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Abstract

This thesis proposal considers the problem of training machine learning classifiers in do-
mains where data are very high dimensional and training examples are extremely limited or
impossible to collect for all classes of interest. As a case study, we focus on the application of
thought recognition, where the objective is to classify a person’s cognitive state from a recorded
image of that person’s neural activity. Machine learning and pattern recognition methods have
already made a large impact on this field, but most prior work has focused on classification
studies with small numbers of classes and moderate amounts of training data. In this thesis,
we focus on thought recognition in a limited data setting, where there are few, if any, training
examples for the classes we wish to discriminate, and the number of possible classes can be in
the thousands.

Despite these constraints, this thesis seeks to demonstrate that it is possible to classify noisy,
high dimensional data with extremely few training examples by using spatial and temporal do-
main knowledge, intelligent feature selection, semantic side information, and large quantities
of unlabeled data from related tasks.

In our preliminary work, we showed that it possible that build a binary classifier that can
accurately classify between cognitive states with more than 80,000 features, and only two train-
ing examples per class. We also showed how classification can be improved using principled
feature selection, and derived a significance test using order statistics that is appropriate for
very high-dimensional problems with small numbers of training examples.

We have also explored the most extreme case of limited data, the zero-shot learning setting,
where we do not have any training examples for classes we wish to discriminate. We showed
that by using a knowledge base of semantic side information to create intermediate features,
we can build a classifier that can classify words that people are thinking about, even without
training data for those words while the classifier is forced to choose between nearly 1,000
different candidate words.

Finally, we showed how multi-task learning can be used to learn useful semantic features
directly from data. We formulated the semantic feature learning problem as a Multi-task Lasso
and presented an extremely fast and highly scalable algorithm for solving the resulting opti-
mization.

We propose work to extend our zero-shot learning setting by optimizing semantic feature
sets and by using an active learning framework to choose the most informative training ex-
amples. We also propose to use latent feature models such as components analysis and sparse
coding in a self-taught learning framework to improve decoding by leveraging data from addi-
tional neural imaging experiments.
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I INTRODUCTION

1 Introduction

In the last few years, there has been much work applying machine learning and pattern recog-
nition methods to the problem of thought recognition. The objective is to classify a person’s
cognitive state from a recorded image of that person’s neural activity [25] [54]. Often the neural
images are taken with functional magnetic resonance imaging (fMRI) but other brain scanners
such as magnetoencephalography (MEG) and electroencephalography (EEG) have been used
as well [4]. fMRI remains the most popular method for cognitive state classification, however,
due to its high spatial resolution that can measure neural activity in regions of the brain only a
few millimeters wide.

Cognitive state classification has many applications, and in the last five years a large and
growing body of research has emerged across many fields, ranging from psychology and neuro-
science to machine learning and statistics. Much of the work is concerned with studying brain
function. For example, a researcher might want to determine from a brain scan if a person is
viewing a picture or listening to an audio clip. Or a more difficult task might be to discrimi-
nate between a picture of a house or a tool. If a machine learning classifier can be trained to
discriminate between cognitive states, then the classifier can be analyzed to yield insights into
how the brain reacts to different stimuli.

Similarly, cognitive state classifiers are also used to study pathology of the brain. For exam-
ple, classifiers have been trained to diagnose schizophrenia and Alzheimer’s diseases [10][24].
Interpretation of the learned classifiers has given insight into how various neural disorders af-
fect the brain.

Another application of cognitive state classification is brain-computer-interfaces (BCI)
[80] [69] [36]. The goal of BCI is to use the signals recorded by a brain scanner for con-
trol and communication. This application has huge potential benefits for disabled persons and
could greatly enhance quality of life. For example, a paralyzed person might be able to control
a wheelchair just by thinking of a desired direction of movement [13].

Cognitive state classification is also of interest to quantitative machine learning and statis-
tics researchers because the domain pushes the limits of modern classification methods. The
datasets produced by brain scanners such as fMRI and MEG are incredibly high dimensional,
often with hundreds of thousands or even millions of raw features. The data are also noisy,
meaning that if the same experiment is repeated, a different brain image is obtained (some-
times dramatically different). This “noise” is caused by both the physical sensing process as
well as the contextual influences on the human research subject.

Typically, human subjects are kept in a fMRI scanner between 30-60 minutes to minimize
discomfort as they must remain extremely still. Brain scanning also involves a financial cost,
as both the scanner and subject’s time must be paid for. In addition, since fMRI measures the
slow hemodynamic (blood) response, a sample is typically collected only once per 15-20 sec-
onds. As a result, the number of collected samples for a given task is usually very small (i.e.
typically less than 100 samples). Thus, the main quantitative problem that must be addressed is:

How can classification be performed accurately when data are very high dimensional, noisy,
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and very few training samples are available?

