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a b s t r a c t
Active learning is an important class of machine learning where labels are queried when necessary. Most
active learning algorithms need to iteratively retrain the classiﬁer when new labeled data are obtained. Such
a batch learning process can incur a high overhead in both time and memory. In this paper, we propose a
new online active learning algorithm for binary classiﬁcation. Our algorithm uses the margin-based criterion,
which compares the margin of instances with a threshold to decide whether it should be queried. Especially,
we propose Iteratively Decreased Threshold (IDT), a new threshold update method for the margin-based criterion. By iteratively decreasing the threshold with IDT, our algorithm can effectively reduce the number of
queried instances. In addition, as evaluating the margin-based criterion involves only simple inner productions, our algorithm is also very eﬃcient to evaluate. We compare our algorithm with other state-of-the-art
online active learning algorithms on six data sets, demonstrating that it requires less queries to achieve the
same classiﬁcation accuracy, and incurs a smaller computation overhead at the same time.
© 2015 Elsevier B.V. All rights reserved.

1. Introduction
In traditional supervised learning, all instances should be annotated in prior to training, and the classiﬁer is not allowed to
query new annotated data points. Such a passive learning approach
has the limitation that it is diﬃcult to annotate a large data set.
Active learning, on the other hand, allows the learner to dynamically
query valuable data points (instances) for annotation, and iteratively
reﬁne the classiﬁer. Many theoretical results suggest that active
learning can effectively reduce the number of annotated instances
[2,11,12,23]. In addition, many studies have also empirically veriﬁed
the advantage of active learning over passive learning [1,13–15,20].
However, most batch algorithms used in active learning are
computationally expensive. The reason is that in every iteration, the
classiﬁer needs to be retrained to calculate the next query. In many
situations, the data set is very big, while the computation resource is
limited. For example, it is expensive to implement an OCR system on
a small mobile device with batch algorithms.
Due to the low complexity in both computation and memory of
online learning, it has been used to make active learning more eﬃcient [15]. Online learning can date back to about 50 years ago, when
algorithms like perceptron [17] and stochastic gradient descent (SGD)
[22] were proposed. In online learning, updating the classiﬁer only
✩
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requires the latest instance and O(d) simple arithmetic operations,
where d is the dimension of instance. One can refer to [19] for comprehensive review of online learning.
Generally, there are two steps in online active learning. The ﬁrst
step deﬁnes a selection (or sampling) criterion which measures the
usefulness of instances, and based on this criterion selects the most
informative instance to label. In the second step, the classiﬁer is updated based on the newly added instances and labels. In this paper,
we focus on the binary classiﬁcation problem, where instances are
supposed to be classiﬁed into two categories. We assume that the
classiﬁer is linear and is of the form w x + b, where the sign categorizes an instance. Without loss of generality, we assume b = 0, which
can be easily achieved by normalizing the data at the origin. We think
it is reasonable to restrict the classiﬁer to be linear, since any data set
can be linearly separable if we map them to a higher dimensional feature space. Even in the nonlinearly separable case, linear classiﬁer is
a feasible choice.
As noted above, selection criterion is a critical component for active learning. There are many existing criterions proposed for active
binary classiﬁcation, e.g., uncertainty sampling [2], query by committee [11], expected error reduction [9]. However, many of these are ﬁt
for batch learning.
In this paper, we ﬁrst propose Iteratively Decreased Threshold (IDT),
a new threshold update method for margin-based selection criterion
used in active learning. Then, we combine this criterion with the
classical SGD updating rule to propose a new online active learning
algorithm, simply named IDT+SGD. In our IDT+SGD algorithm, when
there is a new instance, the margin of the instance is calculated. If
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the margin is smaller than a given threshold, the instance will be
selected; otherwise the instance is discarded without consideration.
For selected instances, IDT+SGD queries their labels and uses SGD
to update the classiﬁer. At the end of each iteration, the threshold is
updated based on the estimation of current classiﬁcation error. Since
evaluating the IDT margin-based criterion only involves simple inner
productions, IDT+SGD is quite eﬃcient to implement.
We experiment with six benchmark data sets, and ﬁnd that compared with other online active learning algorithms, IDT+SGD achieves
either better or comparable classiﬁcation performance, depending
on which data sets are used. Experimental results also show that
IDT+SGD has a lower computation overhead compared with many
other online active learning algorithms that depend on matrix inverse
operations [6,7,10].
The remainder of the paper is organized as follows. In Section 2 we
review some online binary active learning algorithms. Then, we propose our margin-based online active learning algorithm in Section 3.
We empirically verify the effectiveness of our algorithm, and evaluate
its computation time in Section 4. Finally, we conclude in Section 5.

