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Abstract

Action recognition techniques rely heavily on well chosen features, such as trajectory-based motion
descriptors, to make the most of relatively scarce video training data. Typically these features must
be hand-selected because the very paucity of suitably annotated data that makes the selection of
features critical also restricts the degree to which those features can be directly learned. However,
low-quality coarsely annotated data is readily available in the form of tagged videos on websites
such as YouTube.com, and public motion capture databases along with simple graphics techniques
make possible the generation of vast amounts of plausible (in terms of motion) synthetic videos of
human actions. The difficulty lies in taking advantage of these types of data: YouTube clips are
coarsely and inconsistently annotated, while synthetic data differs from real data in many way, both
overt and subtle. These data sources should not be considered as substitute data for any particular
action recognition task, but instead as sources of related tasks in the broader domain of action
recognition. This proposal seeks to take advantage of these plentiful related action recognition
tasks to improve performance on a target task, by using them to select or generate good feature

representations.

While many approaches have attempted to learn or select ’generally good’ features that perform
well when shared across many tasks, we propose instead to use collaborative filtering techniques
to use these related tasks to recommend features tailored specifically for the target task. These
recommendations are made by evaluating, or rating, a small subset of features on the target task,
and then using that small set of ratings along with the ratings of features on a large set of synthetic
or coarsely labeled real tasks to predict the ratings of the unevaluated features on the target
task. Additionally, we propose a layered bag-of-words representation that enables us to exploit the

detailed annotations (pixel-level body part labels) available in synthetic human action data.



1 Introduction

A human researcher who designs a vision algorithm has an almost insurmountable advantage over
a learning algorithm: they can appeal to an intuition built from direct experience with the world to
decide which parts of the visual experience are important to consider and which are distractions. Is
it any surprise then that progress in action recognition has largely been driven by human engineered

features rather than by unconstrained machine learning?

That is to say, while in principle even simple learning algorithms such k-nearest-neighbor can
learn to solve arbitrary problems, to do so they may need impractical amounts of data. Without
prior knowledge of the underlying structure of a problem, learning algorithms are reduced to mem-
orizing the answers to previous inputs, which requires spanning the space of inputs. In the case of
images or videos, spanning the space of inputs with any density requires an almost unimaginably

vast number of samples.

The key to solving this dilemma lies in features: a researcher might look at an action classification
task (by task we mean the combination of a goal, such as “classify videos as walking or not
walking” and a dataset, such as UCF-YT) and decide that the motion is important, and then
design a motion-based features to describe the motion content of a video. Likewise, a researcher in
scene understanding may conclude that it is the statistical distribution of edges that matters, and
thereby produce the GIST descriptor. Features, whether they be histograms of motions in a scene
or statistical descriptions of edges, transform the high-dimensional input into a more manageable
lower dimensional one, concentrating and revealing the important information of the input in the

process.

This proposal does not seek to introduce yet another feature. Instead, the heart of this proposal is
to answer the question “how can we decide which features are useful for a particular task”? Human
researchers appeal to their intuition and experience when deciding which features to apply to a given
task: they may look at an action classification task with significant camera motion and decide that
motion based features are likely to be confused, or they may look at a new image classification
task and decide to use SIF'T features, simply because in their experience SIFT features have always
performed reasonably well. Or consider a related scenario: a researcher is faced with a new video

understanding task, so they try the set of features they are most familiar with (e.g., HOG, SIFT,



STIP, etc.), and then based on how well those reference or probe features perform, decide which
new features to apply to the problem. Hypothetically, the researcher might find that the image-
based features (HOG, SIFT) perform poorly, and thus decide to invest their effort in motion-based
features (trajectories, motion-image histograms,etc.). As a third scenario, a researcher faced with
an outdoor/indoor scene classification task may decide to use a per-pixel grass detector (trained
from a different dataset) as a feature that evaluates how “grassy” a scene is by counting the pixels

classified as grass.
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Figure 1: The performance of a small set of features (the probe set) is evaluated (rated) on a target task,
and collaborative filtering is used to predict the ratings of other features on the target task, using a database

(store) of how features performed (were rated) on other tasks.

In the first scenario, a researcher uses their experience with features to decide which features
to use on a new task. In the second, the researcher experimentally evaluates how well some
features perform, and then uses the performance of those features along with experience to decide
which features to apply. In the third, the researcher applies features trained for a task with more
detailed annotations (the grass classifier trained on data with per-pixel labels) to a task with coarser

annotation (the indoor/outdoor task which only has per-image labels).

The goal of this proposal is to automate these processes, to build a kind of “algorithmic intuition”
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Figure 2: Layered bag-of-words builds upon the popular bag-of-words family of techniques. On the left,
a simple bag-of-words technique quantizes descriptors (motions in this case) in a video and computes a
histogram. On the right, layered bag-of-words (LBOW) adds an intermediate layer, in which first the base
descriptors (a) are segregated into a number of groups (b), and then each group becomes a new descriptor
whose value is a histogram (c). In the last stage (d), a standard bag-of-words approach is applied to these

new descriptors, so that the result is a histogram of quantized histograms.

that will recommend features for a particular task based on the performance of a small subset of
features, rather than having to directly evaluate the entire space of available features. Additionally,
our goal is to take advantage of more detailed annotations available for some tasks (e.g., per-pixel
labels in some datasets, per-limb labels in human action datasets) to build or recommend features
for others. We propose to use collaborative filtering techniques to perform the former (Fig. 1), and
to use a layered bag-of-words framework for the latter (Fig. 2). In addition, we seek to expand on
these processes, so that rather than recommending features from a small pool of named algorithms,
we might make recommendations from a pool of potentially hundreds of thousands or even millions
of randomly generated features, using the performance of those features on a set of thousands of

different tasks to guide the recommendation process.

1.1 Overview

The proposed work is divided into two main parts,



e Collaborative filtering for feature recommendation (Fig. 1): Given some formalized
notion of how well a feature performs on a task (the feature’s rating on that task), we plan to
use collaborative filtering techniques to recommend features for a particular action recognition
or vision task, by predicting the ratings of the unrated features on that task using the ratings

of a small probe set of features.

To make these predictions through collaborative filtering, we will need to have evaluated the
features on a large set of tasks. Since there are relatively few action recognition datasets, we
consider using synthetic data to create the ratings database, or ratings store. Alternatively,
the ratings store can be populated using real-data tasks from poorly-labeled video clips (e.g.,
predict tags for videos on YouTube). One strength of this collaborative filtering approach is

that both synthetic and real tasks can be readily included in the ratings store.

If features are independently recommended, then there is a very close parallel to typical
recommender systems, and collaborative filtering techniques can be used with only minor
adaptations. However, there is the danger that such an approach may select a large number
of redundant features. We will investigate the problem of jointly recommending a set of

features.

e Layered bag of words (Fig. 2): In the second part, we propose to add hierarchy to collec-
tions of features by successive layers of aggregation and description. That is, in an aggregation
layer, current features are merged, or aggregated, into collections. In the following description
layer, each aggregation is reduced to a fixed-size descriptor, or described. In this way, the
combined effect of an aggregation followed by a description is to transform a set of sparse fea-
tures into a new, reduced set of sparse features. For example, an aggregation rule might group
together nearby trajectory descriptors which appear to describe rotational motion about the
same point, and in this way produce another level of descriptors which represent rotating

groups of trajectories.

Additionally, the use of layered representations allows us to exploit the finer detail annotation
in synthetic data, by using those finer annotations to guide the selection of the middle layers
of the structures. For example, synthetic data labels might be used to learn which types of
motions are ‘arm-like’, so that in a grouping layer nearby ‘arm-like’ motion descriptors are

grouped together into new sparse descriptors that represent ‘arm-like’ groups of motions.
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1.2 Contributions

The expected contributions of this proposal are methodological, rather than theoretical. That is
to say, while theoretical contributions will certainly arise in the exploration of the topics of this
proposal, the primary contribution is to demonstrate how large numbers of heterogeneous tasks
might be combined to build an algorithmic intuition for action recognition, and perhaps more

general vision problems. We identify three main contributions:

e Scaling to large numbers features and tasks: The scale of our approach distinguishes
it from the bulk of transfer learning, as we propose to take advantage of thousands of tasks
(synthetic and real) and hundreds of thousands of candidate features. In comparison, even

the random screening approach of [1] only considers on the order of thousands of models.

The focus on collaborative filtering highlights approaches that can scale to millions of features
and thousands of datasets. In contrast to other techniques (e.g., multi-task learning), our
proposed feature recommendation paradigm allows features to be recommended very quickly,
even from a vast pool. Unlike multi-task learning, where the introduction of badly-matched
tasks easily degrades performance [2, 3], there is little penalty, and great potential gain, to

expanding the corpus of source datasets.

e Handling heterogeneous features and tasks: Our collaborative approach is distinguished
not only by its scale, but also by its diversity. By concentrating on the performance (rating)
of features, rather than their content, we can easily incorporate a large variety of features.
Furthermore, since features are treated as opaque functions, new features can be incorporated

into the method without any modification at all.

Likewise, tasks and datasets of wildly varying content can be included, provided that there
is still a sensible way to rate the features. We are able to take advantage of plentiful syn-
thetic data without having to carefully model the specific target task. Collaborative filtering
techniques were developed to deal with missing ratings, and so it is even possible to mix

multi-modal datasets, where some features are only applicable on some datasets.

Our layered bag-of-words approach also handles heterogeneous features well, as the layered

representations we propose are to be built on generic video or image descriptors.
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¢ Exploiting variation in annotation detail:

Rather than considering only lowest-common-denominator annotations between different datasets,
we take advantage of these differences in annotation detail. For example, some datasets (e.g.,
those produced synthetically) may have very detailed annotations, such as per-pixel labels
or detailed limb positions for human actions, while others have only coarse annotations only
at the level of per-clip action labels. We hope to exploit these differences using our layered
bag-of-words technique, by using the more detailed annotations to guide the selection or gen-
eration of the middle layers of our proposed layered representations. The later layers of these

representations can then be learned on the more coarsely annotated data.

1.3 Organization

We explore two main ideas, both related to how to select and represent features. This proposal is

organized into three parts,

e Problem setting and general notation: We describe the general setting of the problems we

explore (action recognition), and describe common notation. This appears in Section 3.1.

e Collaborative filtering for feature recommendation: We propose to use collaborative filtering
techniques in order to recommend features that are likely to perform well on a new task, given
the past performance of a candidate pool of features across a large number of diverse tasks

(Section 4).

e Layered bag-of-words: We propose to build layered structures on top of features commonly
used for bag of words techniques, and to take advantage of detailed annotations available in

synthetic data to help build the intermediate layers of these representations (Section 5).

2 Literature Review

2.1 Motion Descriptors

Perhaps the most intuitive representation of motion with a video is optical flow, which has been a

very common representation of motion [4, 5, 6, 7]. Despite its intuitive appeal, the actual calculation
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of optical flow from sequential frames is itself a difficult problem and even the best algorithms are
often afflicted by artifacts and noise. In an attempt to sidestep this problem, many techniques
avoid the actual calculation of optical flow, either by implicitly encoding motion through temporal
derivatives [8, 9, 10], or by producing the information that would be required to compute optical
flow but refraining from the final step [7]. Motion consistency with a template video has frequently

been used in order to detect [11, 12, 13, 14] or classify [15, 16] actions in video.

Since most applications are interested in classifying the motion of actors distinct from their
backgrounds, an intuitive and frequently used approach is to consider the evolution of the action’s
silhouette over time [17, 18, 6, 19]. However, silhouettes cannot represent motion that occurs within
the silhouette boundary (like a person clapping with both hands in front of her body), so some

techniques have considered superpixel regions that can capture internal structure as well [20, 21].

As foreground-background segmentation is a difficult problem in its own right, other approaches

detect interest points of various flavors and compute descriptors around them [10, 17, 4, 22].

When these locations extend in time they become trajectories, most frequently arising from
tracked features. Often it is assumed that these trajectories are from known, fixed points, such
as particular landmarks (e.g., elbows, hands) on a human body [23, 24, 25]. If the trajectories
are not on known features, then if they are very long and robust, it is potentially possible to
extract full 3D information even from a single view [26]. Other techniques treat trajectories as
another type of interest point and make effort to explicitly match trajectories to body parts or

landmarks [27, 28, 29].

2.2 Bag-of-words Techniques

Perhaps the most well-known bag-of-words technique is that of textons, or quantized filter bank
responses, which originated with texture classification but quickly grew to be applied to object
and scene recognition in static images [30, 31]. By analogy to the idea that textual works are
composed from a set of discrete repeating elements (words), techniques that model data as a
histogram quantized features are generally known as bags-of-words techniques. These approaches
are backed by some degree of psychological research suggesting that even human vision may employ

unstructured statistical approaches at early stages [32], and can scale well even to large datasets
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when used with sparse features [33]. These techniques often outperform more structured approaches

(such as parts based models), especially on difficult datasets [34].

Recently bag of words techniques have gained significant popularity in video interpretation [4,
35, 27, 22]. In many cases, the same features that work for static images still apply to video (e.g.,

histograms of oriented gradients, filter responses) [22].

