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1 Introduction

Understanding human actions is an important yet challenging problem in many
research fields, such as psychology [7], linguistics, and computer vision [9]. Com-
paring with object recognition where researchers have started building hierarchi-
cal structures for millions of classes in both natural language processing [5] and
computer vision [4], little is known about the nature of human actions (e.g. what
makes an action to be “riding a horse”?) as well as the relationship between dif-
ferent actions (intuitively, “playing guitar” should be functionally more similar
to “playing violin” than “drinking water”). Interestingly, this follows a similar
story as the evolution of human brain and languages. It has been reported that
infants learn nouns much earlier than verbs [7]. One hypothesis is that most of
the nouns, which corresponds to objects, refer to existing things and entities
in the world that are easily accessible to humans. The verbs, which are closely
related to actions, on the other hand, tend to describe the concepts that are
more abstract and more diffuse in the feature space.

In the field of computer vision, researchers usually regard action understand-
ing as a pure classification problem [9]. Typically, people have a list of pre-defined
actions, and then collect a set of images and annotate the humans that are doing
one of the actions. Then the only goal is to design a classifier which is able to
automatically assign a class label to each human image.

standing —» walking » running

Fig. 1. Human actions lie in a continuous space, where the human pose can change
continuously and convey different meanings.
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Fig. 2. Human actions are highly related to human poses and objects. In the left two
images, “riding bike” and “riding horse” are functionally related and the humans have
similar poses. In the right two images, both humans are “playing tennis”. The poses of
the two humans are very different, but they both interact with the same object (tennis
racket).
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Fig. 3. The human actions can be different even when the humans interact with the
same object. We observe that human poses in “riding bike” are usually similar, whereas
the poses in “fixing a bike” are very different.

However, the tasks of understanding human actions is more complicated than
simply performing classification. As shown in Figure 1, human actions lie in a
continuous space where one action can be more closer to a second action than the
others. Furthermore, there are relationships between different actions. As shown
in Figure 2, the human poses and objects that the humans are interacting with
can make one action related to the other. Furthermore, even within the same
action, there are some special distributions of human poses as well as the spatial
relationships between objects and humans, and those distributions are different
even when the humans are interacting with the same object, as shown in Figure 3.

In this project, we study the properties of different human actions, as well
as the relationship between different action images, instead of treating action
recognition as a pure classification problem with human-provided class labels.
We are interested in the following three questions:

— How to model an action image and measure the similarity between two
images?
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— How to measure the similarity between two action classes, hence discover a
hierarchical relationship between all actions?

— Without class labels, how can we cluster action images in an unsupervised
way?

Specifically, we use an informative network analysis approaches to achieve
the above goals. We form an “action network” where each node is an action
image!. There is an edge between two images if they are semantically related to
each other, e.g. where the human poses are similar, or the humans interacting
with the same object in similar ways, etc.

2 Prior Work

In this work, we consider all the action images in a network, where each node
is an action image. Representing action images in a network allows us to jointly
consider the relationships of all the images. The distance between two nodes in
the network reflects the degree of relevance of the two actions, e.g. two action
images are highly related if they are directly connected in the network. Under this
distance measure, the distance between two action classes can be measured by
the average distance between pairs of actions of this two classes. Furthermore, we
can also use network clique detection algorithms, such as [3, 6], to automatically
detect the “communities” in the network.

Each node in the network, an action image, is represented by a set of units
of human poses and objects that are interacting with the humans. As shown in
Figure 2 and Figure 3, the objects and human poses together define the complex
relationships between different action images. Representing human actions as
objects and human poses has been studied in [9]. However, in that paper, the
goal is to simply classify human actions into a pre-defined list of action classes,
without considering the relationships between different action classes.

