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Abstract

In this paper we show how large margin assump-
tions make it possible to use ideas and algorithms
from convex optimization for active learning. This
provides an alternative and complementary approach
to standard algorithms for active learning. These
algorithms appear to be robust and provide approx-
imately correct hypotheses with probability one, as
opposed to the standard PAC learning results.
In particular we consider the problem of finding
global convergence bounds for active learning with
halfspaces. We show that a large margin assump-
tion allows the reduction of active learning prob-
lem to that of convex optimization from which one
can construct efficient algorithms. This work gen-
eralizes and clarifies previous results in this area
and provides new insights.

1 Introduction
Large margin assumptions are fundamental in learning the-
ory and practice, in particular in our understanding of Sup-
port Vector Machines [Vap00]. In this paper we show how
large margin analysis can be applied to active learning. Our
main insight is that large margin assumptions allow one to
apply tools from convex optimization to develop active learn-
ing algorithms which exponentially improve on unsupervised
learning algorithms. Our analysis is global and not asymp-
totic in contrast with recent results [BHW08].

Active learning is important because in many situations
one has access to many examples which are costly to label.
A well known example is that of spam detection. Unlabeled
emails are widely available, but labeled emails require hu-
man intervention, so are costly. The goal of active learning
algorithms in this setting is to learn to identify spam with
a minimal number of labeling requests. Additional appli-
cations of active learning arise in web searching and also
in biology, where labeling may involve in vitro experiments
which are expensive and time consuming [DZW+07].

The initial results for active learning were encouraging.
For example, when instances are uniformly distributed on
the unit sphere, simple algorithms can actively learn sepa-
rating hyperplanes through the origin with error less than ε
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with only O(d log(d/ε)) label queries, where d is the dimen-
sionality of the space. This is an exponential improvement
over the number of labels requested by unsupervised learn-
ing which are Ω(d/ε). In addition, in [BBZ07] Balcan et. al.
show that under a large margin assumption (and other mild
restrictions) one can remove the dependence on dimension
and present an active learning algorithm that requires only
O(log(1/ε)) labels.

However, when the separating hyperplanes are not re-
quired to pass through the origin, the (non-asymptotic) com-
plexity of active learning is Ω(d/ε) which is the same as that
for unsupervised learning (see, e.g., [Das05]). However, in
a recent paper [BHW08] Balcan et. al. have shown that
asymptotically active learning (under mild assumptions) im-
proves on unsupervised learning and except for some unreal-
istic models the improvement is exponential. Formally, they
show that the number of labels needed is C(h)d log(1/ε)
where C(h) depends on the target hypothesis h.

In this paper we will show that, under an additional as-
sumption, one can learn the generalized separating hyper-
plane with Cd log(1/(Aε)) labels which does not depend
directly on the target hypothesis but only on its margin A.
Thus, for large margins one gets non-asymptotic results and
in addition, these results can be obtained for many interest-
ing generalizations.

Our analysis relies on an important fact that is of in-
dependent interest. Large margins create a tight relation-
ship between the distance of hypotheses in terms of errors
and the geometric distances between them in the hypothe-
sis space. In particular, if two hypotheses are geometrically
close then they must be close in terms of errors. This allows
one to transform the analysis from the standard combinato-
rial probabilistic approach to that of convex optimization, a
topic which has been well studied. Thus, one can rigorously
apply the ideas from convex optimization to active learning.
This provides a complementary approach which may prove
fruitful.

One somewhat surprising outcome of this approach is
that our results are truly approximately correct not just prob-
ably approximately correct, which is the standard for analy-
ses in this area.1

1Although this may not seem possible for randomized samples
the key is that the total number of required samples, which are not
labeled, can be arbitrarily large. This raises interesting definitional
questions which we will not pursue in this paper.



The paper is organized as follows: in the following sec-
tion we present the abstract version of our analysis. Then, in
Section 3 we apply our theory to some well known examples
and conclude in Section 4.

2 General Theory
Let X = Bd, where Bd is the d dimensional unit ball in
<d, be the instance space where instances can have 2 la-
bels {−, +} which we will refer to as negative or positive
instances. Assume there is some distribution D on X . The
hypotheses will be halfspaces in <d which we will repre-
sent by w ∈ <d, using a nonstandard, but useful, repre-
sentation. Given some w ∈ <d we define the halfspace as
ĥ(w) = {x ∈ X | w · x ≤ 1}. Note that this assumes that
x = 0 is a positive instance. We will assume this throughout
without loss of generality. (If this isn’t true just swap the def-
inition of the labels.) Let W be the set of allowed halfspace
parameters and Ĥ the set of feasible halfspaces.