This thesis will address this question by building machine learning methodology that maxi-
mizes classification accuracy and the number of cognitive states that can be classified, while
minimizing the amount of training data required.

2 Thesis Contributions

The central thesis of this work is that it is possible to decode noisy, high dimensional data with
extremely few training examples by using spatial and temporal domain knowledge, intelligent
feature selection, semantic side information, and large quantities of unlabeled data from re-
lated tasks.

This thesis seeks to make contributions to both core machine learning methodology, as well
as applied neuro-imaging and brain-computer-interfaces. The following summarizes the con-
tributions to date as well as the remaining contributions that will result after the thesis is com-
pleted:

1. A classification methodology for problems with large numbers of features and small
numbers of training examples - We will show how to leverage spatial and temporal
correlations in fMRI data to build a classifier that can accurately discriminate cognitive
states with only a very small number of training examples per class, even with thousands
of raw features. These results have already been obtained in our preliminary work.

2. A feature selection methodology for high-dimensional problems - We will show a
significance test especially suited to very high dimensional problems with few training
examples. We will use this test to choose the most relevant features during a discrim-
inative feature selection and show how this improves classifier performance and helps
model interpretation. These results have already been obtained in our preliminary work.

3. A general framework for zero-shot learning with semantic side information - We
will develop a framework that allows a classifier to discriminate classes that did not ap-
pear in a training set. The framework uses semantic output codes, which is a knowledge
base of side information that contains features (i.e. attributes) of the classes. By learning
an intermediate layer of semantic features rather than the class labels directly, a classifier
can extrapolate and discriminate novel classes that were omitted from a training set. This
also enables accurate decoding of a much larger number of classes. Some preliminary re-
sults have been obtained, and additional work regarding optimization of codes and active
learning is proposed.

4. A methodology for multi-task feature learning useful for discovering semantic fea-
tures - We will show that useful semantic features can be learned directly from data
using the multi-task Lasso. We present a blockwise coordinate descent algorithm to
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solve the resulting optimization in a highly scalable manner. These results have already
been obtained in our preliminary work.

5. Exploration and discovery of semantic features useful for prediction and decoding
of neural activity - We will explore different sets of intermediate semantic features
based on large corpus statistics as well as feature norming studies from human labeling.
We will use sparse regression methods such as the Multi-task Lasso to discover which
features are most useful for predicting different regions of neural activity the brain. This
work is ongoing. Some results have been achieved to date, but we continue to evaluate
new semantic feature sets.

6. A methodology to leverage data sets from other imaging studies and human sub-
jects - We will show that latent variable models such as sparse coding and component
analysis can be used to create useful features for decoding. This allows us to improve
performance by leveraging unlabeled data from other imaging studies as well as data
from other human subjects. This is proposed work.

7. Word decoding application - We show that it is often possible to classify a specific
word that a person is thinking about, even without any training examples for that word,
from a large set of nearly 1,000 possible words. We have achieved some preliminary
results using fMRI and we will explore this application in other modalities such as MEG
and EEG.

3 Related Work

3.1 Thought Recognition and Cognitive State Classification

Machine learning classifiers have made a large impact on the field of cognitive neuroscience
by showing that a person’s cognitive or “conscious” state can be discriminated from an image
of that person’s neural activity. Much of the early work in this area analyzed patterns of neural
activity recorded using fMRI while human subjects perceived different objects [15] [45] [44].
Later work showed that other cognitive states such as political affiliation [28], drug addition
[83], and even truthfulness [17] could be classified. Excellent overviews of this line of research
are available in Haynes and Rees [25] and Norman et al. [54].

Classification techniques have also been applied to the study of disease pathology. Studies
have shown that it’s possible to discriminate between schizophrenics and healthy controls [10]
[74]. Other work has investigated Alzheimer’s disease [24] as well as stroke recovery [71].

There has also been a large body of related work in the field of non-invasive brain computer
interfaces (BCI), where the goal is to use neural signals for control and communication. Most
of this work has focused on electroencephalography (EEG) because of its more practical form
factor. Overviews of this field are available in [80] [69] [36]. Studies have also investigated
BClI tasks in other neural scanners such as magnetoencephalography (MEG) [4] and even fMRI
[82].



3.2 Zero-Shot and Active Learning 3 RELATED WORK

More recently, there has been work to build generative models of neural activity. Rather
than focus on purely discriminative (i.e classification) tasks, this work tries to build models that
can predict patterns of neural activity in response to novel stimuli. The work of Kay et al. [29]
demonstrates a model that can predict neural activity in response to novel visual scenes, while
the work of Mitchell et al. [48] shows that it is possible to predict neural activity for concrete
nouns in English.