2.3 Relationships and Hierarchies

Pairwise spatial relationships, in the form of star topologies, fans, constellations, and parts models,
have seen frequent use in static image analysis [36, 37, 38]. Practical limitations have made transi-
tioning these methods to video difficult. Sparse pairwise topologies (stars, fans, parts) often suffer
from a lack of appropriately annotated training data, as they often require annotations that specify
the topology for training [39, 6]. Alternatively, there are structured methods which can operate
without such annotations, but at the cost of significantly more complicated and computationally ex-
pensive training or testing [40, 25]. In the special limited case of a fixed camera, the entire topology
can be fixed relative to the frame by simply using the absolute positions of features [41, 42]. When
image regions are considered, often Markov random fields (MRFs) or conditional random fields
(CRFs) are used to cluster regions together or assign region labels, taking into account pairwise

interactions [43].

Our proposed layered bag-of-words might also be called a hierarchical bag-of-words, but the
latter term is occasionally employed [44] to refer to pyramid match kernels built on top of his-
tograms [45]. The difference between our proposed representation and a histogram pyramid is that
in our approach sparse descriptors are merged in a data-driven fashion to build our hierarchy, rather
than the fixed spatial merging of a pyramid. In this sense, our layered bag of words bears more

relation to MRF and CRF based image segmentation and labeling methods [43, 46, 47].

2.4 Domain Adaptation, Feature Selection

Domain adaptation techniques can be powerful across limited and well-characterized domains, such
as in [48]. However, the gains are often modest, and as the aptly titled work “frustratingly simple

domain adaptation” by Daumé [49] shows, even simple techniques can outperform sophisticated do-
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main adaptation methods. Likewise, transfer learning methods such as transductive SVMs [50] can
provide modest benefits, but are often computationally expensive and often restricted to datasets
with common classes. Formally, our proposed work in collaborative filtering for feature recommen-
dation can be considered a type of inductive transfer learning [51], where the goal is to transfer

knowledge when both the tasks and domains are related, but not identical.

Feature selection methods can broadly be divided into filter and wrapper methods according to
the taxonomy of Guyon and Elissee [52]. In filter methods, features are selected without knowing
the target classifier, while wrapper methods more directly optimize for the features that maximize
accuracy with the end classifier. Filtering methods are often computationally cheaper but less
powerful than wrapper methods, but at the same time there is also a larger risk of overfitting
in wrapper methods [52, 53, 54]. Our feature recommendation can be seen as a type of feature
ranking technique [54, 52], however unlike typical boosting-based methods [55, 56, 54] we rank

features according to their predicted performance through collaborative filtering.

Common domain adaptation techniques assume that the specific task is the same between the
source and target domains [48, 57, 49|, and this assumption is the most common one in transfer
learning as well [56, 50, 58]. That is to say, if the problem were action recognition, then these
techniques would need the specific actions to be matched between the domains. For example, Cao et
al.perform cross-dataset action detection, using one dataset (KTH) [59] to improve performance
on a related one (MSR Actions Dataset II) [60]. However, the particular actions that are detected
are present in both datasets, and indeed MSR was constructed to share those actions with KTH.
Likewise, Lai and Fox [48] use the Google Sketchup database of 3D models to match laser scans
using domain adaptation, but this technique is limited to those objects that are present in the

sketchup database.

In contrast, we propose to recommend features for a particular task without requiring that that

task is mirrored in our synthetic or coarsely labeled data.

Dictionary learning approaches using supervised or class-aware methods have shown variable
improvements, ranging from substantial [61, 62, 63] to modest [64, 65]. As Boureau et al. [64]
demonstrate, the overall performance of a system can be affected by the individual components

in complex ways, accounting for much of this variability. In particular, techniques which rely
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more heavily on individual features are more likely to benefit from class-aware dictionaries. For
example, Brendel et al. [62] associate a single feature with each frame in a video, and they find
that producing a separate dictionary for each action gives a substantial improvement over a shared
dictionary. However, the difficulty is that a dictionary tuned to one class may actually degrade
performance on others [66]; this need to avoid overfitting to particular classes, as well as the lack of
forward knowledge about classes, leads us to our relatively simple selection method, which trades

off power on any specific class for robustness across classes.

We propose to recommend features from a randomly generated pool, as random classifiers and

features have, by themselves, shown benefits over other representations [67, 68, 1].

Blitzer et al.use a set of 'pivot features’ [69] to perform domain adaptation, by learning the
relationships between a small number of labeled pivot features and a larger number of unlabeled
features in both domains. Through the pivot features they attempt to transfer models built on the

unlabeled features between domains.

Multi-task learning is a sub-domain of transfer learning [51, 2] in which the goal is to learn
common features or representations for a number of related tasks. Typical approaches formulate
the problem as feature selection in which a shared sparse set of features must be chosen for all
tasks [70, 71] or as an SVM-type problem that enforces an analogous sparsity on support vector
weights [72]. Other work in multi-task learning uses neural network architectures to structurally
force all the tasks to share intermediate representations [2, 73]. An interesting approach by Ruckert
and Kramer [74] first learns a good kernel for each task, using standard kernel learning techniques.
Then, using those learned kernels and tasks as training samples, they learn how to predict the
kernel for a task. This is similar to our proposed collaborative filtering feature recommendation,
except that we are predicting the usefulness of features rather than the classifier in which those
features will be used. Additionally, Ruckert and Kramer rely on a “meta-kernel” of heuristics to
compare how similar datasets are, while in our proposed approach the feature ratings themselves

are used to determine the similarity of datasets.

A meta-learning approach by Mierswa and Wurst [75, 76] is similar to our proposed method.
Like us, they seek to recommend good features for a given task given a small set of evaluated

features. They do this by training a linear SVM on each task using a small set of ’base features’
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as inputs; they compute the similarity between tasks according to the SVM weights assigned to
the base features. The features recommended for a task are then the features that performed
well for the neighbors of that task. Our approach differs in that we do not designate a fixed
set of base features, but instead allow all features to potentially be used for that purpose. Our
formulation of the problem in this fashion allows us to use essentially any collaborative filtering
technique unmodified. Similarly, [77] uses additional information about features in order to learn
an association between those ‘'meta-features’ and the usefulness of the underlying features on tasks.
Our proposed approach differs in that we do not use additional information about either tasks or
features; we treat it as a pure collaborative filtering problem where only the ratings matrix between

features and tasks is known.

For collaborative filtering we initially explore the approaches used by the BellKor team to
(as a combined effort with two other groups) win the Netflix prize [78, 79]. As the final result
was a blend of over one-hundred different approaches, spanning the gamut from neighborhood
methods to factorization to regression techniques, their method serves as a fairly comprehensive
overview of large-scale collaborative filtering techniques. At first we consider basic neighborhood-
based [80, 81, 82] and factorization techniques [83, 84], but later will we include more sophisticated
regression methods [85] as well. Interestingly, collaborative filtering itself can be cast as a multi-task
learning problem [86], where the goal is to learn common structures that allow item ratings to be
predicted from other ratings. It should be stressed, however, that using multi-task learning to do
collaborative filtering across a set of tasks is completely different from directly applying multi-task

learning to those tasks.

2.5 Synthetic Data

There has been limited work on using synthetic data for action recognition. A number of approaches
use synthesized silhouettes from motion capture to match actions (e.g., [87]), but these both require
a constrained domain (silhouettes can be extracted) and the action being searched must be present
in the data. Another line of work by Qureshi and Terzopoulos [88] uses synthetic crowds to tune
sensor networks for surveillance. In still image analysis, Pinto et al.use a screening approach to
select entire models from synthetic data [89], by simply randomly generating large numbers of

candidate models and evaluating (screening for) which ones perform well. The generated models
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are convolutional architectures in which the filters for the intermediate layers are learned through
unsupervised learning. However, in a later work Pinto and Cox [1] abandon the unsupervised
learning of intermediate filters in favor of randomly generated ones, so that the screened models
are completely random. Philosophically, our proposed feature recommendation can be seen as an
extended type of screening, in which both models (features) and tasks are randomly generated and

evaluated against one another.

A recent work on pose estimation from depth images [90] uses hundreds of thousands of synthetic
depth images of human postures to train randomized decision tree classifiers to label pixels with
body parts. While this approach demonstrates the potential power of synthetic data, it takes
advantage of a highly constrained task and domain (human body part identification from depth
images) where very realistic synthetic data can be generated specifically for the target task. This
allows them to use straightforward supervised learning. In contrast, for most domains "plausible’

synthetic data is the best that can be expected.

3 Preliminaries

3.1 General terminology and notation

We begin by describing the general problem setting and related terminology (see Fig. 1).

3.1.1 Tasks and data samples

A task Tj is assumed to be a self-contained forced choice classification problem. Denote a task

T = {(%j1,951), (Tj2,Yj2)s - - -} (1)

where z; . is the zth data sample associated with task T}, and y; . is the label corresponding to that
sample. The data sample z; , might be some large, complicated representation (e.g., a video clip),
while the target label y; . is a discrete value indicating which class a given data sample belongs
to. Note that labels are not consistent across tasks; there is no necessary correlation between the
labels in any tasks. Different tasks can have different numbers of class labels. Also note that the

data samples associated with a task need not be unique; the same data sample might be shared
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across many tasks (for instance, if one dataset is used for many different tasks). For simplicity,
the remainder of this proposal assumes that target labels are binary; that is, that y; . € {—1,1}.
In general, our goal is to generate or recommend features or representations that work well on a
particular target task, using a collection of synthetic or low-quality real training tasks or source

tasks (the transfer learning term [51]) to do so.

3.1.2 Features and feature ratings

Figure 3: A feature is simply a function that maps from a data sample (typically a video or image) to a

real-valued vector.

We use the term feature in a very broad sense, where by 'feature’ we simply mean some method
or function that takes as input a data sample and returns some value as an output. In general
this value might take any form, but for simplicity we restrict our attention to functions whose
return values are vectors (i.e., we will not discuss features that might return more complicated

data structures).

A feature is a mechanistic function from one space (data samples) to another (the feature value;
see Fig. 3); there is no intrinsic reason to prefer one feature over another. Indeed, the suitability of
a given feature might vary wildly across tasks. We formalize the notion of how well a feature does

on a given task as that feature’s rating on that dataset.

Features are applied to individual data samples, while feature ratings are computed over entire
tasks. While we were deliberately vague in our description of features, because the underlying
details of the feature are largely irrelevant, we must be more precise in our construction of feature
ratings. The actual values computed by different features are never compared against one another,
so there is no need to enforce consistency among them, but the feature ratings themselves must be

comparable.

The rating of a feature on a task is denoted by R(f;,Tj) = r;;. Ratings are restricted to the
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range [0, 1], where a higher rating is meant to convey that a feature is in some sense better on a
task. If r; ; > ry ;, then feature f; should give better discriminative performance on task T} than

feature f;.

In practice, this rating function might be implemented in many ways. One approach would
be to use one of many information-theoretic measures, such as mutual information or the “relief”
measure [91], to gauge how much information the feature values give about the data sample labels.
However, in preliminary work with simple features we found that the stump classifier accuracy for a
given feature gave better performance than mutual information. Thus, we take the straightforward
approach of computing the rating as the accuracy of a reference learner (we use a linear SVM)
using a given feature’s output to predict a dataset’s labels, normalized so that chance accuracy
maps to a rating of 0.0, and perfect accuracy to a rating of 1.0. For the special case of a feature

which produces a scalar output, this reduces to the accuracy of a stump classifier on that value.

Estimated ! Ideal
ratings | ratings

SOOI

SOOI TT

Ratings store

Figure 4: The goal is to predict the ideal ratings of features (i.e., the ratings of features on the testing
portion of the target dataset), using the noisy estimated ratings evaluated on the training portion of the

target dataset.

3.1.3 Estimated vs. ideal ratings

One of the fundamental difficulties facing any feature selection or recommendation system is that
the performance of features, as measured on a training set of data, may differ, perhaps significantly,

from the performance of those features on the test data. For example, a set of features might be
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chosen that (through overfitting) perform perfectly on the training data; however, such features are
unlikely to preserve that performance on the test data. This is especially likely when the number of
training samples is small. We term the ratings of features on the training data estimated ratings,
since they are noisy estimates of how we expect those features to perform on the actual test data.
Likewise, we denote the actual performance of features on the test data to be the ideal ratings. If
features were all totally independent, then the best estimate of the ideal ratings would be produced
by the estimated ratings from the training data. However, if features are related, then potentially
a model of feature relationships could be used, along with the estimated ratings, to better predict
the ideal ratings. For example, if the performance of features were related by a lower-dimensional
linear model, then knowledge of that model combined could be used to reduce the error of the

estimated ratings by constraining them to that linear model.

This distinction distinguishes our feature recommendation problem from more typical recom-
mender systems with explicit feedback, where ratings (generally given by human users) are taken
as ground truth. That is to say, in a typical recommender system, the system cannot know better
than the user what his or her rating of an item is; if the system and the user disagree, the system

is in error.