First we note that it makes sense to restrict to the case
where ||w|| ≥ 1, since if ||w|| < 1 then the separating hy-
perplane generated by w does not intersect x so h(w) can be
removed from Ĥ . This is because the halfspace generated
by w/||w|| (or any other w with ||w|| = 1) will classify all
points in the same way as the halfspace generated by w so
there is no loss of generality by removing all w’s with norm
less than 1.

Now we define the complexity of actively learning half-
spaces. Note that this definition assumes that the algorithm
learns an approximately optimal halfspace with probability
1.

Definition 1 Given the problem of actively learning a halfs-
pace given instance space X and distribution D, the problem
has sure sample complexity SSC(ε) if there exists an active
learning algorithm which can find a halfspace with error at
most ε with labeling at most SSC(ε) instances.

Now we define the margin of a halfspace as follows.

Definition 2 A halfspace ĥ(w) satisfies the margin condi-
tion with margin constant Â if

Pr[|w · x− 1| ≤ γ] ≤ γ/Â

for all γ > 0. The margin constant of a halfspace is the
infimum of Â over all satisfying margins.

Note that this definition of margin is somewhat nonstan-
dard and is not the same as the geometric margin. In Sec-
tion 3 we will discuss the relationship between the two.

2.1 Large Margins
Define the error of a hypothesis h(w′) from a true hypothesis
h(w) to be

err(h(w′); h(w)) = PrX [h(w)∆h(w′)]

where ∆ represents the symmetric difference, i.e.,

h(w)∆h(w′) = h(w) \ h(w′)
⋃

h(w′) \ h(w).

Note that h(w)∆h(w′) is the disagreement region,
DIS({h(w), h(w′)}).

In general, for some Ŵ ⊂ W define the disagreement
region for Ŵ to be the union of all the disagreement regions
between pairs of w’s. Thus,

DIS(Ŵ ) =
⋃

w,w′∈Ŵ

h(w)∆h(w′)

which is the set of instances which are uncertain given a set
of hypotheses Ŵ . Now we show how margins connect errors
in parameter space with classification errors.

Theorem 3 If w ∈ W has margin constant Â then
err(h(w′); h(w)) ≤ ||w − w′||/Â.

Proof: Note that the errors can only occur in the disagree-
ment region DIS({h(w), h(w′)}), thus we need to bound
PX [DIS({h(w), h(w′)})]. Now, consider the problem of
maximizing the margin over the disagreement region. It is
easy to see that the maximum must be attained at the bound-
ary which implies that the maximum margin is |w · x − 1|
where w′ · x = 1. Thus

|w · x− 1| = |(w − w′) · x + w′ · x− 1|
and by applying the constraint we see that

|w · x− 1| = |(w − w′) · x| ≤ ||w − w′|| ||x|| ≤ ||w − w′||
since ||x|| ≤ 1 by assumption. Then, by the margin assump-
tion, the total probability of instances with this margin is less
than ||w − w′||/A completing the proof. QED

The importance of this result is that it reduces a proba-
bilistic problem into a geometric one. If we can find a hy-
pothesis which is guaranteed to be geometrically close to the
true hypothesis then, under a margin assumption, it will have
small error. Note that this statement is true with certainty,
not just with high probability.

2.2 Applying Convex Optimization
Our (somewhat nonstandard) choice of representation for the
halfspaces turns out to be important as it can be easily em-
bedded into a convex space. Let Wt be the set of feasible
halfspace parameters after t instances have been labeled, e.g.
if w ∈ Wt then h(w) classifies the first t labeled points cor-
rectly. Now suppose that the next point xt+1 is labeled pos-
itively. (To reduce notation we will index the points by the
time at which they are labeled.) If a hypothesis w ∈ W
is consistent with this point it must satisfy w · xt+1 ≤ 1
which is a halfspace in the parameter space. Thus Wt+1 =
Wt

⋃
f+(x) where f+(x) = {w ∈ W |w·x ≤ 1}. Note that

if this point were a negative instance then we would just use
the complement of f+(x), denoted f−(x), in the update.2
Thus, a newly labeled point generates a separating hyper-
plane for the feasible region.

