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Data in Machine Learning

The premise of modern machine learning is based on the availability of
large scale data.
Data annotation is a time consuming and an expensive process.
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Smart Data Annotation Technique
Not all the labels are important to learn a machine learning model.
Smarter choices (by an algorithm) can be made while data annotation.
Active Learning: A learning algorithm that interactively queries a user
(or some other information source) to label new data points with the
desired outputs.
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Active Learning

Membership Query Synthesis: Learner generates its own instance
from an underlying natural distribution.
Pool-Based Sampling: Instances are drawn from the entire data pool
and assigned a confidence score.
Stream-Based Selective Sampling: In this work, we study the case
of data streaming.
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Active Learning Techniques

Expected model change [Settles et al., 2007].
Expected error reduction [Roy and McCallum, 2001].
Expected variance reduction [Wang et al., 2015].
Query by committee [Seung et al., 1992].
etc..
Uncertainty sampling [Balcan and Long, 2013, Wang and Singh,
2016, Cesa-Bianchi et al., 2009, Dekel et al., 2010, Orabona and
Cesa-Bianchi, 2011, Cavallanti et al., 2011, Agarwal, 2013, Mussmann
and Liang, 2018].

I Hard to extended to multi-class classification and are computationally
expensive.

I Convergence under strong distributional assumption.
I A proper convergence analysis is missing.
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Max-Margin Classification

Binary Classification

`(x , y , θ) = max{0, 1− yθ>x} ⇒ P(yθ>x 6 0) 6 E(`(x , y , θ)),

Multi-class Classification

`(x , y , θ) = max
[
0, 1− θ> (φ(x , y)− φ(x , y?(θ, x , y))

]
,

where y?(θ, x , y) = arg max
z∈Y\y

θ>φ(x , z).

⇒ P(θ>φ(x , y)− θ>φ(x , z?) 6 0) 6 E(`(x , y , θ)).
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Uncertainty Sampling for Max-Margin Classification

Require a sampling function σ, which maps prediction score to probability of
querying a label.

Compute probability pu(xt , θt) = σ(θt , xt).

Sample Bernoulli random variable zt with p = pu(xt , θt).

Compute `t(xt , yt , θt)← max(0, 1− yt(θ
>
t xt)).

Update θt+1 ← θt + γzt(ytxt)`t(xt , yt , θt).

Computational cheap update per iteration (O(d)).
Same algorithm can be extended for the multiclass classification setting.
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Theoretical Results

Major Task: Choose a nice sampling function σ whose properties can be
exploited in showing the convergence.

Answer: We found one such candidate function for σ which can be written
as,

σ(θ, x) =
1

1 + µθ>x
.

We state next results for above written candidate function.
We make no distributional assumption to show the convergence of the
algorithm.
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Separable Case

Convergence for Noiseless Case

Consider a set of n i.i.d. samples (xi , yi ) from P, and yi ∈ {−1, 1} for all
i = 1, . . . , n then, if there exists a θ? for which y(θ>? x) ≥ ρ?, we have for
some C > 0 :

E(1− y θ̄>n x)+ ≤
C max

{
1, 1

µ

}
min

{
1
µ ,

ρ?−1
1+µ

}2
n
. (1)

Expected # of Lables Queried

#n =
n−1∑
t=0

σ(θt , xt) =
n−1∑
t=0

1
1 + µ|θ>t xt |

.
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Inseparable Case
For any fixed θ?,

P(yθ>? x |(x , y) ≤ ρ?) ≤ η.

Convergence for Noisy Case

Consider a set of n i.i.d. samples (xi , yi ), yi ∈ {−1, 1} for all i = 1, . . . , n.
Then under the above noise assumption for all (x , y) pair, we have:

For small noise parameter η,
E(1− y θ̄>n x)+ = O

(
1
n

)
.

For large η,
E(1− y θ̄>n x)+ = O

(
1
n

+ η

)
.

Look at the paper for multiclass results.
Anant Raj , Francis Bach Uncertainty Sampling for Active Learning 10 / 14



Introduction
References

See you at the Poster!

Thank you!
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