Beyond the computational benefit, we hypothesize that the predicted ratings from collaborative
filtering could be closer to the true ratings than even the estimated ratings for the same features

on a given dataset, so that [’ —r| < |F —r|. See Fig. 4.

3.2 Datasets

The primary type of task addressed in this proposal is action recognition, which is typically formu-
lated as a forced choice classification problem from relatively short video clips to a limited number
(on the order of tens) of action classes. Action recognition can also be formulated as a detec-
tion problem, in which the goal is to locate (in space and time) actions of particular classes in
longer video clips, where each clip may contain many instances of the actions. However, there are
comparatively few datasets that support this task, as it requires a much greater level of data an-
notation than classification— with classification, each clip needs only one label, while for detection,

the actions must be localized in the clip as well, requiring per-frame annotations.
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Figure 5: Examples of what can be considered features in our framework. On the left, a histogram of
motions is computed from the video. In the center, the maximum response and location of that response for
a motion template comparison is computed. On the right, the video is gridded, and the magnitude of the
motion in each cell is computed. A feature is simply a function computed from a video, and so can represent

a large range of operations.

Additionally, in order to test the feasibility of the proposed approaches on appearance (rather
than motion) data, we consider the problem of determining whether the faces in two images are of
the same person. We choose this category of task due to its utility, the availability of considerable

amounts of data, and the body of literature and results against which we can compare.

Table 1 lists the datasets we consider to test our tasks, as well as some of their properties.
Datasets which have an asterisk next to whether they are publicly available are available in the
sense that similar samples be collected or generated by anyone, but the particular samples used are
not. Note that the synthetic data and the random YouTube clips are not suitable for evaluation
because the former is not a real-world task (and hence it is unclear that results on the synthetic
data are directly meaningful), and the latter because the annotations (tags) of random YouTube

clips are so noisy that it would be difficult to interpret the results.

UCF-YT is the UCF YouTube “Actions in the Wild” dataset (UCF-YT) [92]. The UCF-YT

22



dataset is a straightforward forced-choice classification problem between 11 action classes (mostly
various sports). The dataset contains 1600 videos of approximately 150 frames each, and we divide
these videos into a training set of 1222 videos and a testing set of 378 videos. The UCF-Y'T dataset
is further sub-divided into subsets of related videos (e.g., all from the same sports match, or sharing
the same background); in order to avoid training/testing contamination from closely-related videos,
we employ a stratified training/testing split that places each subset either entirely in the training
or the testing set. UCF-YT-50 is the recently released 50 class version of the UCF-YT dataset. It

is similar to UCF-YT, other than containing more video clips and action classes.

Rochester Activities of Daily Living dataset consists of 150 videos of five individuals performing
a series of scripted tasks in a kitchen environment, acquired using a stationary camera. Due to
the limited pool of available data, we evaluate using 5-fold cross-validation, using videos from four

individuals for training and the fifth for testing, in each fold.

The Mind’s Eye dataset is the dataset for the DARPA Mind’s Eye project. However, this
dataset has not yet been finalized, so the detail of annotations, as well as the number of clips, are
not known at this time. The motion capture databases listed are used to generate the motions

within the synthetic data; they have no direct task.

3.3 Synthetic data

This section describes the method by which we generate synthetic data to support action recognition

tasks.

Our proposed work relies on being able to generate relatively large amounts of synthetic data.
Since it is difficult to produce synthetic data that is comparable to real-world data in terms of
raw pixel-level appearance, we concentrate on the simpler task of generating synthetic data that
matches real-world data in terms of motion. We make no attempt to mimic real-world appearance:
the human model in our synthetic data is a abstract armature (Fig. 6). However, in terms of motion

it is a reasonable analog, since its motion is derived from human motion capture data (Fig. 8).

3.3.1 Motivation for synthetic data

The motivation for using synthetic data is threefold:
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Table 1: Datasets and their properties

Dataset Annotations Size Public?
UCF-YT [92] Coarse Large Yes
UCF50 [93] Coarse Large Yes
Rochester Daily Living [29] Coarse Small Yes
Mind’s Eye Unknown Unknown Yes
VIRAT [94] Medium Medium Yes
CAVIAR [95] Fine Small Yes
TRECVID [96] Fine Large No
Synthetic Very fine Very large Yes*
Random YouTube clips Coarse Very large Yes*
CMU Motion capture database [97] Fine Large Yes
Facebook faces Coarse Very large Yes*

e Size: More synthetic data can be generated than is feasible to gather from real-life sources
with any sort of annotation. For example, the largest video datasets may have approximately
5,000 clips, a number which can be synthetically generated in less than an hour. Since the
synthetic data is produced by a program, distributing the synthetic data is only a matter
of distributing the program and data files, which together will be a fraction of the size of
even a small video dataset. Furthermore, the statistical significance of an algorithm can be
easily tested by drawing more samples from the same synthetic distribution; this eliminates

the worry that an algorithm might be indirectly overfitting to a particular set of samples.

e Detail: Available video datasets are very poorly annotated. The best case annotation is
usually only a single class label for the entire clip, and in some datasets (Hollywood), even that
is uncertain. In contrast, synthetic data can be generated with rich annotations, including
per-pixel assignment to rigid bodies, foreground-background segmentation, and depth, in
addition to the parameters (e.g., motion capture file, position, and viewing angle) that were

used to generate the motion and appearance.
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e Variation: Bias is inherent in any dataset, simply because the ‘world distribution’ of possible
video clips is impossible to sample from. Any dataset will be biased by the methodology
used to collect it, and furthermore, even a supposedly ideal, unbiased dataset would not
necessarily be the best in practice, since real world action recognition tasks are themselves
‘biased’. But while eradicating bias is an unachievable goal, it is still worthwhile to build large
and varied datasets, and synthetic data allows for automated variation generation in ways
that are difficult to achieve with real datasets (for an analysis of dataset bias in real-world

datasets, see [98]).

For example, varying the viewpoint is simple with synthetic data, but in a real dataset
collecting multiple viewpoints (especially large scale differences and extreme views) can be
difficult. Likewise, real datasets often have relatively few actors because it is difficult to
find enough people willing to take the time to record actions, but with synthetic data actor
appearance and proportions can be easily varied. Synthetic data also allows a degree of
control over variation that is not possible with real data, such as drawing synthetic samples
over a large range of viewpoints in order to quantify the effect of viewpoint variation on an

algorithm.

3.3.2 Synthetic data organization

The synthetic data is organized into groups of clips, or tasks. Each tasks consists of a number of
positive samples all generated from a single motion capture sequence, and a number of negative
samples randomly drawn from the entire motion capture dataset. In this way, each synthetic task
represents an independent binary classification task where the goal is to decide which clips belong
to the action vs. a background of all other actions. The actions used in the synthetic data do not
necessarily correspond to the actions used in any final classification task on real data. Since the
synthetic actions are randomly chosen out of motion capture sequences, they may not correspond
to easily named actions at all. A typical synthetic clip might be 90 frames long, and a typical
synthetic task might be associated with 100 such clips, corresponding to 50 positive samples and

50 negative samples. An example frame from a synthetically generated video can be seen in Fig. 6.

A clip is produced by moving a simple articulated human model according to the motion capture
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Figure 6: Example frame from synthetic data. The synthetic video is abstract in appearance, but the
movement of the armature man is derived from motion capture data. The texture does not match real data
in appearance and serves only to provide descriptor extractors (e.g., trajectories derived from optical flow)

with stable inputs.

sequence, with some added distortions. The synthetic data is rendered at a resolution of 320x240
and a nominal framerate of 30fps in order to match the MSR and UCF-YT datasets (see Sec. 3.2).
The generation of this synthetic data is quite efficient, as actual rendering time is approximately 6x
faster than realtime, so that two synthetic clips can be rendered every second. At this unoptimized
rate over 170,000 clips could be generated each day on a single computer; as such, the bottleneck

with synthetic data lies in the processing of the resulting video.

3.3.3 Motion generation

The motion of the human model in the synthetic videos is produced by taking motion capture
sequences from the CMU motion capture database or other motion capture databases listed in

Table 1. and adding temporal distortions and time varying noise to the joint angles.

For each clip a motion capture file is chosen from the 2500 clips in the CMU motion capture
database. If the clip is meant to be a positive example, then the motion capture file and approximate

location within that file is given, and the starting frame is perturbed by approximately +1s. If the
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clip is meant to be a negative example, a motion capture file is randomly chosen from the entire

database, and a starting position within that file is randomly chosen.

Next, temporal distortion is added by introducing a temporal scaling factor (e.g., if the factor is
2.0, then the motion is sped up by a factor of two). Non-integral scaling factors are implemented by
interpolating between frames of the motion capture file. Then, a random piece-wise linear function
is used to dynamically adjust the temporal scaling factor of the rendered clip. In practice, we limit
the random scaling factor to drift between a value of 0.1 and 2.0. Consequently, the timing of
a rendered clip differs from that of the base motion capture file in a complicated and nonlinear

fashion.

A similar approach is used to add time-varying distortion to the joint angles. A random piece-
wise linear function is generated for every degree of freedom for every joint in the armature, and
this function is simply added to the joint angles obtained from the motion capture sequence. The

magnitude of this distortion is 0.3 radians.

We add several other distortions and randomizations to the synthetic data. The viewing an-
gle is randomly chosen for each clip, as is the viewing distance. Additionally, the position of the
actor/armature is randomized for each clip. The lighting is also randomized between clips, be-
cause the effects and positions of shadows can have a significant effect on the extraction of feature

trajectories.

3.4 Feature types

The following list of possible feature types is not meant to be comprehensive; one of the advantages
of the method is that it is largely feature agnostic, so it is easy to add many different types of

features to the candidate pool. For examples of what can be considered features, see Fig. 5.

3.4.1 RBF classifier features

A type of feature that can easily be built on top of virtually any descriptor is to count how many
descriptors a binary classifier (in this case, a Gaussian weighted nearest neighbor classifier) classifies
as the positive class. This type of feature can be seen as the generalization of a histogram bin, where

the associated classifier is a membership function that tests whether a given descriptor belongs to
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the implicit ‘label set’ of that classifier. Unlike a traditional histogram, however, this type of feature

allows a descriptor to belong to multiple labels.

Such a feature is defined by a weighted nearest neighbor classifier, with samples weighted ac-

cording to a Gaussian radial basis functions, so that the value of the classifier ¢; is given by
ci(d) = clip(Y_ wyy, - e Ponlld=vinl®y, (2)

h

where v; 5, is one sample vector for classifier i, w; 5, and 3; ;, are the weight and beta for that sample
vector, and d is a descriptor. The clip(.) function clips the value to the range [0, 1], so that values
less than zero (rejections) are thresholded to zero, while values above one (accepts) are clipped to
a maximum of 1.0 and all other values are unchanged. We use RBF classifiers as features due to

their generality, but other classifiers could be considered.

A set of such classifier can also be seen as computing an intermediate representation g, corre-

sponding to each descriptor d,,, so that

qu = (Cl(dw)>c2(dw)>'"7cn(dw))7 (3)

where n is the number of classifiers in the set.

Following this intuition, a set of n such RBF classifiers can be seen as computing a generalized
histogram, where each RBF classifier feature computes one bin of the “histogram” according to
fi@) =3 eid), (4)
dex
where z is a data sample with associated descriptors d, (e.g., all the descriptors computed from a

given video). The entire histogram ¢ for data sample z is expressed as

g="(fr.far s fa) =D (5)

dwEx
which is to say that the classifier ¢; is treated as an indicator function for whether a descriptor
belongs to label ¢, where a descriptor might have multiple labels, and where the labels a descriptor

d,, takes on are given in the vector gq,,.

Note that under our definition of feature, we have a choice of whether to consider the entire

histogram ¢ to be a single feature (with output dimension n), or whether to partition it into n
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separate features. The performance difference between these two options remains to be tested

experimentally (see Section 4.5.2).

For the purpose of populating the candidate pool, random RBF classifier features can be gener-
ated by selecting the sample vectors at random from a sampling of descriptors from a training set,

and then setting the remaining parameters at random (e.g., from uniform or normal distributions).
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Figure 7: The weighted window feature consists of a number of offset windows within a central window,
each of which computes a histogram intersection between a stored histogram and the feature histogram of
its sub-window. In this case, there are two subwindows (a) and (b), with stored histograms (1/2,1/2) and
(1,0) respectively. The symbol N denotes the histogram intersection. The window is shown here evaluated

at two positions; when used as a feature, the value is the maximum response over all possible positions.

3.4.2 Weighted window features

Since the previous features we have been discussing have largely been sparse features that dis-
card what spatial location information they hold, we now introduce another feature type that
takes advantage of that spatial distribution. The feature consists of a number of windows W; =
(pzi, pyi, Sxi, SYi, q;) where each window is associated with a position (x;,y;) relative to a sliding
window center, a size (sx;, sy;), and a histogram vector ¢;. Then, the value of the feature at a given
location is computed by taking the histogram intersection each window’s histogram vector and the
sparse feature label histogram within that window. That is, let H(F, cz, cy, w, h) be the histogram
of feature labels for the features in F' in the window defined by the position and size (cz, cy, w, h).