2Note that f+(x) contains the separating hyperplane while f−
does not. This leads to bookkeeping issues which don’t signifi-
cantly affect our analysis.



This connection can be made precise by noting that we
can think of an active learning algorithm as approximately
choosing points x ∈ X with approximate knowledge of the
distribution D.

Definition 4 A point x ∈ X is in the smooth support of D if
any neighborhood of x ∈ X has nonzero probability.

Note that if a point has smooth support then if the algo-
rithm waits long enough it can always find a point arbitrarily
close to x to label. In the following, we will assume that
we can find the exact point. As will be clear, our algorithms
are robust to small errors in the chosen point so this will not
affect our results.

Combining these ideas with the large margin result we
can reduce the problem of actively learning a halfspace to
that of sequentially choosing a sequence of points x1, . . . , xt

in the smooth support of D to label, such that the feasible
region after labeling these points Wt has small geometric di-
ameter. Since each of these points generates a separating
hyperplane we can use this to reduce the size of the feasible
region until it is sufficiently small that we can estimate the
true w with sufficient accuracy.

The precise method we use depends on our assumptions
about the set of smooth support of D. We begin with the
simplest version which is when all of X is contained in the
smooth support of D. In this case, the following simple bi-
section algorithm suffices.

Active Bisection Algorithm

1. Set W0 = W and t = 0.

2. For t=1 to T

(a) Let i = t (mod d)
(b) Compute

bi = (max{wi| w ∈ Wt}+min{wi| w ∈ Wt})/2.

(c) Label x = biei, where ei is the i’th
unit vector and let s ∈ {−, +} be the
label.

(d) Set Wt = Wt−1

⋂
fs(x).

3. Return w∗ such that w∗i = (max{wi | w ∈
Wt}+ min{wi | w ∈ Wt})/2.

Since this is essentially a bisection algorithm it converges
rapidly and allows us to actively learn efficiently.

Theorem 5 Assume that W is convex, has diameter φ, and
all of X in DIS(W ) is contained in the smooth support of
D. Then its sure sample complexity is O(d log(dφ/(Âε))).

Proof: Apply the Active Bisection Algorithm. As we show
below, after O(d log(dφ/(Âε))) iterations it will find a w
with error at most ε.

Consider the set of t such that i = t (mod i). At each
such iteration of the algorithm the size of the feasible re-
gion in the i’th direction is cut in half. Since the diameter
of W0 is less than φ it is guaranteed to be less than 2−T/dφ
by the end of the algorithm. Thus the diameter of WT is less

than 2−T/d
√

dφ. Applying Theorem 1 completes the analy-
sis. QED

Note that in the case where W has significantly different
extent in different directions one could strengthen this result.
For example if W is large in k directions but small, O(ε), in
the others, then the number of labels depends linearly on k
not d.

As we will see in the following section, this method will
allow us, with a mild assumption to solve problems where D
has smooth support on a convex subset of X; however, with-
out such full support, as in the well studied example where
the smooth support is on the surface of x, one needs a more
sophisticated approach.

Our analysis will apply some ideas from convex opti-
mization, known as cutting plane methods. These are gen-
eralized bisection algorithms. The best known of which is
the Ellipsoid method which was used to show the polynomi-
ality of linear programming; however, the Ellipsoid method
is theoretically suboptimal, so we will develop an algorithm
modeled on the center of gravity method.3

Given a set M ∈ <d let V ol(M) be the Euclidean vol-
ume of H . It us useful to define the center of gravity of M
as

CG(M) = V ol(M)−1

∫

M

xdx.

Now we recall Grunbaum’s theorem [Grü60] in our notation.

Theorem 6 (Grunbaum) Let M ∈ <d be a convex set and
h(w) a halfspace such that w · CG(M) = 1. Then

V ol(M
⋂

h(w)) ≤ e−1V ol(M).

Thus, by a judicious choice of w we can always geomet-
rically reduce the volume of the feasible set. Applying this
technique we can reduce the assumptions required to obtain
a good active learning algorithm. However, there are two
main issues to resolve. The first is that we need to be able to
find at least one separating hyperplane and the second is that
reducing the volume of Wt is not sufficient as we must also
guarantee that it has small diameter. In order to achieve both
of these goals we need the following definition.

Definition 7 A hyperplane w ∈ W is fully covered by D if
there exist d linearly independent instances x ∈ X in the
smooth support of X such that w · x = 1.