3 Algorithm

3.1 Action Images Represented by Poselets and Objects

As shown in Figure 1 and Figure 3, the relationships between different action
images can be measured by the human poses and objects. Intuitively, two actions
are similar if they share the same set of objects with similar spatial configurations
between humans, or correspond to similar human poses. We therefore decompose
each action image into a set of poselets [2] and objects.

The poselets are a set of local human poses that are tightly consistent in terms
of layout of human body parts, as shown in Figure 4. Each poselet can answer
a pose-related question. For example, “is the human sitting?”, “Is the human’s
hands crossing?”, etc. Given a set of images with annotations of keypoints (as
shown in Figure 5) of the human bodies, we use a clustering method to obtain

1 . . . .
We assume that there is only one human in each action image.
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Fig. 4. Examples of poselets. Images in each row correspond to one poselet.

250 poselets. The clustering method we use is very similar to that in [2]. We
repeatedly draw random rectangles on the action images with different sizes and
locations, where each rectangle is a candidate poselet. For each rectangle, we
search all the other images to find the rectangles where the configurations of
keypoints are similar to the reference rectangle. If this search leads to a similar
rectangle in an image, we say that this image contains this poselet. From the
2000 candidate poselets, we merge the ones that are similar to each other, and
delete the poselets which commonly happen on almost all the images (e.g. an
upright torso). We also merge the poselets which happen in a very small number
of images. After all the processing, we obtain 250 poselets.

For the objects, we specify a list of objects that interact with the humans
(such as horse, bike, pen, chair, etc), and draw a tight bounding box on each
object if the object appears in the image. Therefore we have the information
of whether a specific object appears in each image. Furthermore, since humans
might interact with the same object in many different ways (such as “riding a
bike” versus “fixing a bike”, “riding a horse” versus “feeding a horse”), we also
consider different spatial relationships between humans and objects. Based on
the locations of bounding boxes of humans and objects, we consider five different
object locations with respect to humans: overlapping, top, bottom, left, and
right.

Therefore, each image can be represented as a 500-dimensional binary vector,
where 250 elements describe whether a specific poselet is contained in the image,
while other 250 elements describe whether an object appears in the image and
what is the spatial relationship between this object and the human.
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Fig. 5. Demonstration of our annotation.
The magenta bounding box indicates the
object, while the red dots indicate the key
points in the human body. The key points
we consider are: top and bottom points of
head and torso; top, bottom points and el-
bow of left and right arms; top, bottom, and
knee of legs.

Bottom

Fig. 6. The left-most figure illustrates our division of the image locations with respect
to the human. The right two images show the location of the same object in different
actions.

3.2 The Stanford-40 Dataset and Action Network

We perform experiments on the Stanford-40 Action Dataset [9], where there are
40 actions with 180-300 images per action. We use half of the total images on all
the classes for our experiment. The keypoints of human body parts and object
bounding boxes are annotated as in Figure 5. Based on the annotations, we ob-
tain a 500-dimensional binary vector for each image, as described in Section 3.1.
Each element of the vector corresponds to a poselet or an object with a specific
relationship to the human.

We then form the action network in the following way. Each image is a node
in the network. There is an edge between two nodes if they share more than
three poselets or one object (with the same human-object spatial relationship),
or both. This gives us a network that has 4766 nodes and 227099 edges. Note
that here we use an undirected unweighted network to make the computation
more tractable. We can also form weighted action networks by adding larger
weights to the pairs of images which are very similar to each other.



6 CS224W Project Report

3.3 Action Similarity and “Action Community” Detection

Based on the action network defined above, here we describe our approach for
measuring the similarity between two action classes and how to automatically
detect “action communities” from the data.

Our method for measuring the similarity between two actions is straight-
forward. For every pairs of images, we compare the shortest path between the
two images in the network. Then the distance between two action classes is the
average distance between all possible pairs of images, one from each class.