The weighted window feature’s value at a given point is
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v(Wi,cx,ey) = Y H(F, ez + pai, cy + pyi, sti, syi) N i, (6)

n

where the intersection symbol N denotes the histogram intersection (that is, aNb = >, min(a;, b;)).
The value of the window feature over an entire clip is simply the maximum response over all possible
center locations

V(W;) = max max v(Wj, cz, cy). (7)

cx cy

The weighted window feature is illustrated in Fig. 7. Note that this is similar to the type of

histogram window that is used for image classification [99].

As a practical detail, the computation time of the histogram H(.) can be significantly reduced
by pre-computing integral histograms, so that each sub-window histogram can be computed in
constant time. To further reduce the running time we can also only compute feature values at

coarse locations in the frame, rather than at every possible pixel-location.

These features can also be randomly generated, but care may need to be taken as to how
the weight vectors ¢; are generated. While it is always possible to simply randomly generate these
weights as well (e.g., as from a normal distribution), this may result in an especially large proportion
of useless features. An alternative approach is to sample the weights from training data, so that
each ¢; is taken as the histogram of a randomly chosen window from a randomly chosen data
sample. Thus, we construct the windows so that each window computes a histogram correlation

between a (randomly sampled) training patch and the test patch.

4 Proposed Work: Feature Recommendation

The following section details our proposed work on feature recommendation. After an introduction
to the work, we describe our preliminary work and established methods, followed by an experimental
plan. We conclude with an exploration of interesting avenues of research in this direction, as well

as an assessment of risks involved with this work.
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4.1 Problem Formulation

We propose to learn from large heterogeneous collections of tasks by introducing an approach
we term feature recommendation. The overall setup of the problem is as follows: we are given a
collection of tasks (since we concentrate on action recognition in this proposal, we can assume these
are video classification tasks) with associated tasks; we refer to this collection as the source corpus.
Additionally, we are given a collection of features which have been rated on some or all of the tasks
in the source corpus; we refer to this set of features as the candidate pool, and the matrix of the
candidate pool’s ratings on the source corpus as the ratings store. The rating of a feature on a task

is meant to correlate with its performance on that task.

Now, given a new task (likely associated with a new dataset as well), the target task, we rate
some or all of the features on the target task; we denote the set of features rated on the target task
as the probe set. Then, using the ratings of the probe set on the target task (the probe ratings),
the objective is to recommend, or predict, which features from the candidate pool will be highly
rated on the target task. Alternatively, the objective is to recommend features which, when used

jointly, maximize performance on the target task.

In this problem formulation the features and tasks are opaque; that is, we can rate a feature (or
jointly rate a set of features) on a task, but the process by which this is accomplished is feature
and task specific, and not necessarily open for inspection. The problem is to predict, based only
on the structure of the correlations between feature ratings in the source corpus and the limited

set of ratings on the target task, which features are likely to perform well on the target task.

4.1.1 Analogy to Recommender Systems

Recommender systems are employed in many contexts, such as video rental (Netflix) and product
recommendation (Amazon.com). Generally these systems assume that users explicitly rate items;
these are referred to as recommender systems with explicit feedback. In these systems, the goal is
to recommend, based on users’ previous ratings, items that are likely to be highly rated by those
users. For example, Netflix will attempt to recommend movies that a person is likely to enjoy based
on his or her ratings of other movies. Because these systems use explicit feedback, they do not

need to know about the particular content of videos/items; they can make their recommendations
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based solely on correlations between ratings.

The analogy to feature recommendation is direct: in feature recommendation, the goal is likewise
to recommend features (items) that are likely to perform well (be highly rated) on a target dataset
(specific user). And, just as recommender systems for products do not need to know about those
products, only about their ratings, the feature recommendation approach does not constrain or
examine the internals of features, beyond the requirement that features can be evaluated and rated
on tasks. Furthermore, recommender systems do not make general recommendations, but rather
make recommendations for specific individuals, based on their past ratings. Similarly, in contrast
to multi-task learning, our goal in feature recommendation is not to select generally good features,

but rather to find specifically good features for a particular target task.

The approaches employed for recommender systems broadly fall under the heading of collabora-
tive filtering, and it is these approaches that we propose to employ for our feature recommendation

task as well. The following sections formalize the descriptions of features, tasks, and ratings.

4.2 Preliminary work: feature recommendation by simple aggregate perfor-

mance

Many popular bag of visual words (BoW) techniques rely on quantizing descriptors (where a de-
scriptor might be a trajectory fragment, or a HOG descriptor computed around an interest point,
or many other possibilities) computed from video; generally either simple unsupervised techniques
such as k-means clustering [59, 10, 4, 35] or hand-crafted quantization strategies (such as our pre-
liminary work on trajectons) are used. The end result of these quantization schemes is a histogram
that counts how frequently features are quantized into particular quantization bins. We generalize
this notion of quantization by suggesting that each bin of the resulting histogram can be considered
an independent feature defined by a classifier that decides whether a given descriptor should be
counted by that bin. Then the problem of designing a quantization scheme can be seen as the

problem of recommending a set of such histogram count classifier features.

While the goal of this proposal is to be able to efficiently recommend features tailored specifically
to a new target dataset, as preliminary work we consider the problem of recommending generally

good features using synthetic data. More concretely, in this preliminary work we consider the
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problem of recommending a quantization scheme for a bag-of-words technique, using a corpus of
synthetic data as the source from which to recommend the quantization scheme. We use a simple
form of feature selection in which we independently recommend features by rating them on all
the synthetic datasets, and then assigning them aggregate ratings from the ratings on individual

synthetic datasets.
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Figure 9: System overview: a pool of randomly generated features (a) is filtered, or seeded, on synthetic
data (b) to produce a greatly reduced number of features (e) that are likely to be informative. Real data (c)
has descriptors (e.g., trajectories) extracted, and these descriptors are fed through the seeded feature set to
produce label vectors y;, one per descriptor. These label vectors are then accumulated into the histogram

H, which represents the video clip.

4.2.1 Feature seeding overview

The basic organization of our method can be seen in Figure 9. First, a set of synthetic video clips
is generated using motion capture data. These clips are generated in groups (datasets), where each

group is an independent binary classification problem; this is described in detail in Section 3.3.
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Next, raw motion descriptors are extracted from the synthetic data pool in the form of trajectory
snippets [28, 29] (see Appendix A) and histogram of optical flow (HOF) descriptors around space-
time interest points (STIP) [4]. We use the unquantized form of the trajectory descriptors, since
our purpose is to replace the quantization schemes outlines in Appendix A with one recommended
from synthetic data. Likewise, we use the 90-dimensional STIP-HOF descriptors without any

pre-emptive quantization.

Each clip produces many descriptors— trajectory descriptors produce on the order of 300 de-
scriptors per frame of video, while STIP-HOF produces closer to 100 descriptors per frame. These
descriptors are sampled to produce a candidate pool of features, where each feature is associated
with radial basis function classifier (see Section 3.4.1 whose sample vectors are randomly drawn
from the descriptors. Then the synthetic data is used to rank features based on their aggregate
classification performance across many groups of synthetic data. We denote the highly-ranked fea-
tures selected in this way as the seeded features. The seeded features can then be applied to real
data and used as input to conventional machine learning techniques. For evaluation, we consider

the seeded features in a basic BoW framework, using linear SVMs as classifiers.

Note that for this preliminary work we are not proposing a complete action recognition system,
but concentrate only on motion features in order to evaluate the potential of such a screening based

approach from synthetic data.

4.2.2 Feature pool generation and evaluation

For this preliminary work we consider random RBF features of the form described in Section 3.4.1.
We generate a pool (in our case, of size 10,000) of such features by randomly selecting sample
vectors from the synthetic dataset’s descriptors. The weight associated with each sample vector is
chosen from a normal distribution N (0, 1), and the 8 associated with each sample vector from a
uniform distribution over the range [0,10]. These parameters were chosen arbitrarily to generate
a large range of variation in the classifiers. Example trajectory descriptors that might be accepted

by these types of features can be seen in Fig. 10.
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Figure 10: Examples of trajectory descriptors accepted by different classifier features. Some features
represent simple concepts, such as leftward movement (a), or a quick jerk (b), while others do not correspond
to anything intuitive (c). Given limited labeled data (c) could be indicative of overfitting. Feature seeding

allows us to confidently determine that the chosen features generalize well.

4.2.3 Feature seeding/filtering

Given the pool of features, we select for, or seed, a good set of features from the pool by rating
them on a set of synthetic data. In practice, the seeding is similar to a single iteration of boosting,
with the important difference that the seeding attempts to find features that work well across many

different problems, rather than a single one.

Let P, and N,, correspond to the sets of descriptor sets (videos) in the positive and negative
sample sets, respectively, of a synthetic group n. Then we can express the rating 7, of a feature

kongroupn (n=1,...N) as

2 pen, 10k(D) <) + > pep, 101(D) > 1) ()
[|No| + [ 2ol ’

where by (D) is the result of evaluating feature k& on descriptor set (video) D, and I(.) denotes the
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indicator function.

Note that this is just the accuracy of a decision stump on the by (D) values. We have also consid-
ered mutual information based rating, but we find that it has slightly worse performance, probably
because the stump-classifier rating we use here is a better match for the final SVM classification.
However, our method does not depend on any single rating metric, and it is straightforward to

swap this metric for another.

Now, we express the aggregate accuracy of a feature over all groups as

A = g({renln=1,...,N}), (9)
where ¢(.) is a function that operates on a set. In our case, we consider three possible aggregation
functions ¢: gmin(X) = min(X), gmax(X) = max(X), and gave(X) = mean(X). Intuitively, gmin
takes the worst-case performance of a feature against a collection of problems, gmax takes the best-
case performance, and g.yg takes the average case. Note that because the evaluation problems are
randomly generated from a large motion capture database (see Section 3.3), it is unlikely that they
will share any action classes in common with the target task. The goal is to select features that
perform well against a variety of action recognition tasks (i.e., , that can discriminate between

different human actions).

Then we simply rank the features according to their Ay values and select the top s ranked ones.

In practice, we use seeding to select the top s = 50 features from a pool of 10,000.

Given a set of training and test videos on real data, we compute histograms hp, where each
histogram is computed according to (Eqn. 5) over the reduced set of s features. Then we simply

train a linear SVM as the classifier.

4.2.4 Datasets

We primarily evaluate on the UCF-YT dataset as described in Section 3.2. In addition, we evaluate
this work on the Microsoft Research Action Dataset (MSR) [100], which consists of of sixteen
relatively long (approximately 1000 frames per video) videos in crowded environments. The videos
are taken from relatively stationary cameras (there is some camera shake). The dataset only has

three actions — clap, wave, and box, with each action occurring from 15 to 25 times across all
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videos. The actions may overlap. For evaluation we consider MSR to be three separate binary
classification problems, i.e., clap vs. all, wave vs. all, and box vs. all, rather than a three-way forced
choice because the actions overlap in several parts. Each problem has an equal number of negative
samples drawn by randomly selecting segments that do not feature the action in question, so for
example, the wave vs. all problem is a binary classification between the 24 positive examples of
the wave action and 24 negative examples randomly drawn from the videos. Due to the limited

amount of data in this set, evaluation is by leave-one-out cross validation.

As described earlier, for feature seeding we use a synthetic dataset, which consists of 2000 short
videos; the “actions” in this dataset do not necessarily correspond to any of the action classes in

either the UCF-YT or MSR datasets.

4.2.5 Feature statistics
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Figure 11: Accuracy distribution of RBF classifier features on synthetic data, compared with the expected
number of false positives. Above accuracy 0.61, the majority of features are true positives. The difference
between these two distributions is statistically significant to p < 0.001 according to the Kolmogorov-Smirnov

test.

A natural question to consider is how informative these RBF features are; that is, how likely is

our seeding method to find useful features. Because the features are evaluated by treating them
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as stump classifiers, the worst an individual feature could do is 0.5 accuracy; any lower, and the
classifier simply flips direction. Since there is noise in the data, a classifier that is uncorrelated
with video content can still vary in value across videos, and this means that it is possible for it to
obtain an accuracy better than 0.5 on the limited data simply by chance. If we were considering a
single feature, then we could ignore this unlikely possibility, but with a pool of 10,000, statistically

we can expect to see several such false positives.

It is easy to empirically estimate the false positive distribution by simply randomly permuting
the labels of all of the test videos; in this way, a classifier cannot be legitimately correlated with

the video labels, and the resulting distribution must be entirely due to false positives.

As can be seen in Fig. 11, the accuracy distribution of the real features is quite different from the
false positive distribution. In particular, the real feature distribution is shifted to the right of the
random distribution, indicating that there are more high-accuracy features than would be expected
by chance, even in the worst-case scenario that the vast majority of the features are uninformative.
Note that the false positive distribution takes on a log-normal type distribution, albeit with a spike
at 0.5 corresponding to zero-variance features (in practice, it is easy to reject these features, even
on real data, since they are features which return the same output for every input). The same test
performed with the aggregation techniques produces similar results, indicating that the aggregation

techniques also reveal informative features.

