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Tutorial Outline

Part 1: Introduction to Active Learning (Rob)


Part 2: Theory of Active Learning (Steve)


Part 3: Advanced Topics and Open Problems (Steve)


Part 4: Nonparametric Active Learning (Rob)

slides: http://nowak.ece.wisc.edu/ActiveML.html



 Conventional (Passive) Machine Learning
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millions of labeled images
1000’s of human hours trained on more texts than a 

human could read in a lifetime

learned by 
playing more 
games than even 
my teenage son
could stomach !

?

Can we train machines with less labeled  
data and less human supervision?



Active Machine Learning

data selection 
algorithm

unlabeled 
raw data

human 
labeling

machine 
learning

predictive 
model

labeled 
data

Goal: machine automatically  
and adaptively selects most 
informative data for labeling



Motivating Application

provides labels to machine learner 
(several minutes / EHR)
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best linear classifier

Non-adaptive strategy: Label a random sample

Active strategy: Label a sample near best 
decision boundary based on labels seen so far

# labels

error rate ✏

active learning finds optimal 
classifier with much less 
human supervision!

Active Learning



11000 patient records 
8000 positive 
3000 negative 

6182 Numerical Features 
icd9 codes 
lab tests 
patient data 

Classification task:  
cataracts or healthy

less than half as many labeled 
examples needed by active learning

active learning     
passive learning   

Active Logistic Regression



nextml.org



Active learning to optimize crowdsourcing and 
rating in New Yorker Cartoon Caption Contest



Actively learning user’s beer preferences 



Principles of Active Learning



What and Where Information

x
<latexit sha1_base64="Whvr4b/LFT0obOEEGu5nSiC2KTo="></latexit>

p(y|x)
<latexit sha1_base64="9s4p/1EEotGoHDdhpiNeEwbD0aU="></latexit>

Density estimation: What is p(y|x)?
Classification: Where is p(y|x) > 0?

<latexit sha1_base64="6/jpTwqMPj9rFfECacA215Xkksk="></latexit>

x
<latexit sha1_base64="Whvr4b/LFT0obOEEGu5nSiC2KTo="></latexit>

p(x)
<latexit sha1_base64="/13CxrgjkO8jDL8OQDbBnD1TWw4="></latexit>Density estimation: What is p(x)?

Clustering: Where is p(x) > ✏ ?
<latexit sha1_base64="tkVbhFrcHREGGL/VYApkj5cW6m0="></latexit>

E[y|x]
<latexit sha1_base64="iJnzcTJQm4dWqYlWoJGCWInHwls="></latexit>

x
<latexit sha1_base64="Whvr4b/LFT0obOEEGu5nSiC2KTo="></latexit>

Function estimation: What is E[y|x]?
Bandit optimization: Where is maxx E[y|x]?

<latexit sha1_base64="uzqlJL2aZvP3o4CtSisy/1l5kxc="></latexit>

Active learning is more efficient than passive 
learning for localized “where” information



Version-Space (VS) Active Learning

initialize VS: H = all models/hypotheses

while (stopping-criterion) not met

1. sample at random from available dataset

2. label only those samples that distinguish models in H

3. reduce H by removing all models inconsistent with labels

output: best model in final H

 Model   
 Space

Select 
examples 
to label

Labeled 
Data

1. Integrating data from disparate sources

2. Optimizing human resources in the data collection and processing chain

3. Reasoning and planning in highly uncertain environments

This proposal outlines a research agenda for developing the mathematical and computational foundations
of large-scale interactive data analytics. Our aim is to focus on two interconnected components necessary to
optimize information processing systems:

• A1. Sequential and adaptive sensing, data-collection and decision-making.

• A2. Interactive Machine-Human Data Collection and Co-Processing.

• A3. Cloud-based platforms for large-scale interactive data analytics.

These challenges will be studied and will influence the development of new mathematical theory and
computational tools.

The State of Interactive Machine Learning Most supervised machine learning algorithms designed us-
ing a pre-selected set of “training data.” This approach is referred to as passive learning. Gathering and
annotating training datasets can be costly, placing limits on their size and complexity. For example, in natu-
ral language processing or scene recognition tasks, human experts are usually required to label the training
data. Active learning integrates the processes of training data collection and algorithm design. Rather than
working with a pre-selected pool of training data, the selection of data for labeling or annotation is guided by
the machine as it learns the task at hand, focusing data gathering toward examples that are most ambiguous
given previously collected training data.

    model
    space

questions
/queries

“training 
data”

Human Judgements
analysis, labeling, 

annotation, comparison

active learning

Figure 2: Active learning closes the loop. The machine learner only requests human assistance/labeling for data that
does not fit its current learned model. As the machines prediction performance improves, it requires less and less
assistance from human experts.