Measuring the similarity between different classes provides us more informa-
tion than just the class labels. We can know which two actions are more related
than the others. However, as we have discussed in Section 1, actions refer to
abstract concepts, and there is not an abstract way to define the partition of the
action space. Therefore we also want to analyze how to automatically partition
the action images into a set of classes, without annotations of action classes. Our
goal is to find a number of clusters of images, where each cluster consists of a
number of images within which the node-node connections are dense, and the
edges to nodes in other communities are less dense. This is very similar to the
community detection problem in network analysis. We use the Girvan-Newman
algorithm [8] to solve this problem. The Girvan-Newman algorithm repeats the
following two steps until no edges are left.

— Calculate the betweenness of all pairs of edges;
— Remove edges with highest betweenness.

The Girvan-Newman algorithm gives us a way of clustering action images
on the action network. But how to determine the number of clusters is an open
problem. We empirically set the number of clusters to be in the range of 50 ~ 200.
The clustering procedure terminates once any number of clusters in the desired
range is obtained.

4 Results and Findings

Figure 7 demonstrates the confusion matrix of the distance between each pair
of action classes. We set the distance between the same action class to be 0 (the
diagonal of the matrix). From the matrix, we have the following observations.

— The distance between different pairs of action classes vary a lot. There are
some actions that have small distance, e.g. “writing on a book” and “reading
book” (the same set of object “book”), “blowing bubbles” and “taking pho-
tos” (similar human poses), etc. There are also actions that are completely
irrelevant, e.g. “climbing wall” and “rowing a boat”.

— The actions of “rowing a boat” and “walking a dog” have large distance
with almost all the other actions. The reason might be that “rowing a boat”
does not share any object or human pose with other classes, and there are
no distinct human poses in the action of “walking a dog”.
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applauding
blowing bubbles
brushing teeth
calling

cleaning the floor
climbing wall
cooking

cutting trees
cutting vegetables
drinking

feeding a horse
fishing

fixing a bike

gardening

holding an umbrella
jumping

playing guitar
playing violin
pouring liquid
pushing a cart
reading book
repairing a car
riding a bike
riding a horse
roning a boat
running

shooting an amow
smoking cigarette
taking photos
texting message
throwing a frisby
using a computer
using a microscope
using a telescope
walking a dog
washing dishes
watching TV
waving hand
wiiting on a board
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Fig. 7. The distance between pairs of actions. Blue color indicates small distance, while
red color indicates large distance. We set the distance between the same action class
to be 0.

— It is not necessary for two actions where humans interact with the same
object have small distance. We observe that the actions “riding a horse” and
“feeding a horse”, “riding a bike” and “fixing a bike”, do not have very small
distance. The reason is although those actions contain the same object, the
spatial relationship between the human and the object is different. However,
for the actions that are functionally related, e.g. “using a microscope” and
“using a telescope”, “playing guitar” and “playing violin”, are very related,
because of the similar human poses.

Figure 8 illustrates our action image clustering results. We visualize the num-
ber of images that belong to each cluster for each action class. We observe that
most of the images belong to some specific action clusters. For some clusters, the
number of images is very small (e.g. the first several rows in the figure). On the
one hand, this figure shows that clustering action images based on objects and
human poses only is not a good choice, because we cannot obtain the desired



8

CS224W Project Report

O@ @ S NO L A 2 CB L DI B¢ 8 FP Do & @& QL O
R B R B S R B AR
O S & Qo? O 5§ *\\9 \{\é Q@(@ S B @?ig S SRS SO
S ,z&gc} SO '5\ N <§b & & SRS @i@'b@ ® é‘."&@q

S I & BT FEERAE TE S

Fig. 8. The action clustering results. Each row is a cluster, each column is the number
of images of a specific action in different classes. Red color indicates large number,

while blue color indicates small number.

clustering structure from Figure 8. On the other hand, however, there are some
correlations between Figure 8 and Figure 7. We observe that most of the images
of “rowing a boat” belong to one cluster, while Figure 7 shows that “rowing a
boat” has large distance to all the other actions.
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