4.2.6 Comparison with other quantization methods

Since the goal of the proposed technique is to improve on the early quantization and accumulation
steps of the bag-of-words model, a natural baseline against which to compare is the standard bag-
of-words model consisting of k-means clustering followed by nearest neighbor quantization and
histogram accumulation. Additionally, for the UCF-YT dataset we compare against the somewhat

more sophisticated quantization technique proposed by Matikainen et al. [28].

Our results on the UCF-YT dataset are shown in Table 2. Here the feature shows large gains over
both k-means and random feature subsets, at 46.0% to 37.0% and 40.2% respectively. Additionally,
our feature selection improves upon by Matikainen et al.’s quantization technique, which obtains

an accuracy of 42.2%. The power of our technique is further emphasized by the fact that our
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Table 2: Results on the UCF YouTube dataset (motion features only).

Method Total accuracy
Seeded RBF [STIP] (gmax) 34.4
k-means [STIP] 36.6
k-means [Traj] (MSR centers) 36.6
k-means [Traj] (synth centers) 37.0
Seeded RBF [STIP] (gmin) 38.6
Seeded RBF [Traj] (gmax) 38.9
Seeded RBF [Traj] (gavg) 39.4
Unseeded RBF [Traj] 40.2, 0 =1.9
Trajectons [Matikainen et al. [28]] 42.2
All 10,000 RBF [Traj] 46.0
Seeded RBF [Traj] (gmin) 46.0

Table 3: Comparison of seeding source on UCF YouTube.

Method / Source UCF-YT Synthetic
Seeded RBF [Traj] (gmax) 38.6 38.9
Seeded RBF [Traj] (gave) 34.7 39.4
Seeded RBF [Traj] (gmin) 41.0 46.0
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technique uses only 50 features compared to the 216 of Matikainen et al.’s trajectons. Even with a
pairwise spatial relationship coding scheme, their technique achieves 47.7%, which is only slightly

better than the performance of our independent features without any spatial information.

Note that our performance with 50 seeded features matches that of running the entire candidate
set of 10,000 features. Beyond the obvious computational and storage benefits of processing only
50 features instead of 10,000, methods that build on top of these quantized features will likely
benefit from the reduced dimensionality (e.g., , if pairwise relationships are considered, it is better
to consider 50 x 50 rather than 10000 x 10000). While the “kitchen sink” approach of feeding all
10,000 classifiers into an SVM worked in this case (likely due to the resilience of linear SVMs against

overfitting), other classifiers (e.g., , decision trees, randomized forests) may not be as robust.

The results of this comparison on the MSR dataset are shown in Table 4. Overall, the feature se-
lection posts relatively large gains in the gmax and gaye selection methods, while gn,in remains largely
the same as for k-means. For the individual classes, the selection method improves performance on

the clap and box categories, while performance on wave is largely similar.

It is interesting that the selection techniques that perform well are exactly inverted between
MSR and UCF-YT, with gmax and gave performing well on MSR, while gnin performs well on UCF-
YT. In practice, gavg works like a weaker gmax, S0 it is unsurprising that its performance is similar
to that of gmax on both datasets. Between gmin and gmax, however, we suspect the difference is due
to how similar the datasets are to the synthetic data that was used for feature selection. The MSR
dataset is much more similar to the synthetic data than the UCF-YT dataset, which may explain
why the more aggressive gmax selection performs better on the former while the more robust gmin
selection performs best on the latter. More specifically, the MSR dataset has a fixed camera and
simple human motions, which matches the cinematography of the synthetic data (albeit varying in
the specific actions). By contrast, UCF-YT exhibits highly variable cinematography and includes
non-human actions (e.g., , horses and dogs) as well as actions with props (e.g., , basketballs and

bicycles).
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Table 4: Seeding outperforms k-means, unseeded RBF, and boosting on MSR.

Method Clap Wave Box Total
Boosting (50/500) 650 60.0 57.0 60.7
Unseeded RBF 60.0 61.0 617 61.0
Seeded RBF (gumin) 60.7 62.5 60.4 61.2
k-means (MSR centers) 53.6  62.5 68.7 61.6
k-means (synth centers) 53.6 62.5 68.7 61.6
Boosting (50/10000) 75.0 64.6 52.0 63.9
Seeded RBF (gavg) 714 625 66.7 66.9
Seeded RBF (gmax) 75.0 583 708 68.0

4.2.7 Comparison of base descriptors

The results of a comparison of base descriptors (trajectories vs. STIP-HOF) is shown in Table 2.
Overall, the performance of STIP-HOF features is worse than that of trajectory-based ones. How-
ever, note that the best selection method (gmin) outperforms k-means for both STIP and trajectory

features, and that gmin outperforms the other two methods for both features.

4.2.8 Comparison to unseeded RBF features

As an additional baseline we compare the performance of the features seeded from the synthetic
data to that of random sets of features. The purpose of this baseline is to establish whether the
gains seen with the classifier sets over k-means are due to the selection process, or whether the
classifier-based features are inherently more informative than k-means histogram counts. As can
be seen in Tables 2 and 4, the performance of random classifier sets is very similar to that of
codebooks produced by k-means, indicating that random classifier sets are by themselves about
only as powerful as k-means codebooks. It is only after selection (either on the data itself, if there

is enough, or on synthetic data) that significant gains are seen over the k-means baseline.

However, despite the similar performance of unselected classifier features to k-means features,

there is reason to believe that the classifiers themselves are a better choice for selection than k-
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means based features. On both MSR and on UCF-YT the performance of k-means features derived
from vastly different datasets (synthetic data vs. MSR) is very similar. Furthermore, experiments
on synthetic data have suggested that the actual choice of k-means centers has only a small effect

on performance. As a result, it is difficult to produce large gains by optimizing for k-means centers.

4.2.9 Comparison with feature selection on real data

We perform experiments using AdaBoost for feature selection on the MSR dataset (see Table 4).
While boosting on the data itself improves performance on the clap action, the overall performance
increase is modest, suggesting that when features are selected from the entire pool of 10,000 clas-
sifiers, boosting overfits. When the features are boosted from smaller subsets chosen at random,
the overall performance is closer to that of unseeded features. However, the average performance
of boosting on the real data is not much better than that of random subsets, and lower than that

of seeded features.

Next, we evaluate the contribution of the synthetic data itself, in order to rule out the possi-
bility that it is only the seeding technique (i.e., , randomly partitioning the data into groups and
then evaluating aggregate performance) that produces performance gains. We perform our feature
seeding using the real training data as the seeding source. In order to mimic the structure of the
synthetic data groups (one action class vs. everything else), we partition the UCF-YT training data
into groups, where each consists of one action class vs. the remaining 10. We further randomly
partition each group into five, for a total of 55 groups. We then perform the feature seeding. These
results are shown in Table 3. Note that for every selection method (e.g., gmin), the seeding from
synthetic data outperforms the seeding from the real data. Additionally, the selection method gmin

is the best regardless of the seeding source. Thus, the synthetic data itself plays an important role.

4.2.10 Conclusion

This preliminary work demonstrates that even simple selection/recommendation mechnaisms can
give a boost in performance from a corpus of dissimilar, but related, datasets. More tellingly,
features selected from synthetic data have better performance than those selected from the real

data, despite the similar sizes of the datasets, indicating that the synthetic data itself contributes
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to the success of the technique. There are many possible reasons for this: the synthetic data may
have more variation, it might help prevent overfitting, or it may simply be cleaner (i.e., , there is
no clutter or camera motion in the synthetic data, so it may select features that better represent
the core human motions than those selected from the noisy real data). These results are promising,
since they suggest that using a corpus of even curdely related labeled data can help on action

recognition tasks.

The main drawback of this method is that including more synthetic data does not improve
performance. The likely reason is that the simple aggregate statistics by which the features are
selected (i.e., , mean performance) converge quickly, and so past the point of convergence, additional
data cannot offer an improvement. Another possible reason is that additional synthetic starts to
overfit the features to the particular global biases of the synthetic data. The discovery of this
limitation is one of the main motivations for the proposed feature recommendation framework:
rather than attempting to find features that are generally good across all the synthetic data, we

propose to use the corpus of datasets to tailor features specifically for the target dataset.

4.3 Proposed Methods

In order to predict the ratings of features on a new target task, we must first build a model of the
relationships between the ratings of features on tasks in the ratings store. Our preliminary work
on feature seeding can be seen as assuming a simple model where each feature has a true rating
which is estimated with noise on each task, so that the predicted rating for a feature is simply its

average (or other aggregate statistic) rating across all the tasks in the store.

In this section, we introduce some basic collaborative filtering techniques for modeling ratings.

4.3.1 Baseline estimation

We start with a simple additive model suggested by Koren [83], in which a feature’s rating on a
task is modeled as the sum of a global mean rating, a feature factor, and a task factor. Intuitively,
the feature factor approximately corresponds to the feature’s mean deviation from the global mean
across all tasks, and likewise the task factor is approximately the average deviation of all features

rated on that task from the global mean.
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Formally, we model a rating r; ; as

Tij =+ ¢i + 1y, (10)

where p is a global mean rating, ¢; is a feature-specific factor, and 1, is a task-specific factor. Let

m be the number of features, and n be the number of tasks, so that the number of ratings is m - n.

Koren [83] suggests that these factors can be found via a least-squares minimization. While
true, for a dense ratings matrix (as is the case with our synthetic data, where every feature is
rated on every synthetic task) this produces an inconveniently large number of terms (i.e., one for
each rating, which might be on the order of millions). Instead, we propose the following iterative

method, which is simply the iterated version of the approximation suggested by Koren:

e 1. Estimate global mean: p = %
e 2. Estimate initial feature and task factors: ¢; = M’ Wb = W

225 (rig—p—1;5)

n

> (rij—p—94)

m

e 3. Estimate feature factors, holding task factors constant: ¢; =

e 4. Estimate task factors, holding feature factors constant: v¢; =

5. Iterate: Repeat steps 3 and 4 until convergence.

In practice, we find that the factors converge very quickly, often in one or two iterations, and
that the factors do not differ much from the initial independent estimates. Note that each step is

simply the computation of a mean residual.

For the target task, we hold the previously computed feature factors fixed, and estimate only

the target task’s factor, according to

i = > i(rige —p— ¢z‘), (1)

m

where j* is the index denoting the target task.

4.3.2 Factorization methods

First, let us define the residuals 7 that remain after the baseline estimation by
Tij = Tij — (b=+ @i+ ;). (12)
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Then let R represent the entire (m x n) residuals matrix for the source tasks.

The general goal of factorization methods is to represent the rating (or residual thereof) of a
feature on a task as the dot product between a feature factors vector and a task factors vector,
where the dimensionality of these factors vectors corresponds to a chosen number of k latent factors.
Formally,

R=F'D, (13)

where FT is a (m x k) matrix of feature factors, and D is a (k x n) matrix of task factors. While
there are many factorization schemes, a simple and popular choice is to use the singular value
decomposition, in which

R=USVT, (14)

where U and V are orthonormal matrices, and S is a diagonal matrix of singular values. Then,
supposing that k latent factors are sought, Sy is the k x k upper left sub-matrix of S, and Uy, is

the first £ columns of U. We construct the feature factors matrix according to
FT' = U8y, (15)

and the task factors matrix can be recovered by solving the linear problem R = FT'D for D.

Now, given a target task’s ratings of p probe features (without loss of generality assume they
are the first p features), denoted 7, we estimate the target task’s factor vector by solving the linear

least-squares problem

(FT):(: =7 (16)

for z, where x is a (k x 1) vector of the target task’s factors, and FTis a (p X k) matrix of the first
p rows of FT. Note that in order to keep the problem overconstrained (so that the least-squares
minimization does something useful) p > k, which is to say that more probe features should be
evaluated than latent factors. Finally, we can predict the target task’s ratings for all the features

according to

where r’ are the predicted ratings.
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4.3.3 Neighborhood methods

Neighborhood models form a large class of methods for collaborative filtering; here we briefly

describe a simple method invented by Bell and Koren [81].

The goal is to predict the rating 7, ;+ of feature ¢ on the target task. Let U be the number of
neighboring features to the query feature. These neighbors might be found by, for example, the
correlation coefficient between task ratings vectors [82]. Note that here we are considering features

to be neighbors to features, rather than tasks to tasks.

Then, let S, be the matrix of ratings of the neighbor set of features over the tasks, and S, be
the ratings of query feature on the other tasks. Likewise, let R, be the vector of ratings of the

probe set of features on the target task.

The simplest neighborhood method predicts the rating of a query feature ¢ on the target task

as the mean of the neighbors’ ratings:

R, = Zi%a (18)

Note that this does not use the relative distances of the neighbors. A more sophisticated ap-
proach, as suggested by Bell and Koren [81], is to calculate interpolation weights w; per neighbor,

so that the predicted rating is expressed as
R, = wTR;m (19)

which is simply a weighted sum of the neighboring features’ ratings.