Much of the related work to date has focused on problems with moderate amounts of train-
ing data (e.g. forty examples per class) and small numbers of classes (e.g. binary). By contrast,
this thesis focuses on a more difficult learning scenario: when there are potentially thousands
of classes to discriminate and there are extremely few, and in some cases no training examples,
for each class. This is an important problem setting and especially relevant to neural imaging,
largely due to the difficulty of collecting large amounts of labeled training data from neural
scanners.

3.2 Zero-Shot and Active Learning

The goal of zero-shot learning is to learn a classifier f : X — Y that must predict novel values
of Y that were omitted from a training set. This problem has received little attention in the
machine learning community. Some work by [31] on zero-data learning has shown the ability
to predict novel classes of digits that were omitted from a training set. Some related theoretical
work has be performed by [6].

In computer vision, techniques for sharing features across object classes have been investi-
gated [77] [2] but relatively little work has focused on recognizing entirely novel classes, with
the exception of [30] predicting visual properties of new objects and [19] using visual property
predictions for object recognition.

Zero-shot learning is an important problem setting for neural decoding, computer vision as
well as any domain where it may be impossible to collect training data for all classes that a
classifier must discriminate. In this thesis, we develop this formalism and present a zero-shot
learning algorithm called the semantic output code classifier. We also prove some of the first
theoretical guarantees about when novel classes can be recovered without seeing them during
training.

We also note that zero-shot learning is also closely related to the topic of active-learning
because both deal with learning settings where limited training data are available. In zero-shot
learning, only a small number of labeled classes are available in the training data (fewer than
we wish to discriminate). Thus a natural question is, if we would like to discriminate a large
number of classes with only a small subset of these classes available in the training data, what
is the optimal subset of classes to acquire? This is a question of active-learning, which is
concerned with predictive models that can choose what training data they want to be trained
on [72] [73]. This thesis will address the important connection between zero-shot and active
learning.
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3.3 Feature Selection, Sparsity, and Multi-task Learning

The problem of selecting useful features for prediction is central to machine learning research.
Feature selection is one of the oldest topics of research in this field, and a very comprehensive
survey is available in [22]. One increasingly popular way to select features is to use regularized
methods that induce sparsity, meaning that only a small number of available features are used
to build a predictive model. This removes the burden of preselecting the most appropriate fea-
tures, and allows the model to automatically ignore irrelevant features and choose the features
most useful for the prediction task. The most popular sparse, linear model is the Lasso [76].
Other models that achieve sparsity through regularization include additive non-linear models
[66] as well as those that perform structure learning of graphs [20].

Sparsity constraints have also been used in multi-task learning problems. In a multi-task
learning setting, a learner is required to predict several tasks simultaneously, and large body of
work has shown that learning related tasks together can improve performance over single-task
learning, especially in situations with limited training data [11] [75]. In a similar fashion to
single-task learning, sparse methods have been used to select predictive features across multi-
tasks simultaneously. This question has been addressed in several fields. In machine learning
the problem is known as multi-task feature selection [1], in statistics as the simultaneous or
multi-task Lasso [79], and in signal processing as simultaneous sparse approximation [78].

In this thesis, we show how multi-task feature selection can be used to select features that 1)
are useful for thought recognition tasks 2) lead to interpretable models. Unlike previous work
that scales to only small numbers of features and tasks, we present a multi-task feature learning
algorithm that uses a blockwise coordinate descent method that scales to both thousands of
features and tasks.

3.4 Self-Taught Learning and Latent Variable Models

As mentioned earlier, one of the central problems of machine learning is selecting features
from data that are useful for a predictive task. Often, the problem of feature selection is the
most difficult part of building a prediction algorithm, and much research in fields from natural
language processing to computer vision is dedicated to selecting features or constructing novel
features from raw streams of data (e.g. text corpora or video streams). As a result, one common
criticism of machine learning methods is that algorithms are useless without humans investing
large amounts of time constructing useful features.

While this criticism is valid for some domains, it ignores recent progress in automated
feature construction and self-taught learning [62]. Self-taught learning is an emerging body
of research that deals with algorithms than can construct useful, novel features automatically
from data (rather than just selecting the most relevant features like the previously described
Lasso). Often learning is performed in a two-stage process, with the first stage dedicated
to constructing novel features in an unsupervised manner, and the second stage dedicated to
the supervised task of learning the relationship between the novel features and some output
variable. These methods work particularly well when a large pool of data is available, and
results have shown that useful features can be constructed even when data in the pool is from
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tasks that are different from the current learning task. Thus, self-taught learning is one way to
transfer knowledge from previously learned tasks to a new task [33] [35].

