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Abstract: A large number of loosely labelled web videos (e.g., from YouTube) and web images (e.g., from Google/Bing
image search) are leveraged for visual event recognition in consumer videos without requiring any labeled consumer
videos. This task is formulated as a new multi-domain adaptation problem with heterogeneous sources, in which the
samples from different source domains can be represented by different types of features with different dimensions (e.g., the
SIFT features from web images and space-time (ST) features from web videos) while the target domain samples have all
types of features, we propose a new transfer learning method, referred to as Adaptive Multiple Kernel Learning (A-MKL),
in order to 1) fuse the information from multiple pyramid levels and features (i.e., space-time features and static SIFT
features) and 2) cope with the considerable variation in feature distributions between videos from two domains (i.e., web
video domain and consumer video domain). For each pyramid level and each type of local features, we first train a set of
SVM classifiers based on the combined training set from two domains by using multiple base kernels from different kernel
types and parameters, which are then fused with equal weights to obtain a pre learned average classifier. In A-MKL, for
each event class we learn an adapted target classifier based on multiple base kernels and the pre learned average classifiers
from this event class or all the event classes by minimizing both the structural risk functional and the mismatch between
data distributions of two domains. Extensive experiments demonstrate the effectiveness of our proposed framework that
requires only a small number of labelled consumer videos by leveraging web data.
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the end, the videos are represented with multiple feature
vectors acquired from different feature channels. We are
particularly interested in human action classification in
the real-world, i.e. in unconstrained video sources like
YouTube. Moreover, there may be more than one person
or moving object in the video, and only a subset of the
detected regions are involved in the action. Our aim is to
be able to train our action models in the presence of such
diverse conditions. Our proposed framework is shown in
Fig. 2 and consists of two contributions. First, we extend
the recent work on pyramid matching [1], [4], [5], [12],
[13] and present a new matching method, called Aligned
Space-Time Pyramid Matching (ASTPM), to effectively
measure the distances between two video clips that may

1.INTRODUCTION

This Action recognition “in the wild” is often a
very difficult problem for computer vision. When the
camera is non-stationary, and the background is fairly
complicated, it is often difficult to infer the foreground
features and the complex dynamics that are related to an
action. Moreover, motion blur, serious occlusions and
low resolution present additional challenges that cause
the extracted features to be largely noisy. Under such
challenges, we argue that the features of the scene and/or
moving objects can be used to complement features
extracted from people in the video. In this work, our aim
is to capture such relationships between objects, scenes

and actions. Our approach starts with extracting a large
set of features for describing both the shape and the
motion information in the videos. All the features are
extracted densely, allowing spatial and temporal overlap,
and we operate over tracks when the temporal continuity
is available. We do not use any explicit object detectors,
but treat each moving region as an object candidate. In
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be from different domains. Specifically, we divide each
video clip into space-time volumes over multiple levels.
We calculate the pair-wise distances between any two
volumes and further integrate the information from
different volumes with Integer-flow Earth Mover’s
Distance (EMD) to explicitly align the volumes. The
second is our main contribution. For this purpose,
formulate a new transfer learning method, referred to as
Adaptive  Multiple  Kernel Learning (A-MKL).
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Specifically, we first obtain one pre-learned classifier for
each event class at each pyramid level and with each type
of local feature, in which existing kernel methods can be
readily employed. In this work, we adopt the pre-learned
average classifier by equally fusing a set of SVM
classifiers that are pre-learned based on a combined
training set from two domains by using multiple base
kernels from different kernel types and parameters. For
each event class, we then learn an adapted classifier
based on multiple base kernels and the pre-learned
average classifiers from this event class or all event
classes by minimizing both the structural risk functional
and mismatch between data distributions of two domains.
We test our approach over the extensive YouTube
dataset provided by Liu et al [3], and the results
demonstrate that the proposed framework effectively
combines different and noisy feature channels for
accurate human action recognition.