They calculate the interpolation weights w by constructing matrices

. 8,87
A==t (20)
and .
~ 5,8,
b= pUq : (21)
and solving the linear system
Aw=1b (22)

for the interpolation weights w.
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The predicted rating of the query feature on the target task is then computed according to

Eq. 19.
Set-centric vs. Feature center neighborhoods:

An important question for neighborhood methods is whether the neighborhood is over tasks, or

over features. That is, to predict an unknown rating,

we could either find similar features to the feature in question, or we could find similar tasks
to the task on which the feature is evaluated. The former is a feature-centric approach, while the
latter is task-centric. In the collaborative filtering world, the analogous distinction is between user-
centric and item-centric approaches, and generally in the literature item-centric approaches have
performed better. A possible explanation is that in standard recommender systems, there are vastly
more users than items, making item-item comparisons more robust than user-user comparisons.
While the intuitive description of our problem metaphorically treats tasks as users, in practice our
situation is the opposite of that in typical recommender systems: we have vastly more features
(items) than tasks (users), and so we might expect that task-centric approaches would fare better.
However, there is a vast difference between consumer items and vision tasks, and so this question

must be answered experimentally (see Section 4.5.3).

4.3.4 Metrics

RMSE:

The simplest way to evaluate the feature recommendation is to directly compared the predicted
feature ratings against the ‘ground truth’ feature ratings using a root-mean-square error metric.
For early evaluation purposes this metric can work well as a rough guide to which collaborative
filtering techniques are likely to be the most productive. However, the RMSE may not accurately

reflect the final accuracy of the predicted features, and so is unsuitable as a final evaluation metric.
Set intersection:

If the number of features to be recommended is known, then another simple evaluation metric is
to compare the set intersection (number of features in common) between the recommended feature

set from the collaborative filtering, and the set chosen on the real data, either from the ground-truth
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feature ratings, or using another feature selection method directly on the real data. The difficulty
with this metric is evaluating the ground-truth ideal feature set— for a finite task, the set of features
that maximizes classification accuracy is almost certainly overfitting, while for an infinite task (e.g.,

a synthetic set), finding the ideal feature selection is itself a difficult search problem.

Classification accuracy:

Rather than attempting to measure the quality of a feature selection directly, the final accuracy
on a test classification problem can be measured. This has the benefit of measuring the actual
performance of interest (the end classification accuracy). However, this requires cleanly separated

testing and training tasks, and so requires more data than other evaluation metrics.

4.4 Preliminary Experiments
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Figure 12: Preliminary experiments with collaborative filtering. Results for predicting ratings of features

on synthetic tasks using a ratings store of other synthetic tasks.

As simple preliminary experiments we consider the ability to predict the ratings of features on
synthetic tasks from a corpus of similar (but of course, not identical) synthetic data. For these
experiments, we use a corpus of 100 synthetic tasks, and evaluate over 100 target (synthetic) tasks.
We consider a candidate pool of 10,000 features of the RBF histogram classifier count variety,
randomly generated. We evaluate using the RMSE metric on the features outside of the probe

set. These results can be seen in Table 5. Note that the best performance is produced by the
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Table 5: RMSE error for predicted feature ratings evaluated on synthetic data

Method RMSE

Mean only 0.0558
Baseline estimation  0.0326
Nearest neighbor 0.0167
Factorization 0.0163

factorization approach, which slightly outperforms the neighborhood method in terms of RMSE
and also has a greatly reduced computation time. As further experiments, we vary the probe set
size and number of bases (latent factors) chosen for the factorization approach; these graphs can be
seen in Fig. 12. The RMSE exhibits an apparent exponential decay with the probe set size, with
the majority of the reduction having occurred with approximately 500 probe features. In contrast,
the RMSE reaches a minimum with 30 latent factors, with the curve exhibiting a striking ‘U’ shape.
Note that 100 latent factors is the most that could be chosen, since there are only 100 tasks in the

corpus.

4.5 Experimental Plan

For experimental evaluation, we initially consider the action recognition task, on any of the appro-

priate datasets. We build the ratings store from synthetic data, generated according to Section 3.3.

4.5.1 High vs. Low variation synthetic data

An important question is how the amount and types of variation in the synthetic data affect the
quality of the recommendations. In some cases the answer should be obvious, for example, that
recommendations from synthetic data that includes running actions are likely to be better on a
real task that involves running. However, some cases, such as camera motion, are not as clear-cut.
These types of questions are easily evaluated by restricting recommendations to being computed
from synthetic tasks with varying amounts of variation, and by evaluating on datasets that contain

elements (such as vehicles that are not present in the synthetic data.
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4.5.2 Lightweight vs. Heavyweight features

The features we have a wide range of granularities, in that they can span the range from very
specific (the count in a single histogram bin for a particular quantization scheme) to very broad
(the entire histogram). An interesting question is whether it is better to recommend from a large
pool of very granular (lightweight) features, or from a smaller pool of more powerful (heavyweight)

features.

4.5.3 Task-centric vs. Feature-centric approaches

Neighborhood methods might use neighborhoods of tasks (task-centric approaches), or they might
compute neighborhoods around features (feature-centric approaches). The question of which is

preferable remains to be answered experimentally.

4.5.4 Content vs. Performance matching on Similar vs. Dissimilar data

As a baseline we can compare the recommendations based on collaborative filtering on ratings
to features recommended from neighboring tasks based on content. That is, collaborative filtering
finds neighbors where the probe set of features performs similarly in terms of classification accuracy,
but we can also consider finding neighbors where the probe set performs similarly in terms of actual
computed values. Note that in the former (accuracy based) case, the neighbors are entire tasks,
while in the latter (content based) case, the neighbors are individual data samples (video clips).
This is because we evaluate the accuracy rating of a feature across an entire set of samples, while

the actual value of a feature is computed for every individual data sample.

To make such recommendations based on content, each real training sample would find its
nearest k neighbors in the synthetic data, and those found neighbors would take on the class label
of the real training sample. Then these found neighbors are pooled together into a new, larger
dataset which is used to either recommend features, or to directly learn a classifier. Alternatively,
these found samples could be used as an additional task for multi-task learning, so that the goal is

to find features that perform well on both the real data, and on the neighbors to the real data.
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4.5.5 Ideal rating estimation on synthetic data

We have already discussed how the actual measured feature ratings on a real-data task are actually
estimated ratings of true or ideal feature ratings. Furthermore, we hypothesized that the collab-
orative filtering predicted ratings may be closer to the ideal ratings than the estimated ratings,
and gave preliminary results tentatively supporting this hypothesis. Of course, as the size of the
dataset associated with a task grows, the estimated ratings converge to the ideal ratings, by def-
inition. Thus, we can directly test this hypothesis by estimating the ratings twice: once using a
smaller training partition, and a second time using as much data as is available. If the hypothesis is
true, then the ratings predicted by collaborative filtering using the training partition ratings should
be closer to the full-dataset ratings. For synthetic data we can generate enough data to estimate

the ideal ratings to any arbitrary degree of precision.

4.5.6 Effect of store size

While collaborative filtering techniques can easily scale to hundreds of thousands of tasks, the
benefit of doing so remains to be evaluated. Will performance continue to rise indefinitely, or will

it plateau and then degrade as the number of tasks in the store increases?

4.5.7 Recommendations from limited target data

A potential benefit of the feature recommendation approach is that it may be able to make rec-
ommendations even when the size of the target dataset is very small (i.e., the estimated ratings
on the target are very noisy). An interesting question is how small the target dataset can get, and
how the performance of the recommended features at these small dataset sizes compares to other

feature selection techniques, or even hand-picked features.

4.5.8 Evaluating the impact of redundant features

A major concern is that independently recommending features will produce a feature set populated
by near-duplicates of the best features, rather than a more varied (and better performing) set. There

are two avenues for testing whether this is the case. The first is to compare against traditional
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feature selection mechanisms (e.g., boosting) that select feature sets taking into account inter-

dependencies. The second is to generate near-duplicate features to evaluate the costs of redundancy.

4.6 Random candidate features vs. Learned candidate features

Our preliminary work uses a randomly generated candidate pool of features, but another possibility
is to use the detailed annotations of synthetic data to populate the pool with features that have
been learned to try to detect or classify elements of that annotation. For example, if the synthetic
data has annotations on the individual positions of limbs, then features could be learned to try
to detect those limbs. These features would be learned from random samples of the given limbs,
so that many different learned features could be generated for the same limb. While a feature
pool generated in this way may be less likely to contain useless features, it may also overfit to the

synthetic data, and that is a question that must be answered experimentally.

4.7 Research Topics

We have identified the following key research topics:

e Set recommendation: Rather than recommending features individually, an interesting ques-
tion is whether entire sets of features can be recommended jointly. Such a system would
likely need to model the dependencies between features included in a set, and potentially
result in interesting new theoretical models. If feature redundancy is experimentally found to
be detrimental, we will need to investigate set recommendation in order to fulfill our proposal

contribution of scaling to hundreds of thousands of features

e Missing ratings: Our described approach assumes complete ratings for all the features on
all the tasks in the store. However, collaborative filtering has developed many techniques
to deal specifically with missing ratings. We may be able to avoid rating all features on all
items in the store, potentially allowing for a larger store by decreasing the computational
cost of each feature and task. More intriguingly, we could consider mixed-modes tasks, where
some features are invalid on some tasks (e.g., image features are invalid on a motion capture

task). Another interesting question is, given that we can rate features on tasks on demand,
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whether we can intelligently choose, on-line, which features to rate on which tasks next, in
order to produce the most useful ratings store. If we find that the computational cost of fully
evaluating all features on all tasks is too large, we will need to pursue this research topic in

order to be able to scale to the promised large numbers of features and tasks.

On-line recommendations: We have already suggested that it may be possible to make rec-
ommendations for very small target datasets. Additionally, collaborative filtering techniques,
built for retail recommendation to end users, are often designed to be very fast. The combi-
nation of these two traits suggests that we may be able to make on-line recommendations for
features. For example, given just a few frames of a person’s face from a live camera, could we
recommend a set of features that would then track that person well? Given a few instances of
a person performing an arbitrary gesture live, could we learn features to subsequently detect

that feature?

Time-constrained feature recommendation: We can consider adding constraints, such as run-
time constraints, to the recommendation system, so that it can produce recommendations
fulfilling a certain time-budget. All too often vision algorithms are proposed with little con-
cern for their run-times, beyond the researchers being able to run sufficient experiments to
populate their papers. This means that computationally efficient features are frequently com-
pared against expensive ones, to the detriment of the faster features. Yet in the same time it
takes to evaluate an expensive feature, many cheap ones could be evaluated, and this raises
the question of whether it is better to build an ensemble classifier of cheap features rather
than using a monolithic expensive feature. Our proposed feature recommendation framework
gives us an algorithmic way to answer that question, since we can use time-constrained fea-
ture recommendation to recommend the best set of features which jointly meets some time

constraint.

4.7.1 Active task generation

So far we have discussed the tasks used for filtering as if they are fixed. However, since the tasks

used for filtering are synthetically generated, we can consider actively generating more tasks to

improve the predictions for a given real task. Suppose that each synthetic task was generated by
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a universal generator parametrized by 0, so that each generated task T} is associated with the
parameter vector #; used to generate it. Then, given a real dataset 7", the goal is to produce more

datasets in the neighborhood of T".

The simplest approach is to find neighbors of 7" in performance space, and then generate more

datasets by randomly perturbing the 6 vectors of those neighbors.

Assume that 7" corresponds to some parameter vector 6’ that would produce a dataset with the
performance characteristics closest to D’. Then, suppose that the performance distance between

D' and a given dataset T} is given by

ay(T', 1) = (6~ 6,)7 Q6 — 6;) + C. (23)

where @ is a symmetric positive semi-definite matrix and C' is a constant. This model assumes
that the distance in performance space between two datasets is their distance in parameter space
after some non-uniform scaling. The parameter vector €’ is recovered by fitting a quadratic. After
0" has been estimated, more datasets can be generated using that parameter vector, and the process

can be iterated if desired.

4.7.2 Probe set selection

Up to this point we have simply assumed that on the target dataset some features have been rated,
without paying particular attention to how that set of rated features was chosen. In recommender
systems for humans, this is a reasonable assumption, because the systems have little control over
what people choose to rate. However, in our case we do not have to passively accept some externally
driven set of ratings, but rather we can actively choose which features are chosen to be in the probe
set. An interesting problem is then how to choose our probe set to maximize the accuracy of our

predicted ratings on the remaining items.

4.7.3 Constrained feature selection

Suppose that we wish to select the best set of features under some computational constraint (e.g.,

limited computation time). We model the cost of our feature selection as the sum of individual,
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or marginal, feature costs ¢;, and group, or fixed, costs gr. The marginal cost is incurred on an
individual feature basis, while the group cost is only incurred once if any of the features in that
group are chosen. For example, if we have a mix of candidate features, so that some are features
computed from STIP descriptors, while others are features computed from trajectories, then all
the STIP features would belong to a group whose cost was the time to process video for STIP
descriptors, and likewise for the trajectory based features. The individual cost of each feature

would be the marginal time to compute that feature from the pre-computed descriptors.