A similar idea is that of deep-belief networks which works by stacking models such as
the Restricted Bolzmann Machine (RBM) to construct a hierarchy of novel features from a
large pool of data [26][3]. This is related to components analysis, which tries to find lower-
dimensional representations of data [5]. The common theme amongst all these methods is
that useful features can be automatically constructed by learning latent, generative models of
the data, where the latent factors become the novel features. A key benefit is that tasks that
are weakly statistically related in the raw input space may share an underlying set of latent
features. Thus, data from related tasks can be used to improve performance of a given learning
task, especially when data is limited for the current task. One example of such a benefit applied
to the fMRI domain was given in [68], which shows how canonical correlation analysis (CCA)
can be used to combine data from multiple participants a fMRI study to improve a neural
decoding task.

We believe that latent variable models will provide many benefits to performing classifi-
cation in very high dimensional datasets with little training data. In this thesis, we will use
latent variable models to discover hidden structure in neural imaging data, and will show how
this structure can be used to 1) automatically construct useful features for neural classification
tasks 2) ameliorate the limited data problem by sharing data through latent components across
subjects, studies, and imaging modalities.

4 Preliminary Work

4.1 Classification and Feature Selection for Problems with High Dimen-
sionality and Few Training Examples

Performing cognitive state classification using fMRI data is a challenging task due to the noisy,
high-dimensional nature of the recorded neural images, and a typical dirth of labeled training
examples. Often, problems may include hundreds of thousands of features, and less than ten
labeled training examples per class. To deal with these challenges, we designed a classifier that
utilizes spatial and temporal domain knowledge to improve parameter estimation and a feature
selection method that automatically adapts to the dimensions of the problem.

4.1.1 Leveraging Spatial and Temporal Domain Knowledge

Most cognitive state classification problems exhibit sparsity, meaning that only a small number
of the thousands of features are relevant to the task. For example, to discriminate when a
person is thinking about a face vs. another object, a classifier might focus on only the features
that are located in the fusiform gyrus region of the brain (activation in this region is correlated
with observation of faces), while ignoring the remaining features located elsewhere, since the
large majority of the features may not provide any useful signal that the classifier can use to
discriminate between the two states.
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Therefore, to perform accurate discrimination, the classifier must be attribute efficient,
meaning that it will attempt to ignore features that are irrelevant to the task. One popular
classifier that exhibits this property is Gaussian Naive Bayes (GNB). This classifier is popular
for cognitive state discrimination tasks because it is quickly trained even with thousands of
features, it is robust to noisy, irrelevant features, and being a parametric model, it is able to
learn with only a small number of training examples. Often thirty to forty training examples
may be sufficient to build an accurate classifier.

Voxels in Visual Cortex (CALC)
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Figure 1: Accuracies of the standard Gaussian Naive Bayes classifier and the Feature Sharing classifier for 13
human subjects with two training examples per class. The classifier uses only voxels in the Visual Cortex (CALC).

Despite its popularity, the standard GNB model is insufficient when the number of training
examples is extremely small (e.g. < 5 examples per class). However, we recognized that fMRI
data exhibits a spatial and temporal smoothness, and the timeseries of adjacent features are
often correlated. Using this domain knowledge, we constructed a classifier that uses variance
pooling and hierarchical Bayesian estimators to learn parameters. This allows related features
to be used as priors in the parameter learning. Using this technique, we were able to build a
binary classifier that could accurately discriminate with only two training examples per class,
even when the original data has over 80,000 features [58]. The normal GNB classifier fails
completely on this task (See Figure 1).

4.1.2 Feature Selection Criteria

When training a classifier, the most relevant features are often chosen using discriminative
feature selection. A classifier is trained individually for each feature and then evaluated on a
validation set, where the best performing features are selected to train a final classifier. While
the number of features can also be chosen using cross-validation, it is common practice to
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avoid the computational burden and select an arbitrary number of features (e.g. 100 ) or all
features that perform better than a specific accuracy (e.g. 50%).

Choosing an arbitrary accuracy, however, is particularly dangerous in classification prob-
lems with thousands of features and only a small number of examples in a validation set (e.g.
< 50). With so many features, the risk that a random, noisy, feature may perform well (often
with 80-90% accuracy) is quite high.

To address this issue, we developed a feature selection criterion [57] called the multiplicity
gap midpoint that uses order statistics' to yields a significance threshold appropriate for the
given problem. We found this method outperforms the false-discovery-rate, and is more in-
tuitive than multiple-hypothesis testing because it avoids the a priori choice of a significance
level. See Figure 2.