To construct the algorithm it will be useful to develop
some notation. Given a set of vectors Vi ∈ <d for i ∈
{1, 2, . . . , k} define the linear space

LIN(V ) = {v′ ∈ <d | ∀ i, Vi · v′ = 0}
and given an additional set of scalars ψi ∈ < for i ∈ {1, 2, . . . , k}
define the affine space

AFF (V, ψ) = {v′ ∈ <d | ∀ i, Vi · v′ = ψi}.
3These methods are all discussed in the lectures by Nemirovski

[Nem94].



Given a vector y ∈ <d we say that y ⊥ V if y is orthogonal
to all the vectors in V and y 6⊥ V if that is not true. It is
useful to note that if y 6⊥ V then the projection of y onto
LIN(V ) is nonzero.

In addition, we need to consider the smallest “slab” con-
taining a set. Recall that a slab is the region between 2 par-
allel hyperplanes. We denote a slab as

SL(γ, ψ, ω) = {v ∈ <d | v · γ ∈ [ψ − ω, ψ + ω]}
where v ∈ <d is the defining unit vector, ψ ∈ < is the center
and ω is the width. Given a set W ∈ <d we will define the
minimal slab SLm(W ) to the slab with the smallest width ω
containing W . The parameters of this slab will be denoted
by γ(W ), ψ(W ), and ω(W ).

Lastly, we require a projection operator to an affine space
πAFF (V,γ) which takes a point v to the closest point in AFF (V, γ).
Active Center of Gravity Algorithm

1. Set W d = W, V = ∅ and ψ = ∅.
2. For d̂ = d to 1

(a) Compute Ŵ d̂ = CGReduce(W d̂, V, ψ).

(b) Set γd̂ = γ(Ŵ d̂) and ψd̂ = ψ(Ŵ d̂).

(c) Set W d̂−1 = πAFF (V,ψ)(Ŵ d̂).

(d) Set V = V
⋃

γd̂ and ψ = ψ
⋃

ψd̂.

3. Return the w∗ which solves γd̂ = ψd̂ for
all d̂ ∈ {1, 2, . . . , d}.

CGReduce

1. Input W d̂, V and ψ.

2. While φ(πAFF (V,ψ)(W d̂)) ≥ 2ε/(Âd1/2) do

(a) Let w = CG(πAFF (V,ψ)(W d̂)).
(b) Choose some x in the smooth support

of X such that w · x = 1 and V 6⊥ x.

(c) Set s ∈ {−.+} to the label of x.

(d) Set W d̂ = W d̂
⋂

fs(x).

3. Return W d̂.

Now we show that this algorithm converges quickly and
provides an upper bound for the sure sample complexity.

Theorem 8 Assume that X = Bd, W is convex, has diam-
eter φ(W ), and all of w ∈ W is fully covered. Then its sure
sample complexity is O(d log(dφ/(Aε))).

Proof: Apply the Active Center of Gravity Algorithm. As we
show below, after O(d log(dφ/(Âε))) iterations it will find a
w with error at most ε.

First, by Grunbaum’s Theorem it is clear that the Center
of Gravity Method will reduce the volume of W d̂ in CGRe-
duce and clearly at some point the smallest slab will be suffi-
ciently small. In addition, at the termination all slabs are less
than 2ε/(Âd1/2) thick so the solution is accurate to ε/(Âd1/2)

in d orthonormal coordinates which by Theorem 3 guaran-
tees the accuracy.

Next, since every w ∈ W is fully covered it is always
possible to find a valid x in step 2b of CGReduce. Since
there are d linearly independent x’s in the smooth support of
D at w at least one of them must be non-orthogonal to any
non-empty linear subspace of <d.

Lastly, we need to check the number of iterations. Let
nd̂ be the number of labeled point during the stage d̂ call
to CGReduce and let φd̂ be the volume of W d̂ in the main
algorithm. Note that due to the projection step φd̂ is the
volume of the projection which is less than α times the un-
projected volume, where α = 2ε/(Âd1/2). Thus by Grun-
baum’s theorem φd̂−1 ≤ e−nd̂/α. Iterating this bound yields
1 ≤ e−n/αd, where n =

∑d
d̂=1 nd̂, which completes the

proof. QED

3 Applications
In this section we apply our results from the previous section
to generalized versions of our motivating examples: learning
halfspaces when the instances are uniformly distributed on
surface of the unit ball. In this case we use the standard
representation of halfspaces, h(v, v0) = {x ∈ X | v·x−v0 ≤
0}, where v ∈ <d satisfies ||v|| = 1, which we denote by
v ∈ V , and the geometric margin defined as follows:

Definition 9 A halfspace h(v, v0) satisfies the geometric mar-
gin condition with geometric margin A if

Pr[|v · x− v0| ≤ γ] ≤ γ/A

for all γ > 0. The geometric margin constant of a halfspace
is the infimum of A over all satisfying geometric margins.