Then, we can formulate the problem of choosing features as a mixed integer linear program.
Let the variable s; = 0,1 indicate whether feature ¢ is chosen, and r; correspond to the predicted
rating of that feature. Then, we introduce intermediate variables z; indicating whether a group k

has any features chosen from it, which is expressed through constraints as

Vi € grzi > S;. (24)

The objective function is simply to maximize the sum of the ratings under the constraint that

the total costs are less than a cost budget C, so that
maerisi, (25)
i

and

Z ZLgk + Z s;c; < C. (26)

k
Note that this is a variant of the knapsack problem, and is NP-complete to solve exactly. How-
ever, there are reasonable approximation algorithms, and modern integer program solvers can often

deal with problems of this size despite their worst-case complexity.

4.7.4 Feature set recommendation

In order to recommend sets of features rather than features independently, some model must be
assumed for how features affect each other’s accuracies. For example, we might consider using a
pairwise model in which the total accuracy is some function of the sum of the individual feature
accuracies, plus terms accounting for pairwise interactions between features. The downside to such

a model, and indeed to most models, is that the number of parameters to be estimated is very large,
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on the order of the square of the number of features. Since the proposed work considers candidate
pools of 10,000+ features, this is a prohibitively large number of parameters to estimate. Simpler

models will need to be sought.

One straightforward simplification is to consider pairwise effects between groups of features.
Features would be clustered into a greatly reduced number of clusters based on their individual

ratings, and pairwise effects estimated only between clusters.
Group accuracy model:

In the absence of any more compelling theoretical model, we propose to model the accuracy of

a set of features be modeled as

ai(F) =1 — e~ Z(P), (27)

where Z(F) = > feF a(f), and «; is a task-specific decay parameter. This models simple expo-
nentially decaying marginal returns from additional features. The immediate consequence of this
simple model is that, ignoring feature synergies and redundancies, the best set of k features to

select is simply the top k rated. It is simple to experimentally validate this model.

4.8 Risks

Here we identify major risks and how we plan to mitigate them.

e Feature correlations only valid on tasks in store: A possibility is that the tasks in the store
are simply too distant from the target task, and so the feature performance correlations in
the store do not hold for the target. Possible ways to mitigate this are to seek out store data
that more closely resembles the target, such as by using real data (YouTube clips), or using

active synthetic generation to try to tune the type of generated synthetic data to the target.

e Feature correlations are weak: A more likely scenario is that the performance correlations
between features are weak. This is more likely using lightweight features which already have
poor individual performance. Ways to mitigate this include considering heavyweight features,
which are more powerful, and more likely to correlate, and using more sophisticated machine

learning at the end combined with larger recommendation sets. For example, a large set of
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features could be recommended, and then an additional layer of feature selection or multi-task

learning used to further prune that feature set on the real data.

e High computational costs: A practical concern is that evaluating hundreds of thousands of
features on thousands of tasks may be too computationally expensive to be practical. To mit-
igate this, computational cost must be a priority in feature implementation. Additionally, we
can consider using and designing features to take advantage of shared computation wherever

possible (such as motion features all using the same base optical flow calculation results).

5 Proposed Work: Layered Bag-Of-Words

In the second part of our proposed work we suggest how hierarchy might be added on top of generic
features by using data sources with more detailed annotations (e.g., synthetic data) to guide the
generation of mid-level features. In particular, we introduce a framework that builds a layered
representation on top of standard bag-of-words techniques; we refer to this method as layered bag
of words (LBOW). The organization of this section is the same as that of the previous: we begin
with an overview and introduction, proceed to established methods, follow with an experimental

plan, and conclude with directions for research and risks.

In the previous part we described how a store of information (feature ratings) built from het-
erogeneous tasks could be used to help select or recommend features for a vision task. However,
a system built from simple features recommended in such a fashion is still fundamentally ‘flat’,
that is, that features do not really build on one another, but are instead independently evaluated
and only combined at the end. It is our suspicion that such flat systems will be always be limited
in their predictive power, and that eventually truly layered systems will be necessary to tackle
the most challenging vision tasks. In this section we describe a framework which augments the
traditional bag-of-words framework into a hierarchy. We suggest that randomly generated layered
bag of words classifiers could themselves be used as input to our previous proposed work of feature
recommendation; when used in this manner, many such models would be recommended and then
combined into an ensemble classifier, similar to the screening approach of Pinto et al. [89]. Ad-
ditionally, we suggest that the intermediate layers might be learned as features that target more

detailed annotations (e.g., part labels) available in some datasets, but not the target task. For
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(c) (d)

Figure 13: Each layer of layered bag-of-words reduces the set of descriptors by first partitioning the set of
descriptors into groups, and the producing one descriptor from each group which summarizes the content of
that group. Here descriptors (in this case, image region based descriptors) are successively merged and then

described with histograms.

example, the detailed, pixel-level annotations of synthetic data might be used to learn mid-level
features in a layered representation. In this way we can fulfill our stated contribution of being able

to take advantage of differing levels of annotation detail.

5.1 Notation

In this section we refer to descriptors, which are distinguished from the features of the previous
part (feature recommendation) chiefly by being variable in number. That is, each feature of the
previous section is an opaque function that computes some value from a data sample (video); the

internal workings of the feature are hidden, but it has known, fixed input and output dimensions.
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In contrast, a descriptor is also produced from a data sample, but data samples may produce
variable numbers of descriptors. For example, a corner detected by a Harris corner detector is
(in this terminology) a descriptor, while the count of corners in a video is a feature. The Harris
corner detector itself might be termed a descriptor extractor, but we will often refer to descriptor
extractors simply as descriptors, letting the part stand in for the whole. While the number of
descriptors produced by the extractor may be variable, each individual descriptor is still a fixed

size vector.

A frequently occurring case is that descriptors contain two parts: a spatio-temporal location
in a video, and some other, descriptor-specific, part. For example, a corner detector produces
descriptors which are described by their location and (potentially) their strength. STIP [4] interest
points likewise have a location, and in addition a HOG/HOF descriptor of the video around that
location. Although the location is simple a tuple of numbers, and could thus be considered part of
a generic descriptor, this type of localized descriptor occurs sufficiently frequently that we give it

special treatment. We refer to these types of descriptors as local descriptors.

Note that a descriptor (that is, a descriptor extractor) may be easily turned into a feature by
simply counting the number of descriptors produced on a video. Less easily, but still generically,
a descriptor may be turned into a feature by first quantizing the produced descriptors, and then
producing a histogram of those quantized descriptors. The inverse process of turning features into

descriptors is not as straightforward.

As another special case, often unsupervised image segmentation methods (for example, segment-
ing the video into superpixels/supervoxels) are used to produce image regions. The image data in
the region can be considered in any function that takes as input a descriptor, and likewise, when
descriptors are grouped together, the resulting descriptors region should be the union of all its
component descriptors. For image/video regions, adjacency is often an important concern (e.g.,
only adjacent regions should be able to merge), and we denote the set of adjacent regions by N, so
that {i,j} € N if d; and d; have regions adjacent to one another. In the case of descriptors without

associated regions, N can be assumed to be fully populated by all pairs.
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Figure 14: Independent vs. joint grouping and description. In the top row, descriptors (here, image regions)
are first grouped according to similarity between adjacent descriptor regions (thicker lines indicate higher
similarity). Each merged region is then described with the best label for that region, each label represented
by a colored dot, its affinity for that region represented by its size. In the bottom row, descriptors are
grouped and described jointly, using an energy minimization optimization. Line thickness indicates the cost
of grouping descriptors together (assigning them the same label), while dot sizes indicate costs for assigning
labels to descriptors. The label assignment minimizes the sum of the costs, or the energy. Note that the

pairwise costs (potentials) can depend on the labels as well, however this is difficult to illustrate.

5.2 Methods

We introduce a framework we denote layered bag of words. This framework is very generic, capable
of representing a vast range of possible layered techniques. As such, it is not meant to be taken as
a practical suggestion for how a system might be constructed, but rather as a theoretical guide in

which to consider various possibilities for the inclusion of hierarchy.

Traditional one-layer bag of words can be seen as a two-stage process, in which first all the
descriptors are grouped into one set, or collection, and then that collection is described using k-
means to summarize its contents. Layered bag of words extends this model to multiple layers, in
which each layer consists of a grouping stage, in which the current descriptors are grouped into

a variable number of collections, and a description stage, in which each collection reduced to a
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descriptor (see Figure 13). Each such layer serves to aggregate and transform the information in
the scene, until an optional final layer collapses all the remaining descriptors down into a single

feature which can be used in many traditional machine learning techniques.

As a simplified example, consider Figure 13. The base descriptors are trajectory snippets ex-
tracted from the scene with an image patch tracker (KLT tracker [101]), as in Appendix A. In the
first grouping stage, a superpixel segmentation on the image is used to group nearby trajectories
together. These resulting collections are then described by quantizing the trajectories into station-
ary, moving left, or moving right, and then computing a histogram. Thus, after the first layer the
scene is composed of a number of descriptors, where each descriptor is itself a histogram. In the
next layer, descriptors are first grouped by merging adjacent descriptors with similar histograms.
Then, the collections produced by this merging process are described by simply summing their
histograms. In the third layer, descriptors are merged according to a more complicated rule which
allows descriptors representing motion to merge, while discouraging merges between descriptors
containing motion and those without. These collections are then described by quantizing the his-
tograms into four categories: stationary, leftward motion dominant, rightward motion dominant,

nconsistent motions.

In order to constrain the flexibility of this framework into a form that may be more manageably
investigated, we consider two possible approaches to building grouping and description stages—
independent grouping and description, in which the grouping stage and description stage proceed
consecutively, governed by independent mechanisms, and joint grouping and description, in which

optimization is used to jointly group and describe the descriptors.

5.2.1 Independent Grouping and Description

We treat the problem of grouping the descriptors in the scene, considered independently of describ-
ing them, as a clustering problem. As such, many different techniques can be used. In the simplest
case, we can use k-means or mean-shift clustering on the descriptors (if the descriptors are local
descriptors, then this will take into account spatio-temporal proximity). However, in a more general
case we can define an arbitrary distance function g(d;, d;) : R* x R* — R between two descriptors

and then; we can cluster the descriptors in this case using spectral clustering methods [102]. Note
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that since spectral clustering techniques cluster nodes (descriptors) with stronger similarity, rather
than lower distance, we must transform our distance metric into an affinity, for instance using a
Gaussian:

s(di,dj) = exp g(d;, d;)*/(207), (28)

where o is a parameter controlling the relationship between similarity and distance. Of course, we

can learn or randomly generate the similarity function s(d;, d;) : R* x R* — R itself.

For the description stage, initially we propose to either again use clustering or vector quantization
techniques on the descriptors, and from the quantized descriptors produce histograms, or to use
the generalized histograms we introduced in Section 3.4.1. The former (histogram generation from
clustering) has the benefit of reducing the need for annotated data, while the latter (generalized
histograms) is more flexible. The latter technique can benefit from detailed annotations in training
data, since the screening/filtering process used in the preliminary work (Section 4.2) can be applied
to select a quantization scheme for the generalized histogram that best allows the prediction of the

detailed annotations. This process is illustrated in the top row of Fig. 14.

Using unsupervised learning for the intermediate layers is not without precedent, as Pinto et
al.take this approach in [89], using unsupervised techniques to learn the middle layers of models.
Interestingly, in a later work [1] they abandon unsupervised learning in favor of random intermediate

features.

5.2.2 Joint Grouping and Description

We can combine the grouping and description stages by formulating them as an energy minimization
problem. Energy minimization methods are a popular choice for image segmentation [47]. In this
formulation, the goal is to assign a label I; to each descriptor d; € D, such that the total energy is
minimized, where that energy is formulated as
E= ) Vili,l)+ > Ui, (29)
{i,j}eN dieD
and N is the set of interacting descriptors, V; ; is a pairwise penalty, and U; is a unary penalty.

If we have no supervised data for intermediate features, we can simply consider randomly generated
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penalty functions. That is to say, we can consider the unary penalties to be functions of the form
Ui(l) = fuldi), (30)

which is to say that each label is associated with a function f; that computes the penalty of assigning
that label to a given descriptor. This function might be randomly generated as a RBF classifier, as

per Section 3.4.1. This energy minimization approach is illustrated in the bottom row of Fig. 14.

We could use the same strategy for the pairwise penalties, creating one penalty function for each
possible pair of labels, however that is likely to result in an excessive number of functions (e.g.,
with 100 labels, this would require 10,000 functions). Instead, we might consider using only one

universal pairwise penalty function,
Vij(l,m) = (g(di, dj) - I(I # m)) + vim, (31)

where g(d;,d;) is a penalty function for assigning different labels to the descriptors d; and dj,
and vy, is a penalty term for assigning two neighboring descriptors the labels [ and m. In this
formulation, it is only necessary to generate (or learn) the single penalty function g, and generate
(or learn) the pairwise label penalty matrix V', where Vj; = v;,,. The function g can be randomly
generated as an RBF classifier, and the matrix V' can simply be generated as a random symmetric

matrix with all positive entries.