Feature Selection Methods Tested On Cancer and fMRI Studies
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Figure 2: Accuracies for different feature selection methods for two classification tasks: Cancer (left) fMRI
(right). The False Discovery Rate (FDR) method selected no features in the fMRI task.

4.2 Zero-Shot Learning with Semantic Output Codes

Machine learning classifiers are typically trained to approximate a target function f : X — Y,
given a set of labeled training data that includes all possible values for Y, and sometimes
additional unlabeled training data. Little research has been performed on zero-shot learning,
where the possible values for the class variable Y include values that have been omitted from
the training examples. This is an important problem setting, especially in domains where Y
can take on many values, and the cost of obtaining labeled examples for all values is high. One

!'Order statistics is concerned with the study of probability distributions over ranked or ordered variables. For
example, order statistics can be used to define a probability distribution over the minimum of a collection of
random variables.
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obvious example is computer vision, where there are tens of thousands of objects which we
might want a computer to recognize.

Another example is in thought recognition, where the goal is to determine the word or
object a person is thinking about by observing an image of that person’s neural activity. It is
intractable to collect neural training images for every possible word in English, so to build a
practical neural decoder we must have a way to extrapolate to recognizing words beyond those
in the training set.

To achieve this, we designed a semantic output code classifier (SOC) which utilizes a
knowledge base of semantic properties of Y to extrapolate to novel classes [60]. Rather than
predict the class labels directly, the classifier predicts properties or attributes of the objects.
Formally,

Definition 1. Semantic Output Code Classifier (SOC)

A semantic output code classifier H : X¢ — Y maps points from some d dimensional raw-
input space X to a label from a set Y such that H is the composition of two other functions,
S and L, such that:

H = L(S())
S : X% L Fr
L FP =Y

The semantic output code classifier first maps from a d dimensional raw-input space X¢
into a semantic space of p dimensions F?, and then maps this semantic encoding to a class
label. For example, we may imagine some raw-input features from a digital image of a dog
first mapped into the semantic encoding of a dog (i.e. a feature vector describing attributes of
a dog), which is then mapped to the class label dog.

As part of its training input, this classifier is given a set of N examples D that consists of
pairs {x,y}1.v such that z € X? and y € Y. The classifier is also given a knowledge base K
of M examples that is a collection of pairs { f,y}1.,s such that f € F? and y € Y. Typically,
M >> N, meaning that data in semantic space is available for many more class labels than in
the raw-input space. Thus,

A semantic output code classifier is useful when the knowledge base K covers more of the
possible values for Y than are covered by the input data D.

We demonstrated the semantic output code classifier on a thought recognition task using
semantic knowledge bases derived from both human labeling and corpus statistics. We showed
a SOC classifier can predict the word a person is thinking about from a recorded fMRI image
of that person’s neural activity with accuracy much higher than chance, even when training
examples for that particular word were omitted from the training set and the classifier was
forced to pick the word from among nearly 1,000 alternatives [60]. See Table (1).

We also studied this formalism in a PAC framework. We proved the first formal guarantees
that show conditions under which this classifier will predict novel classes. Specifically, given
a distribution of semantic features, we can determine the number of examples necessary to
predict a novel class with a given probability.

12
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Table 1: The top five most likely words predicted for a held-out fMRI image collected for the word in bold (all
fMRI images taken from participant P1). The number in the parentheses contains the rank of the correct word
selected from 941 concrete nouns in English. Note that no training images for the held-out word appeared in the
training set.

Bear Foot Screwdriver Train Truck  Celery House Pants
(1) OO CY (D (2) &) (6) 2D
bear  foot  screwdriver  train jeep beet supermarket clothing
fox feet  pin jet truck artichoke hotel vest
wolf  ankle nail jail minivan  grape theater t-shirt
yak knee wrench factory bus cabbage  school clothes
gorilla face  dagger bus sedan celery factory panties

4.3 Selecting Semantic Features with the Multi-task Lasso

In the previous section, we showed how semantic knowledge bases can be used to perform
zero-shot learning. An obvious question then is how to choose an appropriate encoding of
semantic features for classes we wish to predict. Previously, we experimented with semantic
knowledge bases derived from large text corpora, as well as using human labeled features.
Generally, we found that human labeled features performed better than the text based features.

The variation in performance with different sets of features leads naturally to the question:
what makes the best set of semantic features? To address this question, we investigated using
sparse learning methods such as the Lasso that could potentially select useful features directly
from data. The hope was that we could pass a large set of potential semantic features directly
into the model, and the model would automatically select which features were most useful.