2. Related work
Online active binary classiﬁcation involves several steps t =
1, 2, 3, . . . . At each step, the learner receives an instance xt ∈ Rd , and
decides whether its label yt should be queried. If the label is queried,
the learner updates the classiﬁer.
Monteleoni and Kaariainen [15] compared several online active algorithms, which are classiﬁed based on their sample selection methods and updating rules. Sample selection methods include DKM [8],
CBGZ [5], and random; updating rules include perceptron and veriﬁed perceptron [8]. Both DKM and CBGZ are based on margin. In
DKM, the absolute value of an instance margin is compared with a
threshold, and the threshold is cut to its half if consecutive predictions are all correct (the length of sequence is predeﬁned as a hyperparameter). In CBGZ, the learner queries the label with probability
b
, where p̂ = w x is the margin of instance and b is a constant.
b+| p̂|
Previous results [15] show that perceptron outperforms veriﬁed perceptron when combined with all three sample selection rules, and
that when using perceptron as the updating rule, DKM and CBGZ have
almost the same performance.
Apart from margin-based online active learning, there are some
other algorithms, such as regularized least square based algorithms [6,10]. In these algorithms, the sample selection methods
and updating rules are both deﬁned through the least squares. Consider the BBQ algorithm [6] for example. Let St−1 = [x1 , ...xNt−1 ], Y =

 + x x . r = x X −1 x . If r > t −κ ,
[y1 , ..., yNt−1 ] , and At = I + St−1 St−1
t t
t
t
t
t t
the corresponding label is queried, and parameter of linear classiﬁer
is updated as wt = At−1 St−1Yt−1 . The authors empirically show that
this algorithm has a big improvement over random sampling. Combining the margin idea and regularized least square, [10] proposes
a compound algorithm. They show theoretically that both their regret and sample complexity bounds have a strict improvement over
previous algorithms. But these two regularized least square based algorithms are both computationally expensive since matrix inverse is
involved in every iteration.
As the linear classiﬁer f (x) = w x is parameterized by vector
w, it is reasonable to give w a prior. [7] assumes that w satisfy a
multi-variant Gaussian distribution N (wt |μt , t ). The likelihood
P (yi |xi , w) is given by the probit function φ(yi w x), where φ (·)
is the cumulative distribution function of the standard Gaussian
distribution. Then the parameter w is determined by posterior, and
the authors devise an online updating rule for w. It is shown that this
algorithm is more powerful in the dynamic problem than in setting
where instances are i.i.d. Similarly as the above two algorithms,
this algorithm also requires expensive matrix inverse operations.
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Moreover, the matrices must be positive deﬁnite, which is generally
not guaranteed in practice.
3. Margin-based active learning algorithm
Before introducing our sample selection criterion, let us ﬁrst deﬁne what margin means. There are several deﬁnitions for margin in
binary classiﬁcation. Suppose the values of labels are either 1 or −1,
then the margin of an instance can be deﬁned as p(y = 1|x) − p(y =
−1|x) [18], where p(y|x) is the conditional probability of category y
given x. If the margin of an instance is around zero, then the instance
is quite close to the separator of two classes. As another deﬁnition,
the margin of instance x is deﬁned as w x, where w is the parameter
of classiﬁer. For convenience, we assume w to be of unit length. Then
|w x| measures the distance of x to the separator. Here we adopt the
second deﬁnition, since it is easy to calculate and has a direct geometric intuition. This deﬁnition has already been used in many previous
works [3,5,8]. We assume the optimal linear classiﬁer h∗ (x) = w
∗ x.
In the nonlinear separable case, w∗ or h∗ has a classiﬁcation error ν
which is the smallest error of linear classiﬁers.
3.1. Overview
The basic idea of our algorithm is as follows. For each new instance, we compare its margin with a threshold. If the margin is
smaller than the threshold, the label of the instance is queried; otherwise the instance is discarded. The threshold takes the form of
c(2ν + ), and decreases at every iteration. Here,  is the access error
(the classiﬁcation error minus the Bayesian error). The reason is that
if active learning is effective, the number of labeled and unlabeled
instances should be almost the same as passive learning when they
perform equally well on classiﬁcation. We will give a more detailed
discussion on how to determine the threshold.
After we decide to query the label of an instance, the parameter
of linear classiﬁer is updated using SGD, which been widely used in
online learning, due to its simplicity and reliable performance. Deﬁne (f(xi ), yi ) as the loss function that measures the cost of prediction f(xi ), where yi is the true label. If there are n instances, then the