First we note the simple relationship between the two
margin constants.

Lemma 10 Suppose that ĥ(w) has margin constant Â. Then
the geometric margin constant A of ĥ(w) satisfies A = Â||w||.

Proof: Note that ĥ(w) = h(w/||w||, 1/||w||). Then

Pr[|w·x−1| ≤ γ] = Pr[|(w/||w||)·x−1/(||w||)| ≤ γ/||w||]
which implies that if

Pr[|w · x− 1| ≤ γ] ≤ γ/Â

then

Pr[|w/||w|| · x− 1/||w||| ≤ γ] ≤ γ/(||w||Â)

which proves the lemma as ||w||Â = A. QED

Thus, in order to get accuracy ε under the geometric mar-
gin we need to solve the problem to accuracy ε̂ = ε/||wm||
in our representation where wm ∈ W maximizes ||w|| over
W .

Next we recall that the set of “relevant” halfspaces for
instances contained in (or on) the unit ball is the set of w ∈



W ⊂ <d such that ||w|| ≥ 1. In order to apply our tech-
niques we need to restrict to a bounded set of parameters,
so we define Wσ = {w ∈ <d | 1 ≤ ||w|| ≤ σ} which
introduces small additional error under the large margin as-
sumption.

Lemma 11 Suppose that w ∈ W has margin constant Â
and w 6∈ Wσ. Then there exists some ŵ ∈ Wσ such that
err(ŵ; w) ≤ 1/(Aσ).

Proof: Consider ŵ = σw/||w|| ∈ Wσ and consider the stan-
dard representation of the halfspaces, h(w/||w||, 1/||w||) and
h(w/||w||, 1/σ). Then we use a similar argument to that of
Theorem 3, except in this case the maximum margin between
the two is simply |1/||w|| − 1/σ| < 1/σ which proves the
result. QED

Thus, bounding Wσ only increases the error by a small
amount if σ is chosen to be large; however, the feasible re-
gion is not convex. To remedy this we make what seems to
be a mild, yet powerful assumption.

Assumption 1 The algorithm begins with a negative instance
x−. Recall that by assumption the origin is a positive in-
stance, so this is equivalent to assuming that the algorithm
is always given one instance of each type.

Note that this is very strong in the sense that in d = 2
it simplifies the problem dramatically, as the difficult part is
to find two such examples. However, we believe that in any
reasonable learning problem one would always have exam-
ples of both types of instances and thus difficulties that arise
from finding such instances should only be of theoretical in-
terest. Note also that two points is sufficient for any d > 0
so this does not grow with dimension or desired accuracy.
Alternatively, an equivalent assumption is that the measure
of the positive examples must be bounded away from both 0
and 1, another seemingly reasonable assumption.

Given this assumption, we can consider the set Ŵ =
Wσ

⋂
f−(x−) which is convex and bounded with radius less

than σ. Then we can apply our results from the previous sec-
tion to prove complexity results.

We begin with the simpler result which shows that one
can use margin analysis for active learning on convex in-
stance spaces with full support.

Theorem 12 Assume that X = Bd and that all of X is in
the smooth support of D. Then its sure sample complexity is
O(d log(dφ/(Aε))), where A is the geometric margin.

Proof: This follows from Theorem 5. First we note that we
can run the active bisection algorithm starting with Ŵ =
Wσ

⋂
f−(x−) for σ = Aε/2. This guarantees that the er-

ror from using Wσ instead of W will have error at most ε/2
by Lemma 11. We run the bisection algorithm to accuracy
Âε/(2σ) which requires a running time of the correct order
and guarantees, via Lemma 10 that the error will be less than
ε/2. This completes the proof. QED

Similarly, we can apply the Active Center of Gravity
method to any instance space with full support on the surface

of a convex set. This includes the obvious generalization of
the case when the distribution is uniform on the surface of
the hypersphere.