With detailed annotations, it is also possible to learn the pairwise and unary penalties, for
example, by treating the problem as a conditional random field (CRF). CRF's are frequently used
for such purposes [43], where the goal is to label pixels of the image from a set of labels, and where
supervised training data is available to learn the probabilistic association between local/region

descriptors and labels.

A further possibility is to learn the pairwise costs between labels using a formulation similar to

that of the pairwise descriptors we considered in [28]; in this case,
Vij(l,m) = —log(P(d; = 1,d;j = m, x;,x)), (32)

where z; and x; are the locations of the local descriptors d; and dj, respectively, and the the
probability term P(.) can be represented and learned in a manner similar to that of our previous

work [28].
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5.2.3 Feature distance or similarity from synthetic data

Either of the two previous approaches can take advantage of a distance or similarity function
between descriptors. With sufficiently detailed annotated data, these types of functions can be
learned directly. Suppose the synthetic data has parts level annotation, so that it is possible to tell
whether two local descriptors belong on the same part. Then, given input local descriptors, we can
simply use supervised learning to learn a classifier that determines whether those local descriptors
are present on the same part. With appropriate transformations (e.g., inverted in some way for

distance), the output of this classifier can be used as a distance or similarity function.

This method is intuitively appealing because it tries to group features according to the parts-
level semantics of the training data. Additionally, it is relatively simple, and the training data is
readily available. However, care must be taken in the actual clustering from this affinity, since the
learned classifier is likely to produce very noisy results. Additionally, the relative inflexibility of
this method may be detrimental for the lower layers, where there might not actually be sufficient

information in the descriptors to learn such distance / similarity classifiers with any accuracy.

5.2.4 Iterative Screening

In the previous two sections we suggested that the grouping and description layers could either
be randomly generated, and then the whole randomly generated layered representation could be
treated as a feature for feature recommendation, or that layers could be learned using detailed
annotations (for instance, from synthetic data) as a guide, using standard learning techniques. As

a third possibility, we suggest an approach we call iterative screening, continuing in the line of [89].

In iterative screening, at each iteration a number of random new candidate layers are generated.
Fach candidate is evaluated by constructing a layered representation consisting of the previous layer
stack, followed by the candidate layer, followed by a stage that groups all the descriptors together
and then describes them using histograms of k-means labels. The best new candidate layer, that
is, the one with the highest aggregate performance on the evaluation data (synthetic, or real but
plentiful) as per Section 4.2, is accepted, and the total representation becomes the previous layer

stack combined with the new candidate layer.

In this way, the layered representation grows by one layer each iteration, where that layer is
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greedily chosen from a random candidate pool to maximize performance on a number of training
tasks. Growth can be terminated when either a desired number of layers is reached, or when

performance has peaked when measured on separate validation data.

5.3 Experimental Plan

For evaluation of these layered methods we focus on the task of action recognition, since compared
to the face recognition task we have better synthetic data from which to learn intermediate features,
and more diversity in tasks. The metric is simply performance on the target task; unlike feature
recommendation, there is no middle result (like feature ratings) to evaluate. The evaluation datasets
can be UCF-YT, MindsEye, and potentially Rochester Daily Living, although the standard caveats

about that dataset apply.

5.3.1 Random model generation vs. Guided learning vs. Iterative screening

A main experimental goal is to determine which method of intermediate layer generation produces
the best results when built on synthetic data and then applied to real evaluation tasks. In random
generation, full LBOW models are randomly generated and then used as features in feature recom-
mendation to produce an ensemble classifier. In guided learning, the LBOW models are generated
using supervised learning to produce intermediate layers that attempt to find the parts present in
the synthetic data annotations. In order to build a candidate pool of models, this procedure can
be repeated many times, using different sets of synthetic data to guide the intermediate layers. For
initial experiments, these parts will simply be limbs. Iterative screening attempts to iteratively
screen for LBOW models that perform well on the synthetic data; since the screening operates
on random layers, this procedure can be repeated to build a candidate pool of distinct iteratively

screened models.

As a practical matter, the latter two techniques require building candidate pools by repeated
evaluation, which in the case of iterative screening could be costly, and will likely limit the size
of the candidate pool that can be produced in such a manner. To mitigate that, the candidate
pool for iterative screening could be produced by including all failed candidates at each level of

iteration: this will produce a pool containing LBOW models of various depths, but will require no
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additional evaluation. However, if iterative screening is too slow to build a viable candidate pool,
and the larger pools of the other techniques outperform iterative screening, then that would be a

valuable result in itself.

5.3.2 Effect of number of layers

We suspect that layered methods should outperform flat (single layer) approaches, but this remains
to be tested empirically. Furthermore, there is no theoretical reason to expect that any particular
number of layers should produce the best performance; that is a question that must be answered
experimentally as well. It remains to be seen whether the best performance is obtained with
relatively few or many layers; indeed, it is entirely possible that performance continually improves,

limiting to but never reaching some final maximum.

5.3.3 Random description vs. unsupervised description

Another question that remains to be answered is whether random description functions are prefer-
able to unsupervised learning (clustering/quantization); Pinto et al. [89] favor the former, with
the claim that randomized intermediate features perform approximately as well as ones learned

through unsupervised techniques.

5.3.4 Joint vs. independent grouping and description

Given the popularity of CRF inspired segmentation and labeling techniques, it will be interesting to
know whether joint grouping and description outperforms independent grouping and description.
These methods can be compared in multiple ways. First, it should be tested whether randomized
grouping and description demonstrates any difference when performed jointly or independently.
Second, the more important experiment is to compare the performance of a joint grouping and
segmentation learned (for example, by CRF techniques) from the detailed annotations to the per-
formance of random independent grouping and description, and guided independent grouping and

description.
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5.4 Research Topics

We have identified three main research topics in LBOW:

e Layer representations: We have suggested a few possibilities for grouping and description
functions, however in the general framework these are much less restricted. An area of

research is considering alternative representations for these operations.

e Incorporating external descriptors at higher levels: In the proposed framework, external
descriptors (e.g., STIPs, trajectory fragments) are only used as the base descriptors at the
first level; at higher levels, descriptors are produced purely by merging and describing existing
descriptors. This means that the layered representation only leverages existing features at
the very bottom. Ideally, it would be possible to incorporate other descriptors at all levels of

the layered representation; investigating ways to do so is a research area.

e Recommending layered representations: The proposed LBOW incorporates into the proposed
feature recommendation only by considering each LBOW model to be a feature in itself.
However, an interesting, but as yet uninvestigated, possibility is to be able to assemble a
layered representation through recommendation, so that rather than recommending an entire
layered representation as a monolithic feature, separate layers are assembled together into
a hierarchy by recommendation. This is a challenge because the feature recommendation
assumes that features can be evaluated independently, whereas the proposed layers in the

representation are more tightly coupled.

5.5 Risks

The two major risks in the proposed LBOW framework are that the LBOW models generated
through supervision of various sorts will overfit to the training data, and hence perform poorly on
the real data, and that the randomly generated models will simply perform poorly on everything,
and hence even clever ensembles of recommended layered representations will fail. To mitigate
the first, we can consider a wide variety of synthetic data, or, in the supervision models that
require less detailed annotation (iterative screening), real data can be used (e.g., coarsely tagged

YouTube clips). In the worst case, and as a sanity check, we can consider the Facebook data, where
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there is sufficient real data that we have sufficient data that even half is enough to screen on. To
mitigate the second risk, that randomized LBOW models will have overall poor performance, we
can potentially consider search based methods rather than screening (e.g., randomized gradient
descent, genetic/evolutionary algorithms) to focus the effort of the random generation on models

that are more likely to perform well.

6 Timeline

Summer 2011: Basic feature recommendation, infrastructure development.

Fall 2011: Feature recommendation.

Winter 2011: Layered BOW.

Spring 2012: Layered BOW, begin writing thesis.

Summer 2012: Write thesis. Defense.

7 Statement of Work

We will undertake the following work (optional goals and areas of research in parenthesis):

Feature recommendation through collaborative filtering

Feature set recommendation

(Time-budget constrained feature recommendation)

(On-line feature recommendation)

Layered bag-of-words (LBOW)

e (Incorporating external descriptors into LBOW)

(Multi-level recommendations)
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8 Conclusion

We have proposed how synthetic data, or other heterogeneous labeled data, might be used in a
feature recommendation framework in order to efficiently select, or recommend, features that are
likely to perform well on a target task. In addition, we have described how layered representation
might be built on top of the standard bag of words framework, and we have described how these
hierarchies might be selected using synthetic data, or have their intermediate layers learned by
targeting detailed annotations present in the synthetic data. We suggest that these layered bag of
words models could themselves be considered features for feature recommendation, so that collec-
tions of such models could be recommended and assembled into ensemble classifiers. Ultimately, it
is unlikely that the hard problems of vision will be solved by any one method on any one task, but
instead by a robust collection of methods built across many tasks. This work takes crucial steps
in that direction by exploring how large amounts of mixed data might be used to build a store of

algorithmic intuition.
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9 Appendix A: Trajecton motion descriptors

Here we describe a simple trajectory-based motion descriptor for video; this descriptors is described
more fully in our papers [27, 28]. These descriptors are quantized, local descriptors, so that each
descriptor extracted from a video can be expressed as a tuple of (z,v,,1), where x,y,t specify the

spatio-temporal location of the descriptor, and [ is the discrete label assigned to the descriptor.

Figure 15: Simple KLT feature tracking is used to track as many features as possible within a video.
Each tracked point produces a fixed length trajectory snippet every frame consisting of the last L

(usually ten) positions in its trajectory. These snippets are quantized to a library of trajectons.
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Figure 16: Sequencing code map (SCM) quantization breaks a trajectory fragment into a number
of stages (in this case three) that are separately quantized according to a map (in this case a 6-way
angular map). These per-stage labels, called sequence codes, are combined into a final label for the

fragment, which in this case would be 2156 = 831¢.

9.1 Patch Tracking and Trajectory Snippet Production

A standard KLT tracker is used to track image patches (using “good features to track”) over a
video. In our implementation, we track a fixed number of points (typically 100 to 300), with tracks
replaced as necessary when lost. The output of this tracking is a trace of (z,y) pairs for each
tracked point. For convenience of notation, we can assume that indices are never reused; then we

. .y e . t t t
can express a point ¢’s position at time ¢ as X; = (a?i, yi).

Then, for each frame, each track that exists during this frame produces a trajectory snippet
that consists of the discrete derivatives of the point’s locations in time. In other words, given a

frame time ¢ and point ¢, and a maximum snippet length L, the trajectory snippet produced is:
Tit = {th - Xf_lef_l - Xf_27 te 7Xf_L+1 - Xf_L}7

where if X does not exist for a given time any terms containing it are set to zero.

Since X; includes both x and y position, the full flattened vector will be of length 2L. If the
number of tracked features is fixed at n, and a video has f frames, this means that the total
number of trajectory snippets (and hence eventually trajectons) will be nf. Also, note that if a
point is tracked for longer than L frames, every window of size L in that trajectory produces its

own snippet.
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9.2 Trajectory Snippet Clustering and Quantization

These trajectory snippets are quantized to a set of labels. One method is to cluster a training set
of snippets using k-means with the standard FEuclidean distance metric into k£ clusters, and then
store the cluster centers in a library of k trajectons [27]. Trajectory snippets are then quantized
using this library by assigning each trajectory snippet the index of the trajecton to which it has

the smallest Euclidean distance.

In a later work [28] we introduced an alternative, fixed quantization scheme, which we called
sequencing code map (SCM) quantization (see Fig. 16). In this method, each trajectory fragment
is divided into s consecutive stages of length ¢ frames, such that st < T', where T is the total length
of the fragment. The total motion, or summed derivative, of each stage is computed as a (dz,dy)x
pair for each stage. This (dz,dy) vector is quantized according to a lookup table into one of n
stage labels, or sequence codes; the s sequence codes are combined to produce a single combined
label that can take on s™ = k values. For example, with 3 stages and an SCM containing 8 bins,
there would be 8 or 512 labels total. Since the time to quantize a stage is a single table lookup
regardless of how the table was produced, this method is extremely computationally efficient (i.e.,

the computation time does not grow with an increasing number of quantization bins).

Formally, we denote by M (dz, dy) the SCM function, which is implemented as a two-dimensional
lookup table that maps from a dz,dy to an integer label in the range of 0 to n — 1 inclusive.
We denote by (dz,dy)s the derivative pair for stage s. Then the assigned label is given by [ =
>imon - M(dxj, dy;).

Note that neither of these approaches makes any attempt to explicitly induce scale invariance,
either spatial or temporal. If a particular action occurs at different scales or speeds, then instances
of that action are initially represented by different sets of trajectons, and it is at the classification
stage that these instances are grouped together under a single label. This idea is consistent with
typical bag of words approaches and allows the representation to discriminate between similar types

of motion when necessary (e.g., , running vs.jogging).
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