empirical risk is deﬁned as Rn ( f ) = 1n ni=1 ( f (xi ), yi ). In our linear

setting, f (x) = w x, so Rn (f) can be written as 1n ni=1 (w xi , yi ).
Gradient descent is a batch algorithm used to minimize Rn (f) with
respect to w, and SGD is simply the online version of gradient descent.
In each iteration, SGD updates the classiﬁer as:

wt+1 = wt − γt

∂
(wt xt , yt ).
∂w

Here we choose hinge loss as our loss function, i.e., (w x, y) = (γ −
yw x)+ , and let γt = √1 . Then, the SGD updating rule is:
t

wt+1

1
1
= wt + √ yt xt , if yt wt xt < √ ; or wt , otherwise.
t
t

(1)

3.2. The IDT+SGD algorithm
Our IDT+SGT online active learning algorithm is summarized as
Algorithm 1.
Line 3–6 calculate the mean of all queried instances, and map xt
into a ball centered at the origin. Line 7–8 calculate the maximum
norm Rt of all queried instances, and use it to normalize xt . Note that
both the mean and maximum norm are online estimates, as we cannot determine them until all the instances are queried. Line 9 calculates the margin of x as w x, and compares it with the current threshold st . If the margin is smaller than the current threshold, then Line
10–11 apply SGD to update the classiﬁer wt , and Line 12 normalizes
the new wt .  t in line 15 is the upper bound estimation of access error.
This estimation is based on a conjecture that at iteration t, the access
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Algorithm 1 Iteratively Decreased Threshold (IDT) with SGD.
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:
17:

initialize w1 (random), mean := 0, s1 := 1, R0 := 1, r0 := 0,
σ0 := 0
for t = 1, 2, 3, ... do
mean := (1 − 1/t )mean + xt /t
if t > 1 then
xt := xt − mean
end if
Rt := max (Rt−1 , xt 2 )
xt := xt /Rt
if |wt xt | < st then
if yt wt xt < γ then
wt+1 := wt + √1 yt xt
t

wt+1 := wt+1 /wt+1 2
end if
end if
√
t := log (t )/ t
st+1 := c(2ν + t )
end for

For cases where distribution of data points are not uniform, the
above discussion still holds, if there exists constant α > 0, β > 0 such
that P {x : |wt x| ≤ θt } ≤ α P {x : ht (x) = h∗ (x)} and P {x : |w x| < r} ≥
β r.
4. Experimental results
Many online active algorithms have been proposed recently
[6,7,18]. In the algorithm proposed by Chu et al. [7], one needs to inverse a positive deﬁnite matrix. Although the matrix can be replaced
by diagonal form, the positive deﬁniteness of matrix is still not guaranteed. As a result, it is not suitable for many data sets. Although [18]
has given a perfect theoretical analysis, their active algorithm usually
queries all the instances. Because the active query criterion is θt2 ≥
t−1
 x )2 and θ 2 = x A−1 x (1 + 4
t2 = (wt−1
t
t
t t−1 t
i=1 zi ri + 36 log (t/δ)) is
generally much larger than t2 . For the above reasons, here we choose
to compare our algorithm with
•
•
•

error of Algorithm 1 does not exceed the passive online SGD with t
labeled instances. Formally, the conjecture is stated as follows.
Conjecture 1. Algorithm 1 has smaller or nearly the same classiﬁcation error compared to SGD after accessing the same number of
instances (both labeled and unlabeled instances are counted).
We will use experiments to empirically verify it in Section 4.√Recall
that access error of passive online SGD is of the order log (t )/ t [4].
We use it to update the threshold st in Line 16. The determination of
hyper-parameters ν , c and γ will be discussed in Section 4.
3.3. The determination of st
First, let us state our goal when determining st . Let w∗ be the
Bayesian classiﬁer with error rate ν . Then, our goal is to ensure
the property that for instances {x : |wt x| > st }, our classiﬁer wt gives
the same predication as w∗ . This means the instances that are not informative to our classiﬁer (wt and w∗ gives the same classiﬁcation)
would be ﬁltered out by the threshold. Clearly, to reduce the number
of queried instance, we should also make st as small as possible to
ﬁlter out the most instances.
We continue to introduce a candidate for st . For iteration t, deﬁne θ t as the angle of wt and w∗ . Clearly, if |wt x| > θt , wt (x) and
w∗ (x) predict the same label. This can be equivalently stated as {x :
sign(ht (x)) = sign(h∗ (x))} ⊂ {x : |wt x| ≤ θt }. Thus, we can set st ≥
θ t.
In the following, we give an upper bound for θ t . Let P be the distribution of instances, there exists a constant c1 such that