Theorem 13 Assume that X = Bd and that all of the bound-
ary of X is in the smooth support of D. Then its sure sample
complexity is O(d log(dφ/(Aε))), where A is the geometric
margin.

Proof: This proof is similar to that in the previous theorem
except we use the Active Center of Gravity Algorithm. The
only change is that we need to show that every w is fully
covered by D. To do this, note that the points in X which
cover w are precisely those which intersect the hyperplane
w · x = 1. Now we assume that w = λe1 where e1 is the
first unit vector and 0 < λ < 1. In this case, the set of x such
that w · x = 1 is given by the vectors of the form (λ, v)
where v ∈ <d−1 and v satisfies

∑d
i=2 v2

i =
√

(1 − λ).
Now we choose d linearly independent vectors xi as fol-
lows. For 2 ≤ i ≤ d let xi = λe1 +

√
(1 − λ)ei and

x1 = λe1 −
√

(1 − λ)e2. Now, it is easy to see that for
2 ≤ i ≤ d the xi are linearly independent as they contain dif-
ferent unit vectors. It remains to note that x1 and x2 are lin-
early independent by inspection, completing the proof. QED

3.1 Some algorithmic comments
Note that if we consider computational complexity then the
Active Center of Gravity Algorithm is not efficiently imple-
mentable as it is difficult to compute the center of gravity of
a polytope, although there is some interesting computational
work on its approximation [DFK91, BV02].

Instead, one could use the ellipsoid method [?] instead of
the center of gravity method in the algorithm. Unfortunately,
the ellipsoid method only guarantees that it will reduce the
volume by 1− 1/d per separating hyperplane, instead of the
constant e−1 of the center of gravity method. This adds an-
other factor of d to the number of instances the algorithm
must label changing the complexities to O(d2 log(d/(Aε)))
in Theorems 8 and 13. This is still essentially an exponential
improvement over non-active learning.

However, the ellipsoid method is known to be inefficient
in practice for solving linear programs, so one might be hes-
itant to apply it to active learning. We see two possible re-
sponses to this argument. The first is that perhaps the ellip-
soid method isn’t that inefficient, it’s just that its competitors,
interior point methods and simplex methods are amazingly
efficient at solving linear programs, as they perform dramat-
ically better in practice then their formal analysis would sug-
gest.

Nonetheless, it would be interesting to try to apply ideas
that have been developed for linear programming (and com-
binatorial optimization) to develop practical algorithms for
active learning. The most promising ideas appear to be col-
umn generation and Dantzig-Wolfe decomposition, which
have been shown to be extremely effective in practice.4 We
leave a detailed analysis of these issues to future work.

4See, e.g., the textbook by Schrijver [Sch00] for these and other
potentially relevant methods.



4 Conclusions

We have shown how large margin conditions, which are fun-
damental in many areas of learning theory, guarantee an ex-
ponential improvement of active learning for halfspaces over
ordinary supervised learning. They also, provide a unified
analysis of many problems. In addition our analysis shows
tantalizing connections between active learning and convex
(and combinatorial) optimization. One obvious direction for
future research would be the development of active learn-
ing algorithms that extend these connections. For example,
one might like to extend the ideas of column generation of
Dantzig-Wolf decomposition to active learning.

Also, given that our methods appear to be robust it seems
natural that they should be extendable to the agnostic case. In
the agnostic setting, optimization frameworks are quite natu-
ral. Essentially this would correspond to adding an objective
function to our analysis.

Another set of open problems come from generalizing
our analysis. Can one further reduce the requirements on the
smooth support of the instance distribution? For example,
we believe that one can remove a convex set from the smooth
support and not change our main results (Theorems 5 and 8).

A fourth area for continued analysis is the extension of
margin methods to nonlinear hypotheses. In this case one
can show that asymptotically the analysis becomes essen-
tially linear, but for non-asymptotic analysis the curvature of
hypotheses leads to complications.

Lastly, we view this work as a step towards understand-
ing active learning for kernel SVMs. One main obstacle to
applying our analysis to kernel SVMs is that the problem
is only linear in a high dimensional space. However, Bal-
can et. al. [BBZ07] have shown that under a large margin
assumption it may be possible to actively learn with sample
complexities that are dimension independent. We expect that
this approach may allow one to bound the sure sample com-
plexity of active learning with kernel SVMs in a dimension
independent manner, for large margins.
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