Active learning addresses an inherently practical problem: train a machine to perform a particular task
while using as little input from human experts as possible. Unfortunately, the most impressive accomplish-
ments in this field are theoretical in nature and almost useless in practice. Most existing active learning
methods suffer from at least one of the following problems that have limited success in practice:
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machine

active learning 

questions
& tests

answers & 
decisions

models data   data   

human 
judgments   

models

questions
& tests

answers & 
decisions

human 
judgments   

Figure 2: Active learning closes the loop. The conventional, passive learning approach is shown on the left. A human
expert supplies a set of labeled training data to the machine without any interaction, and the machine selects the best
model based on these data. In the active learning model, on the right, the learning process is continually refined as the
machine’s prediction performance improves. The machine uses information gleaned from previous human inputs to
rule out incompatible models, and then queries the human for information about only the most ambiguous data. This
reduces the burden on human experts and accelerates the learning process.

and many of its relaxations computationally intractable (the first problem identified above). In the context
of Figure 3, each node may have a very large number of possible sensing actions (children) associated with
it, corresponding to the multitude not only of available sensors, but also their various operating modes.
Similarly, the space of possible target identities and locations is generally enormous. Furthermore, MDP
formulations assume critical information about the cost or reward function is known a priori, touching on
the second issue above, while in active learning such prior knowledge is unavailable.

. . .

. . .

. . .

...

�

sensing space:

target identification
and localization

Figure 3: Optimal solutions to active learning and adaptive sensing can be represented in terms of a search tree. In
large-scale, complex tasks, the size of the search tree grows exponentially in terms of data dimensionality. New theory
and methods are needed to handle this challenge.

Development of a general framework that encompasses all active learning models and avoids the pitfalls
just discussed is not realistic given current understanding. Instead, we will address specific problems, build-
ing on our long track record of research in the field of active learning [30,8,43,38,18,27,13,21,35,19]. We
will identify several machine learning techniques that have demonstrated good performance in real-world
applications, and develop new algorithms that are provably optimal or near-optimal over a large range of
model assumptions and noise conditions. By considering specific hypothesis classes and slightly relaxed
optimality conditions we believe that we can devise novel algorithms that avoid the problems identified
above. Not surprisingly, the kinds of models, algorithms and tasks that have gained popularity due to their

3
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Meta-Algorithm for Active Learning



random selection 
(passive)

binary search 
(active)          

Learning a 1-D Classifier

    labeled data

binary search quickly finds decision boundary

passive : ✏ ⇠ n�1

active : ✏ ⇠ e�cn

err
err 2�n
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Consider a possibly infinite set of hypotheses F with finite VC dimension d
and for each f 2 F define the risk (error rate):

R(f) := P(f(x) 6= y)
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VC bound:
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w.p. � 1� �
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sup
f2F

|R(f)� bR(f)|  6

r
d log(n/�)

n
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Given training data {(xj , yj)}nj=1, learn a function f to predict y from x
<latexit sha1_base64="DY5fekva7qVFNgVRXpdsaLjf+JI="></latexit>

error rate on
training data:
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“empirical risk”
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This is the guarantee for the test at just one point. If we test a k points during the binary search

process, then the probability that one or more of the tests fails is bounded by k�. Thus, if we replace

� with �/k the bound on m above, then the probability that all k tests are correct is at least 1� �. So

we will perform k steps of the binary search and collect

m = O

✓
2 log(2k/�)

�2

◆

samples in each step. Taking k = log(1/✏) yields an ✏-accurate solution with probability at least

1� � and the total number of (noisy) function evaluations is

O

0

BBB@
log(1/✏)

2 log(2 log(1/✏)/�)

�2
| {z }
price paid due to noise

1

CCCA
.

4 Binary Classification

The binary search problems above assume one can request the label at any chosen point x, but this is

not the case in most machine learning (ML) settings. Rather, in ML applications have access to a

pool of examples of x distributed according to some distribution and a subset of these examples can

be labeled (usually at a cost). The goal is to learn a good classifier using as few labeled examples as

possible.

Consider the finite set of hypotheses fi, i = 1, . . . , k. Each hypothesis has a probability of error

R(fi) := P(fi(x) 6= y)

where the probability is computed over the distribution on x and the binary distribution of y given x.

Empirical risk minimization (ERM) is a standard ML approach which proceeds as follows. Select the

hypothesis that makes the fewest prediction errors on a set of iid labeled examples {(xi, yi)}mi=1. The

basic ingredient in ERM is an estimate of the error rate of each hypothesis

bR(fi) =
1

m

MX

i=1

1(f(xi) 6= yi) ,

which is usually referred to as the empirical risk. Note that the terms in this average are iid binary

random variables, and using the Chernoff bound confidence intervals we have

|R(fi)� bR(fi)| 
r

log(2/�)

2m

with probability at least 1� �. In order to have the confidence intervals hold simultaneously for all

hypotheses, we apply the union bound (replace � with �/k) to have

|R(fi)� bR(fi)| 
r

log(2k/�)