P {x : |wt x| ≤ θt } ≤ c1 P {x : sign(ht (x)) = sign(h∗ (x))}

(2)

For the right hand of Eq. (2), we have:

P {x : sign(ht (x)) = sign(h∗ (x))}
= E[yht (x) > 0 ∧ yh∗ (x) < 0] + E[yht (x) < 0 ∧ yh∗ (x) > 0]
≤ t + 2E[yht (x) > 0 ∧ yh∗ (x) < 0] ≤ 2ν + t
For the left hand of Eq. (2), as the data satisfy uniform distribution,
we have:

θt ≤ c2 P{x : |wt x| ≤ θt }

•

The standard SGD algorithm [22];
Cesa09 [6];
DKM+SGD, a DKM active learning algorithm [8] with SGD as the
updating rule;
CBGZ+SGD, another online active learning algorithm [5], also with
SGD as the updating rule.

One reason that we use SGD as the updating rule for DKM and
CBGZ is that many studies show SGD performs better than perceptron and veriﬁed perceptron used in [8]. In addition, it is more fair
to compare our algorithm (IDT+SGD) with algorithms also using SGD.
Here the SGD updating rule is given by Eq. (1).
Our experiments use six data sets, namely protein01, protein02,
splice, a2a, a3a, a4a. All of them are downloaded from the LIBSVM website1 . Here, protein01, protein02 are two subsets of data
set protein consisting of three classes, where Protein01 consists of
categories 0 and 1, and protein02 consists of categories 0 and 2. The
goal is to predict the protein secondary structure [21]. splice is from
UCI repository2 . The goal is to recognize two types of splice junctions in DNA sequences. a2a, a3a, a4a come from UCI Adult data
set3 . The goal is to predict whether a person has an income greater
than $50,000. The original data has 14 attributes and is transformed
yielding 123 features [16]. For each problem, we merge the original
training set with the test set, and reshuﬄe them. Then, we randomly
select a subset as the training set, and the rest as the test set. All the
problems are non-separable.
There are some hyper-parameters in each of the four active
learning algorithms: constant c and Bayesian error ν in algorithm
IDT+SGD, R to control the decrease of threshold in DKM+SGD, constant b to estimate the probability of sampling in CBGZ+SGD, and κ
to control the query rate in Cesa09. For each data set, we tune these
hyper-parameters with 5-fold cross-validation on a separate holdout set. The holdout set is randomly chosen from the whole training
set, and its size is given in the second column of Table 1. For example, “CV:5000” in problem protein01 means 5000 instances are randomly selected for 5-fold cross-validation (4000 instances for training and the remaining 1000 for test). The SGD updating rule used in
all algorithms (except Cesa09) has a hyper-parameter γ , which is also
determined through cross-validation. Since it is impossible to ﬁnd a
common optimal γ for all these four algorithms, we choose to tune
it only for passive SGD. We ﬁnd that the average error rates on the
six data sets are almost the same when γ ∈ [0.03, 0.06], and become
worse when γ is out of this interval. In our experiments, we choose
γ = 0.03 for all algorithms except Cesa09.

for some constant c2 . Putting the above equations together, we have:

θt ≤ c(2ν + t ),
where c = c1 c2 . Thus, we set st = c(2ν + t ).

1
2
3

http://www.csie.ntu.edu.tw/˜cjlin/libsvm/
http://archive.ics.uci.edu/ml/datasets
http://archive.ics.uci.edu/ml/datasets/Adult
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Fig. 1. Error rates of IDT+SGD and SGD, when they access the same number of instances (both labeled and unlabeled instances are counted).
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Fig. 2. Comparison of IDT+SGD with the other four learning algorithms on error rate.

