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SEMANTIC REPRESENTATION MODULE OF A MACHINE-LEARNING
ENGINE IN A VIDEO ANALYSIS SYSTEM

BACKGROUND OF THE INVENTION

Field of the Invention

[0001] The present invention generally relates to video analysis, and more

particularly to analyzing and learning behaviors based on streaming video data.

Description of the Related Art

[0002] Some currently available video surveillance systems have simple
recognition capabilities. However, many such surveillance systems require advance
knowledge (before a system has been developed) of the actions and/or objects the
systems have to be able to seek out. Underlying application code directed to
specific “abnormal” behaviors must be developed to make these surveillance
systems operable and sufficiently functional. In other words, unless the system
underlying code includes descriptions of certain behaviors, the system will be
incapable of recognizing such behaviors. For example, monitoring airport entrances
for lurking criminals and identifying swimmers who are not moving in a pool are two
distinct situations, and therefore may require developing two distinct software
products having their respective “abnormal”’ behaviors pre-coded. Further, for
distinct behaviors, separate software products often need to be developed. This
makes the surveillance systems with recognition capabilities labor intensive and

prohibitively costly.

[0003] Surveillance systems may also be designed to memorize normal scenes
and generate an alarm whenever what is considered normal changes. However,
these types of surveillance systems must be pre-programmed to know how much
change is abnormal. Further, such systems cannot accurately characterize what has
actually occurred. Thus, products developed in such a manner are configured to

detect only a limited range of predefined type of behavior.

SUMMARY OF THE INVENTION

[0004] Embodiments of the invention provide a machine-learning engine

configured to recognize and leam behaviors, as well as to identify and distinguish
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between normal and abnormal behavior within a scene, by analyzing movements

and/or activities (or absence of such) over time.

[0005] One embodiment of the invention includes a method for processing data
describing a scene depicted in a sequence of video frames. The method may
generally include receiving input data describing one or more objects detected in the
scene. The input data includes at least a classification for each of the one or more
objects. This method may also include identifying one or more primitive events,
where each primitive event provides a semantic value describing a behavior
engaged in by at least one of the objects depicted in the sequence of video frames
and wherein each primitive event has an assigned primitive event symbol. The
method may still further include generating, for one or more objects, a primitive event
symbol stream which includes the primitive event symbols corresponding to the
primitive events identified for a respective object and generating, for one or more
objects, a phase space symbol stream. The phase space symbol stream describes
a trajectory for a respective object through a phase space domain. This method may
also include combining the primitive event symbol stream and the phase space
symbol stream for each respective object to form a first vector representation of that
object and passing the first vector representations to a machine leaming engine
configured to identify patterns of behavior for each object classification from the first

vector representation.

[0006] Still another embodiment includes a method for processing data generated
from a sequence of video frames. This method may generally include receiving, as a
trajectory for a first object, a series of primitive events associated with a path of the
first object depicted in the sequence of video frames as the first object moves
through the scene. Each primitive event includes at least an object type and a set of
one or more kinematic variables associated with the second object. After receiving
the trajectory for the first object, a first vector representation generated for the first
object is received. The first vector representation may be generated from a primitive
event symbol stream and a phase space symbol stream. Typically, these streams
describe actions of at least the first object depicted in the sequence of video frames.
This method may also include exciting one or more nodes of a perceptual
associative memory using the trajectory and the first vector representation and

identifying, based on the one or more excited nodes, a percept. Once identified, the
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percept may be copied to a workspace. In response to the particular percept (or
precepts) copied to the workspace, a codelet is selected and invoked. The codelet

may include an executable sequence of instructions.

BRIEF DESCRIPTION OF THE DRAWINGS

[0007] So that the manner in which the above recited features, advantages and
objects of the present invention are attained and can be understood in detail, a more
particular description of the invention, briefly summarized above, may be had by

reference to the embodiments illustrated in the appended drawings.

[0008] It is to be noted, however, that the appended drawings illustrate only
typical embodiments of this invention and are therefore not to be considered limiting

of its scope, for the invention may admit to other equally effective embodiments.

[0009] Figure 1 is a block diagram illustrating a behavior recognition system,

according to one embodiment of the invention.

[oo010] Figure 2 illustrates a machine learning engine, according to one

embodiment of the invention.

[0011] Figure 3 illustrates a flowchart of a method for analyzing, learning, and

recognizing behaviors, according to one embodiment of the invention.

[0012] Figure 4 illustrates a semantic representation module of a machine

learning engine, according to one embodiment of the invention.

[0013] Figure 5 illustrates a trajectory of an object/subject through a phase-space

domain, according to one embodiment of the invention.

[0014] Figure 6 illustrates a flowchart of a method for providing semantic

representations of behaviors, according to one embodiment of the invention.