To achieve this, we built a model to predict an image of neural activities from a large set
of semantic features. One complication was that this image contained many small regions (i.e.
voxels), and the neural activity had to be predicted for each one. Thus, the problem was that of
multi-task feature selection, where each task was the prediction of neural activity at a specific
region. The goal then was to select a single, common set of semantic features that were useful
for predicting neural activity across all these regions in the brain.

We formulated this problem as a Multi-task Lasso. Although the formulation led to a con-
vex optimization problem, a large technical challenge emerged because we wanted the algo-
rithm to scale to thousands of features and tasks. To solve this, we developed a blockwise
coordinate descent algorithm to solve the resulting optimization. This algorithm is now the
fastest known method for solving the Multi-task Lasso.

We evaluated this method and found that we could select semantic features directly from
data that outperformed the hand-crafted text corpora features previously described in Mitchell
et al. [48]. We’re also using this method to identify useful sets of semantic properties for
specific regions of the brain (e.g. visual cortex).

13
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S Proposed Work

5.1 Zero-Shot Learning
5.1.1 Optimizing Semantic Output Codes

In our previous work, we considered semantic feature sets that were derived from both text
corpora and human labeling. Given a novel neural image, our model would predict the semantic
features for this image, and then would look in a semantic knowledge base for words that had
a semantic encoding close to this prediction. If the prediction was close to the word’s encoding
in the knowledge base, it would predict the word correctly.

Despite some early successes with this approach, the method is sub-optimal because it
ignores the error in the prediction of the semantic features. The model also does not consider
the relationships between the semantic encodings in the given knowledge base and how those
encodings relate to words that we would like to predict.

By leveraging knowledge of which semantic features can be predicted well, along with
the distribution of word encodings in a knowledge base, it should be possible to design more
optimal semantic codes that would maximize prediction accuracy in a zero-shot setting. For
example, given a subset of classes that we would like to predict well, we could choose the
semantic features that discriminate these classes most accurately.

For example, suppose we know that we’ll be decoding objects related to foods. Our goal
would be to take our existing semantic encoding of the classes, and produce a new semantic
encoding that would allow us to maximize the error in the prediction of the semantic features
that discriminate foods (e.g. color) while ignoring features that do not discriminate (e.g. size).
If we define a distribution over the classes we expect to see, as well as a distribution over
the probability of predicting a specific feature well, then we could choose an encoding that
maximizes the expected decoding accuracy of the given objects.

The simplest way to achieve this would be to define a distance metric in the second stage
L(+) of the semantic output code classifier. A Mahalanobis distance could be learned to ignore
features that are predicted poorly, as well as those that do not discriminate the desired classes.
Scale adjustments could also be made to account for different variances in the semantic fea-
tures.

5.1.2 Optimizing Collection of Training Data with Active Learning

In a zero-shot learning setting, the learning algorithm does not have training examples for
every class that it must predict. Instead, from a small set of training examples, the algorithm
must learn to predict a set of semantic features that are common to all the classes. As a result,
performance of a zero-shot learning algorithm depends heavily on the initial set of training
examples.

If the learning algorithm could choose which examples appear in its training set, then the
training set could be optimized so that the classifier could extrapolate to novel classes with

14
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higher performance. For example, the classifier should choose training examples that utilize
semantic features other than those of previous training examples, or it could choose examples
to help it learn to predict existing features more accurately.

This is closely related to active learning, where learning algorithms can choose examples
from a large pool of unlabeled data. We believe there is a large opportunity to apply similar
techniques to optimize the choice of training data for a zero-shot learner. To develop an active
learner for the zero-shot learning setting, three important questions must be addressed:

1. Is the semantic code correct? In other words, given enough data in the raw input space,
could we learn to predict each of the semantic features perfectly, so that any class could
be recovered? If not, then the active learning algorithm could be used to explore different
semantic feature sets, as opposed to just optimizing which examples are best for a specific
semantic code. These feature sets could be explored by using large text corpora (e.g. the
web) or by human computation using a service like Mechanical Turk.

2. What do we want to predict? If there is a particular set of classes we care more about,
then we should optimize data collection to maximize decoding accuracy of this set.

3. How do we measure the contribution of an example to the prediction of a feature? Each
example may or not contribute to the improved prediction of a feature. We need to
develop a way to measure the reduction of error for a given feature (e.g. reduction of
variance).

As a simple experiment, we could score each possible example according to some mea-
sure. For example, we might select the word that has the highest combined inner product
in semantic space with the all words we hope to predict. We could test the effective-
ness of this measure by training on only a subset of our previously collected data. We
would hope the intelligently selected examples would lead to high decoding performance
compared with a randomly selected set of the same size.