4.1. Veriﬁcation of conjecture 1
In Section 3, we give the conjecture that the threshold st is updated so that IDT+SGD has classiﬁcation error no larger than native
SGD if they access the same number of instances (both labeled and
unlabeled instances are counted). Here, we verify this conjecture via
experiments using six data sets. The results are reported in Fig. 1.
We can observe that for problems protein01, a2a, and a3a, IDT+SGD
has a better performance than SGD, and in the other three problems
their performance is similar. Especially for problem a4a, their learning curves are almost identical. Note that here we are not comparing our algorithm (IDT+SGD) with SGD, as the comparison would be

unfair. For SGD, it needs to query for all instances, while IDT+SGD only
selectively query a subset of them. Rather, we are only aimed to verify
our conjecture that IDT+SGD has comparable performance with SGD,
if they access the same number of instances.
4.2. Comparison on learning performance
We continue to compare our algorithm with other online active
learning algorithms, in terms of learning performance. For each data
set, we run all the algorithms 5 times, and prior to each run, we
reshuﬄe the data set for randomness. The average learning curves
are shown in Fig. 2, where n is the size of training set, the x-axis
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Table 1
Comparison of IDT+SGD with the other four learning algorithms on running time.
Data information

CPU time (s)

Data

Train size

Test size

Dimension

IDT+SGD

DKM+SGD

CBGZ+SGD

Cesa09

SGD

protein01
protein02
splice
a2a
a3a
a4a

10000 (CV:5000)
10000 (CV:5000)
2500 (CV:1250)
10000 (CV:5000)
20000 (CV:10000)
10000 (CV:5000)

6561
9136
675
5000
9000
3306

357
357
60
123
123
123

0.45
0.49
0.02
0.12
0.42
0.09

0.70
0.85
0.01
0.11
0.37
0.09

0.66
0.71
0.02
0.15
0.47
0.13

31.32
28.40
0.38
4.77
6.49
2.45

0.75
0.97
0.02
0.15
0.62
0.11

represents the number of queries, and the y-axis represents the classiﬁcation error. Note that SGD is the baseline for all these algorithms:
an algorithm is only considered effective if its learning curves is below that of native SGD.
We can observe that IDT+SGD has a remarkable advantage over
SGD on data set protein01, a2a, a3a, and small advantage over SGD
on data set protein02. In addition, the advantage of our algorithm
over native SGD is more remarkable than that in Fig. 1. For example, for problem protein01, two curves are similar in Fig. 1, while the
curve of IDT+SGD is strictly under that of SGD in Fig. 2. The reason is
that in Fig. 1, both labeled and unlabeled instances are counted for
IDT+SGD, while in Fig. 2, only labeled instances are counted.
Also we can observe that DKM+SGD algorithm performs better
than SGD on data sets a2a and a3a, but a little worse than IDT+SGD.
CBGZ+SGD has an advantage over SGD only on data set a3a. Cesa09
has an obvious advantage over SGD only on data set splice, but worse
than SGD on data set a2a and a3a. In sum, our IDT+SGD algorithm has
generally better or comparable performance over other online active
learning algorithms, namely DKM+SGD, CBGZ+SGD, and Cesa09.
4.3. Comparison on computation overhead
Then, we evaluate the computation overhead of our algorithm,
in terms of running time. The experiments are done using MATLAB R2011a, on a Windows desktop with Intel quad-core i53470CPU@3.2 GHz. For comparison, we also include the other four
algorithms. The results are reported in Table 1, which shows that our
IDT+SGD algorithm is generally more eﬃcient than Cesa09 and SGD,
and has roughly the same performance as DKM+SGD, CBGZ+SGD.
We explain a little bit more about Table 1. First, note that the running time of a learning algorithm depends on two factors: (1) the
number of iterations, i.e., the number of queried instances; (2) the
computation complexity of each iteration. Since Cesa09 has a much
higher complexity per iteration than the other four algorithms (due
to the matrix inversion operations), its running time is always the
longest. The running times of the other four algorithms largely depend on the number of queried instances, which is represented as the
largest x-axis value of each curve in Fig. 2. We can see that IDT+SGD
only queries half (or even fewer) of all instances for data sets except
splice, while its passive counterpart SGD always needs to query all
instances. Thus, IDT+SGD generally has a smaller running time than
SGD. Finally, note that IDT+SGD, DKM+SGD, and CBGZ+SGD query
roughly the same number of instances for data sets a2a, a3a and a4a,
thus their running times are quite close for these data sets.
5. Conclusion
In this paper, we proposed a new online active learning algorithm
for binary classiﬁcation. The key of our algorithm is a new threshold
updating method used in margin based criterion in which the threshold is decreased at the end of each iteration, based on the estimation
of error rate. The label of the instance is queried only if it has a margin
smaller than the threshold. Experiments on six data sets show that

our algorithm is effective in reducing the number of queries compared to other online active learning algorithms, and is more eﬃcient
in computation.
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