2m
for i = 1, . . . , k

Now suppose we want to select a hypothesis with true error rate within � > 0 of mini R(fi). Define

true and empirical risk minimizers

f
? = arg min

f2{fi}
R(f)

bf = arg min
f2{fi}

bR(f)

To determine how many samples will be sufficient to guarantee that R( bf)  R(f?) + �, consider the

confidence intervals for these two hypotheses. The lower confidence bound for f
?

is

R(f?) � bR(f?)�
r

log(2k/�)

2m

3

bR(f) =
1

n

nX

i=1

⇣
f(xi) 6= yi

⌘

<latexit sha1_base64="uLm4hnIYWO8m0dqspPt8xRONBQg="></latexit>

Vapnik-Chervonenkis (VC) Theory



Empirical Risk Minimization (ERM)

bR( bf)
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bR(f?)
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“empirical risk minimizer”
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true risk minimizer
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f⇤ = argmin
f2F

R(f)

bf = argmin
f2F

bR(f)
<latexit sha1_base64="4tCcmg1tPzZut6bYSupsgXZXOec="></latexit>

R( bf)  bR( bf) + 6

r
d log(n/�)

n
<latexit sha1_base64="ypzaxYPsuuEjjz1gpDBpuu5Lr7c="></latexit>

R(f⇤) � bR(f⇤)� 6

r
d log(n/�)

n
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r
d log(n/�)

n
<latexit sha1_base64="GnDK2yP8/w+2bbKd3jgK5tWNSdk="></latexit>

Goal: select hypothesis with true error rate within ✏ > 0 of minf2F R(f)
<latexit sha1_base64="aMQNp2TlCGApiYyduI5Id4Vt+xk="></latexit>

su�cient number
of training examples:
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n = eO
⇣
d log(1/�)

✏2

⌘
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bf minimizes empirical risk:

bR( bf)  bR(f⇤)
<latexit sha1_base64="JFfuybFBfbjU2tcBHdGGn2WlglU="></latexit>

error



hypotheses (ordered according to empirical risks)

· · ·

1 2 3 k-1 k

Empirical Risks and Confidence Intervals



hypotheses (ordered according to empirical risks)

· · ·

1 2 3 k-1 k

Empirical Risks and Confidence Intervals

more training data ) smaller confidence intervals
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hypotheses (ordered according to empirical risks)

· · ·

1 2 3 k-1 k

Empirical Risks and Confidence Intervals

more training data ) smaller confidence intervals
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hypotheses (ordered according to empirical risks)

· · ·

1 2 3 k-1 k

bR(f3)
<latexit sha1_base64="DfD7G/1NGq2jDWAuNm5nZxdkLA0="></latexit><latexit sha1_base64="DfD7G/1NGq2jDWAuNm5nZxdkLA0="></latexit><latexit sha1_base64="DfD7G/1NGq2jDWAuNm5nZxdkLA0="></latexit><latexit sha1_base64="DfD7G/1NGq2jDWAuNm5nZxdkLA0="></latexit>

ERM is Wasting Labeled Examples



hypotheses (ordered according to empirical risks)
1 2 3 k-1 k

ERM is Wasting Labeled Examples

· · ·bR(f3)
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at this point we can safely remove
f3 from further consideration
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and we probably could have removed
other hypotheses even sooner

<latexit sha1_base64="S7G0oKTPHCcf5R7g3HVkTMxHLao="></latexit><latexit sha1_base64="S7G0oKTPHCcf5R7g3HVkTMxHLao="></latexit><latexit sha1_base64="S7G0oKTPHCcf5R7g3HVkTMxHLao="></latexit><latexit sha1_base64="S7G0oKTPHCcf5R7g3HVkTMxHLao="></latexit>

only require labels for examples that 
hypotheses 1 and 2 label differently 
(i.e., examples where they disagree)



Disagreement-Based Active Learning

consider points uniform on unit ball and
linear classifiers passing through origin
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only label points in the
region of disagreement D
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Active Binary Classification

parametric rate

exponential speed-up

# labels

Bayes error rate

passive

active

passive: ✏ ⇠ d

n

active: ✏ ⇠ exp
⇣
� c

n

d

⌘
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active

passive: ✏ ⇠ d

n

active: ✏ ⇠ exp
⇣
� c

n

d

⌘
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passive

✏ = R( bf)�R(f⇤)
<latexit sha1_base64="pvQUBf6y7D81KHp+zc7wo3bkWXg="></latexit>

✏ = R( bf)�R(f⇤)
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✏ = R( bf)�R(f⇤)
<latexit sha1_base64="pvQUBf6y7D81KHp+zc7wo3bkWXg="></latexit>

Assuming optimal Bayes classifer f⇤ in VC class with dimension d
and “nice” distributions (e.g., bounded label noise)
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slides: http://nowak.ece.wisc.edu/ActiveML.html
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