We could also evaluate an active learning measure in a real-time, adaptive experimental
paradigm. It should be possible to alter the collection of data by presenting different
stimuli depending on how well the model predicts the data already collected. Recent
improvements in the data acquisition software at the UPMC MEG Center make such an
experiment possible.

5.2 Self-Taught Learning and Latent Factor Models

The goal of sparse coding is to find a small number of latent or hidden factors that can be
used to explain some observed pattern of data. If this observable pattern has structure, it may
be possible to represent (i.e. explain) the data in a lower dimensional space. This is similar
to lossy data compression, but also may be used to recover structure from a highly noisy,
observable signal.

Recent empirical results show that performance in many learning tasks can be improved
by first learning latent factors using sparse codes, and then using this latent lower dimensional
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representation of the data as features instead of the raw observable signal [34] [62].

This idea is similar to preprocessing data using various component analysis techniques
like PCA, ICA, and CCA as well as methods like deep belief networks. In fact, all of these
methods can viewed as a type of latent variable model, and the differences depend on the prior
assumptions about how the observable data relates to the latent factors, and also how the latent
factors relate to each other. For example, PCA assumes factors are uncorrelated while ICA
makes a stronger assumption that the factors are statistically independent.

Recent work in self-taught learning shows that latent factor models based on sparse coding
can improve performance in data limited settings by first learning a lower-dimensional repre-
sentation of data from other tasks related to the task of interest. This is useful when a large pool
of data may be available for related tasks, but few data are available for a specific task. The
assumption is that all these tasks share similar lower dimensional factors, and by casting a new
task into this representation, it provides constraints that can be useful for learning, particularly
when the original data is noisy, high dimensional, and few data are available.

This is exactly the scenario that we encounter in thought recognition problems. Given some
of these early successes in self-taught learning, we believe that there is a rich opportunity to
apply similar latent feature models to neural imaging.

5.2.1 Code Learning: Combining Data from Multiple Human Subjects and Studies

A neural imaging experiment is typically conducted on multiple human subjects. An open
question is how to best combine data from multiple human subjects for a given neural decod-
ing task. Clearly, brains exhibit some common patterns of activity across people in a given
experiment, but there are often large differences in observed data. Is it possible to use data
from other brains to improve decoding performance for a single human subject?

We propose to apply self-taught learning to the problem of combining data from multiple
subjects. We believe that data from multiple subjects could be used to automatically learn a
useful set of features in an unsupervised way. For example, sparse coding could be used to find
a basis to reconstruct the neural activities across several different subjects. This basis would
become a feature space for subsequent supervised learning tasks. Given a particular subject,
the subject’s raw fMRI data could be transformed into the basis that was learned for the other
subjects. For a given neural decoding task, a classifier would be trained in a supervised fashion
using the learned features, rather than the raw fMRI data of the given subject. The hope is that
decoding from the learned basis would lead to improved accuracy compared with training from
the raw fMRI features of the single subject (ignoring data from the other subjects).

Similarly, neural activity patterns often show spatial and temporal smoothness, regardless
of the neural imaging experiment. Also, brain regions are also functionally connected, and
strong correlations in activity often occur between different regions. Therefore, one might
conjecture that all neural imaging experiments might share some common latent factors that
govern how patterns are generated. As a result, the neural activity pattern in response to a
stimulus for a given experiment might provide information that can be used for a completely
different neural decoding task.
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We believe that self-taught learning may be useful to improve performance in a neural
decoding task by leveraging data from a completely different neural imaging experiment. In a
similar fashion to the multiple subject experiment described earlier, we would like to learn a
set of features using data from a different experimental paradigm (either for the same subject
or another). We hope that using features learned from an entirely different paradigm could
improve performance in a given supervised decoding task.

5.2.2 Single Trial Decoding

In a given neural imaging experiment, there is a large variation in the observed pattern of neural
activity in response to a particular stimulus. As result, experiment paradigms usually collect
data for the same stimulus multiple times, and combine these multiple trials to improve the
signal-to-noise ratio of the observed data. It is common to see decreased performance in a
neural decoding task if only a single trial is collected for a given stimulus.

As aresult, an obvious goal is to improve decoding performance when only a single trial for
a given stimulus is available. This is an important goal for brain-computer-interfaces, where the
objective is to immediately decode a neural pattern in real-time without repeatedly collecting
multiple trials.

We believe that a self-taught learning approach with latent variable models could be used
to improve performance in single trial neural decoding by using the latent representation of the
data to perform image de-noising.

