceptron:
[1] The perceptron: A probabilistic model for information storage and

Receive instance x, e R" function
Predict a label §, =sign(f, ,(x)) e{-1+1}
Receive the true label y, e {-1,+1}

If§, = y,then algorithm suffer a mistake
if condition C satisfied then

Update prediction function f., to f,
end if

end for

If sign(f,,(x)) =0, we can

simply assign §, = +1

Ccan be any reasonable
condition, for example,, # y,

Kernel function (X y):R"xR" >R
between the two instances x and y.

_ Kernel Based Perceptron

Limitation of Perceptron: the weights ¢
assigned to the misclassified
examples(or support vectors) remain
unchanged during the entire learning

measures the similarity

initializef; =0, weight « =1
fort=1,2,.., Tdo
Receive new instance

Predict ¥, = sign (f,_,(x)) | |process.
Receive label S :
i 9 # y,then Similar with Perceptron, most online
t t learning algorithms keep the weights of
f (X) = f () + Yk (X X)| |the existing support vectors unchanged.
end if
end for

Although some algorithms are capable
of dynamically adjusting the weights,
they are designed not to improve the
classification accuracy.

Proposition 1. Let (x..y.) be an example misclassified by the current
classifiert (x)= Y, ayx(x,x) witha, >0,i=1,...,n,ie., y, (x,) <0. Then let the
updated classifier be f'(x)=fx(xx)+f(X) withg > 0. There exists at least
one support vectorx,1<i<n such that y,f(x)>yf'(x) .

ALGORITHM: Perceptron

So, we propose to update the weight for one existing support vector,
and refer it as auxiliary example, which in particular satisfy:
1.y, f (x,) <0, support vector is misclassified by the current classifier;
2.5 (X, %) Y. Y, < —p, Where p>0 is a predefined threshold, i.e., support
vector (x,, y,) “conflicts” with the new misclassified example (X,. Y.) ;

— Sepasating plane
* Cum | Figure 1. Illustration of an
v Gl auxiliary example.

®  Support vector (Cliss |)
® Support vector (Class 2)
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DUOL

Primal problem: mnglh, +cXit 1)

Dual problem:p, g....1x)= zy. zy.y‘f(mquuﬂ where =3y, )
and 7 <[0.Cl.

Dual ascent:A =D, - D,

IfA, > AVt thenm <1 min- H'\L +CZI(y,f(x‘))J where M denotes the
number of mistakes Accordlng to paper[3] and [4]).

When adjust the weights for (x,.y.)and auxiliary example (%),
the dual ascent is a,(ay,.7,)=D (7,

o+ A%y V11 7a) = D (rron Forenn s

Theorem 1. Assumec > 7, +1/(1- p) for the selected auxiliary
example (x,, y,)- Then setting the two weights as . =min(C,3/1-))
andy, =min(C,7, +1/(1-p)) will guarantee 42—

-
| Mistake Bound _

Theorem 3. Let us denote by (x,,Y,),... (X, y;) & sequence
of instance-label pairs wherex, e R", ¥, e{-1+1} and «(x,x)<1 vt
Assume C is sufficiently large. For any function f eH,,
the number of prediction mistakes M made by DUOL on
this sequence of examples is bounded by:

[EL‘L"EHfHH +CZ|(y.f(X))j LM, (p)

where M, (p) is the number of mistakes when there is an
auxiliary example, which depends on the threshold and the
dataset.

Experimental Results

Experimental Testbed and Setup

‘splice”,

Datasets: “german’, ‘spambase”, “MITFace”, “a7a’, and “w7a”.
Download from:
http://www.csie.ntu.edu.tw/"cjlin/libsvitools/datasets/
http://www.ics.uci.edu/ mlearn/MLRepository.html

http://cbcl.mit.edu/software-datasets

Algorithms: We compared DUOL with Perceptron, ROMMA and
its aggressive version “agg-ROMMA”, ALMA (@), PA-Iand PA-II.

We setp = 2anda = 0.9 forALMA, (@) .

All the algorithms employ RBF kernelx (x;, x,) = exp(~ Ll —— ). The
kernel widtho is set to be 8 and parameter C is set to %e 5 forall
the datasets. The threshold© for DUOL is set to be 0.2.
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Table 1: Evaluativn on german (n=1000, d=24).
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Observations from experimental results:

single-updating algorithms in all cases.

*DUOL results in sparser classifiers than the three aggressive
online learning algorithms, and denser classifiers than the three
non-aggressive algorithms.

*DUOL is overall as efficient as the other state-of-the-art online
learning algorithms.

*DUOL achieves significantly smaller mistake rates than the other

Conclusions

Figure 2: Evaluatlon on the german dataset The data size is
1000 and the dimensionality is 24.

Flgure 3: Evaluatlon on the spIzce dataset. The data size is
1000 and the dimensionality is 6o.

Flgure 4: Evaluatlon on the spambase dataset The data size
is 4601 and the dimensionality is 57.

Figure 5: Evaluation on the aya dataset. The data size is
16100 and the dimensionality is 123.

Flgure 6: Evaluation on the wya dataset. The data size is
24292 and the dimensionality is 300.

proposed DUOL;

* A novel approach to online learning, which not only updates the weight of the newly added support vector, but also
adjusts the weight of one existing support vector that seriously conflicts with the new support vector;
» Compared with a number of competing algorithms, the mistake bound can be significantly reduced by the

* Future work: DUOL for multi-class online learning and budget online learning.
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