Consumer YouTube Consumer YouTube

(a) “picnic’ (b) “sports"

Fig.1. Four sample frames from consumer videos and
YouTube videos. Our work aims to recognize the events
in consumer videos by using a limited number of labeled
consumer videos and a large number of YouTube videos.
The examples from two events (i.e.,“picnic” and
“sports”) illustrate the considerable appearance
differences between consumer videos and YouTube
videos, which poses great challenges to conventional
learning schemes but can be effectively handled by our
transfer learning method A-MKL.
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Fig.2. The flowchart visual event recognition
framework. It consists of an aligned space-time pyramid
matching method that effectively measures the distances
between two video clips and a transfer learning method
that effectively copes with the considerable variation in
feature distributions between the web videos and
consumer videos.
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2.RELATED WORK

Human action recognition has been a very
active research topic over the recent years. This makes
the comprehensive listing of the related literature
impossible, while presents an extensive review of the
subject. Some of the recent works include In most of the
earlier works, the focus is on simpler scenarios, where
the background was stable and the foreground human
figure is easy to extract. However, this scenario is hardly
realistic; videos from the real world are fairly
complicated, especially when taken in uncontrolled
environments. Some recent approaches try to deal with
such complex scenarios .Joint modelling of object and
action interactions has been a recent topic of interest.
Moore et al.’s work is one of the earliest attempts to
consider actions and objects together. They use belief
networks for modelling object and hand movements
extracted from static camera sequences. try to improve
the localization of both objects and actions by using a
graphical Bayesian model, .use movie scripts as
automatic supervision for scene and action recognition in
movies. They assume that the objects related to each
action are known beforehand and corresponding object
detectors are available. In our case, we do not rely on
explicit object detectors and try to discover related
objects in an unsupervised manner. We consider each
moving region as a candidate object region and we
utilize shape and motion descriptors for all candidate
regions. While doing this, we have no explicit knowledge
about their class membership.

3.ALIGNED SPACE TIME PYRAMID MATCHING

Pyramid matching algorithms were proposed for
different applications, such as object recognition, scene
classification, and event recognition in movies and news
videos [1], [4], [5], [12], [13]. These methods involved
pyramidal binning in different domains (e.g., feature,
spatial, or temporal domain), and improved performances
were reported by fusing the information from multiple
pyramid levels. Spatial pyramid matching [5] and its
space-time extension [4] used fixed block-to-block
matching and fixed volume-to-volume matching (we
refer to it as unaligned space time matching),
respectively. In contrast, our proposed Aligned Space-
Time Pyramid Matching extends the methods of
Spatially Aligned Pyramid Matching (SAPM) [12] and
Temporally Aligned Pyramid Matching (TAPM) [13]
from either the spatial domain or the temporal domain to
the joint space-time domain, where the volumes across
different space and time locations can be matched.
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Similarly to [4], we divide each video clip into 8' non-
overlapped space-time volumes over multiple levels, I=
0,...,L-1, where the volume size is set as 1/2' of the
original video in width, height, and temporal dimension.
Fig.3 illustrates the partitions of two videos Vi and Vj at
level-1. Following [4], we extract the local space-time
(ST) features, including Histograms of Oriented Gradient
(HOG) and Histograms of Optical Flow (HOF), which
are further concatenated together to form lengthy feature
vectors. We also sample each video clip to extract image
frames and then extract static local SIFT features [8]
from them.

Our method consists of two matching stages. In
the first matching stage, we calculate the pair-wise
distance D,. between each two space-time volumes V; (r)
and V;(c), wherer,c=1, ... R, with R being the total
number of volumes in a video. The space-time features
are vector quantized into visual words and then each
space-time volume is represented as a token-frequency
feature. As suggested in [4], we use Xx° distance to
measure the distance D,. Noting that each space-time
volume consists of a set of image blocks, we also extract
token-frequency features from each image block by
vector quantizing the corresponding SIFT features into
visual words. And based on the token-frequency features,
as suggested in [13], the pair-wise distance D,. between
two volumes V; ( r) and V; ( c) is calculated by using
EMD [9] as follows:
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where H, | are the numbers of image blocks in V; (1), V;
(¢), respectively, d,, is the distance between two image
blocks (Euclidean distance is used in this work), and f,,
is the optimal flow that can be obtained by solving the
linear programming problem. In the second stage, we
further integrate the information from different volumes
by using integer-flow EMD to explicitly align the
volumes.