5.2.3 Cross Modality Prediction

The three most popular neural scanning devices are fMRI, MEG, and EEG. These three devices
each measure neural activity in a different way, and have different properties in terms of their
spatial and temporal resolution as well as their form factor and cost. An open question is
whether combing data from different modalities can improve performance in a neural decoding
task. For example, could experimental data collected from a MEG scanner be used to improve
performance in a subsequent EEG decoding task? Although each device relies on a different
type of sensor, they are all measuring effects caused by the same physical process of neuron
firing. As a result, a reasonable conjecture is that the information provided by one scanner may
be used to augment data collected from another scanning modality, especially considering that
scanning is a highly noisy sensing process, regardless of the modality.

We believe that latent variable models could be used to learn domain specific factors from
large bodies of experimental data from each paradigm. As a result, an interesting opportunity
exists to learn higher-order latent factors, which is a latent representation built by combining
the latent representations from completely different sensory modalities. A higher order code
may be appropriate when the statistical assumptions about the raw, observable data are differ-
ent (e.g. one modality uses a Gaussian observable assumption while another uses a Poisson
assumption). If the same assumption is shared between modalities, than a higher order code
may not be necessary. In either case, this would enable the prediction of one modality from the
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other, and provide a principled method for combining data from a variety of scanner modali-
ties. Interpretation of the lower and higher order learned factors could yield many new insights
into neuroscience.

5.3 Application: Word Decoding
5.3.1 Word Decoding as a Ranking Problem

In our previous work, we showed that it was possible to build a classifier to decode words that
people were thinking about far above the chance level, even when the classifier had to choose
from nearly 1,000 possible words. One way to measure performance of a word decoder beyond
just simple classification accuracy is to use rank accuracy. Rank accuracy is useful when the
classifier does not predict the correct class as the most likely. For example, a classifier that
ranks the correct class as the fifth most likely out of 1,000 choices is preferable to one that
ranks the correct word as the one-hundreth most likely.

Similarly, when a word is predicted incorrectly, we would like the words that ranked higher
than the true word to be as similar as possible to the correct word. By similar we mean that a
human would believe the two words are synonymous or closely related. For example, assume
the classifier tried to predict the word eagle. We believe a classifier that incorrectly predicted
the word hawk would be preferable to a classifier that predicted the word airplane, despite
the fact that both hawks and airplanes fly. There are certain semantic features that are more
important than others for determining similarity.

Our existing models ignore this fact and predict the semantic features of a given neural
image by weighting each feature equally. The problem with this approach is that given a
semantic knowledge base, two words that appear equally close to another word given some
metric (e.g. such as £,), may not be ranked similarly close to the true word according to a
human. Leveraging this idea, we believe that it would be possible to learn a ranking or distance
metric so that incorrectly predicted words are closer to a human notion of similarity.

To achieve this, we propose an experiment where humans are given a word and then asked
to pick the most similar word from a group of words. By repeating this process for many
groups of words, we could discover which semantic features are most salient for a given set of
words. This may provide interesting insights to the field of cognitive neuroscience, and could
be used to learn a useful distance metric for word decoding.

5.3.2 Word Decoding with MEG and EEG

Our previous work focused exclusively on neural decoding tasks with data collected from fMRI
scanners. An interesting question is whether the results can be replicated in other imaging
modalities such as MEG and EEG. Both of these imaging modalities have substantially dif-
ferent spatial and temporal characteristics than fMRI. We have recently acquired data in these
modalities using the same experimental paradigms that we used in our previous fMRI studies.

We propose to investigate word decoding in these modalities using our existing models as
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well as the latent variable models we proposed in previous sections. We believe that the latent
variable models, in particular, could be useful to assist the problem of feature engineering,
which becomes much more difficult in the MEG and EEG domains due to the extremely high
temporal resolution of the data.
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6 Schedule of Work

A timeline of proposed work is given in Table 2. The timeline proposes fifteen months of work
leading up to the thesis defense in Winter 2010.

Table 2: Timeline of proposed work

Task Date of Completion
Classification and Feature Selection

Classification with spatial and temporal domain knowledge Completed
Significance measure for feature selection Completed
Zero-shot Learning

Basic formulation and theoretical analysis Completed
Word decoding with fMRI Completed
Learning of semantic features using Multi-task Lasso Completed
Optimizing Zero-Shot Learning

Optimized semantic codes Fall 2009
Active learning metrics Fall 2009
Self-Taught Learning and Latent Variable Models

Combining data from multiple subjects and studies Winter/Spring 2010
Single trial decoding Winter/Spring 2010
Cross modality prediction Spring/Summer 2010
Word Decoding Application

Word decoding in MEG and EEG modalities Fall 2009-Summer 2010
Learning rank/distance metrics Fall 2010
Write thesis and defend Winter 2010
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