Theorem 1 ([18]): The linear programming problem,
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will always have an integer optimal solution when solved
by using the Simplex method. In the next section, we will
propose a new transfer learning method to fuse the
information from multiple pyramid levels and different
types of features.
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Fig.3. lllustration of the proposed Aligned Space-
Time Pyramid Matching method at level-1: (a) each
video is divided into eight space-time volumes along the
width, height, and temporal dimensions. (b) The
matching results are obtained by using our ASTPM
method. Each pair of matched volumes from two videos
is highlighted in the same colour.

4 ADAPTIVE MULTIPLE KERNEL LEARNING
(AMKL)

The New transfer learning method to learn a
target classifier adapted from a set of pre-learned
classifiers as well as a perturbation function that is based
on multiple base kernels. In Adaptive SVM (ASVM)
[14], the target classifier f'(x) is adapted from an existing
classifier fA(x) (referred to as auxiliary classifier) trained
based on the samples from the auxiliary domain.
Specifically, the target decision function is defined as

follows:
71x) = (%) + Af(x)

where Af(x) is called a perturbation function that is
learned by using the labeled data from the target domain
only. The pre learned classifiers are used as prior for
learning a robust adapted target classifier. In A-MKL, the
existing machine learning methods (e.g., SVM, FR, and
so on) using different types of features (e.g., SIFT and
ST features) can be readily used to obtain the pre learned
classifiers. Moreover, in contrast to A-SVM which uses
the predefined weights to combine the pre learned
auxiliary classifiers, we learn the linear combination
coefficients of the pre learned classifiers in this work,
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where P is the total number of the pre learned classifiers.
Specifically, we use the average classifiers from one
event class or all the event classes as the pre learned
classifiers. We additionally employ multiple predefined
kernels to model the perturbation function in this work,
because the utilization of multiple base kernels instead of
a single kernel can further enhance the interpretability of
the decision function and improve performances. We
refer to our transfer learning method based on multiple
base kernels as A-MKL because A-MKL can handle the
distribution mismatch between the web video domain
and the consumer video domain.

6.EXPERIMENTAL RESULTS

In this work, events like, “birthday,” “picnic,”
“parade,” are chosen for experiments. In addition new
consumer video clips from real users on our own are
collected. Similarly to [7], new YouTube videos from the
website are collected. Moreover, the consumer videos are
annotated to determine whether a specific event occurred
to watch each video clip rather than just look at the key
frames.

" T
towm @ @8
[
&

leveld | level1 | leveld | level1 5 leveld | levelt | leveld | leveld

SIFT features 5T features SIFT features ST foatures
(a) birthday (b) parade
35
25
15
5
-5 | leveld avel-1 evel-0 evel-1
SIFT features ST features
(c) picnic

7. CONCLUSION

Here we propose a new event recognition
framework for consumer videos by leveraging a large
amount of loosely labeled YouTube videos. Specifically,
we propose a new pyramid matching method called
ASTPM and a new transfer learning method, referred to
as A-MKL, to better fuse the information from multiple
pyramid levels and different types of local features and
to cope with the mismatch between the feature
distributions of consumer videos and web videos. This
work cascade into the recent research trend of “Internet
Vision,” where the massive web data including images
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and videos together with rich and valuable contextual
information (e.g., tags, categories, and captions) are
employed for various computer vision and computer
graphics applications such as image annotation [10],
[11], image retrieval [6], scene completion [2], and so
on.
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