[0015] Figure 7 illustrates a perception module of a machine learning engine,

according to one embodiment of the invention.

[0016] Figures 8A-8C illustrate a flowchart of a method analyzing, learning, and

recognizing behaviors, according to one embodiment of the present invention.
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DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS

[0017] Machine-learning behavior-recognition systems learn behaviors based on
information acquired over time. In context of the present invention, information from
a video stream (i.e., a sequence of individual video frames) is analyzed.
Embodiments of the invention provide a machine-learning engine configured to
recognize and learn behaviors, as well as to identify and distinguish between normal
and abnormal behavior within a scene, by analyzing movements and/or activities (or
absence of such) over time. Normal/abnormal behaviors need not all be pre-defined
or hard-coded. Instead, the machine-learning engine described herein rapidly learns
what is “normal” for a given environment and identifies abnormal behaviors based on
what is learned through monitoring the scene, i.e., by analyzing the content of

recorded video, frame-by-frame.

[0018] In one embodiment, a computer vision engine is connected with a machine
learning engine. Generally, the computer vision engine receives an input video
stream and analyzes the stream frame-by-frame to identity objects and scene
topography, to distinguish background elements of the scene from foreground
elements, etc. As the computer vision engine “sees” these types of things and
events occurring in the scene, this information may be input to the machine learning
engine. In turn, the machine learning engine may include a semantic analysis model
and a cognitive model. The semantic analysis model may label events observed by
the computer vision engine with semantic meaning. That is, the semantic analysis
model may identity what the tracked elements in the scene are doing. The cognitive
model may be configured to identify patterns of behavior, leading to a “learning” of
what events occur within a scene. Thus, the cognitive model may, over time,
develop semantic labels to apply to observed behavior. In one embodiment, the
system provides for progressive levels of complexity in what may be learned from
the scene. For example, combinations of primitive events “seen” by the computer
vision engine may be labeled as instances of a higher-order behavior, e.g., the

primitive events of “car enters scene,” “car moves to location A,” and “car stops”
might be labeled as “parking” by the semantic analysis model. In turn, sequences of
such instances may themselves be labeled as instances of yet another higher-order
behavior, and so on. Further, as these events are observed (and labeled) the

machine learning engine may identity which ones fall into a range of expected
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behaviors for a scene and which ones represent an unusual (or new) pattern of
behavior. The machine learning engine may be configured to generate alerts (or

perform some other predefined action) when certain events are observed.

[0019] In the following, reference is made to embodiments of the invention.
However, it should be understood that the invention is not limited to any specifically
described embodiment. Instead, any combination of the following features and
elements, whether related to different embodiments or not, is contemplated to
implement and practice the invention. Furthermore, in various embodiments the
invention provides numerous advantages over the prior art. However, although
embodiments of the invention may achieve advantages over other possible solutions
and/or over the prior art, whether or not a particular advantage is achieved by a
given embodiment is not limiting of the invention. Thus, the following aspects,
features, embodiments and advantages are merely illustrative and are not
considered elements or limitations of the appended claims except where explicitly
recited in a claim(s). Likewise, reference to “the invention” shall not be construed as
a generalization of any inventive subject matter disclosed herein and shall not be
considered to be an element or limitation of the appended claims except where

explicitly recited in a claim(s).

[0020] One embodiment of the invention is implemented as a program product for
use with a computer system. The program(s) of the program product defines
functions of the embodiments (including the methods described herein) and can be
contained on a variety of computer-readable storage media. lllustrative computer-
readable storage media include, but are not limited to: (i) non-writable storage
media (e.g., read-only memory devices within a computer such as CD-ROM disks
readable by a CD-ROM drive) on which information is permanently stored; (ii)
writable storage media (e.g., floppy disks within a diskette drive or hard-disk drive)
on which alterable information is stored. Such computer-readable storage media,
when carrying computer-readable instructions that direct the functions of the present
invention, are embodiments of the present invention. Other media include
communications media through which information is conveyed to a computer, such
as through a computer or telephone network, including wireless communications
networks. The latter embodiment specifically includes transmitting information to

and from the Internet and other networks. Such communications media, when
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carrying computer-readable instructions that direct the functions of the present
invention, are embodiments of the present invention. Broadly, computer-readable
storage media and communications media may be referred to herein as computer-

readable media.

[0021] In general, the routines executed to implement the embodiments of the
invention may be part of an operating system or a specific application, component,
program, module, object, or sequence of instructions. The computer program of the
present invention is comprised typically of a multitude of instructions that will be
translated by the native computer into a machine-readable format and hence
executable instructions. Also, programs are comprised of variables and data
structures that either reside locally to the program or are found in memory or on
storage devices. In addition, various programs described herein may be identified
based upon the application for which they are implemented in a specific embodiment
of the invention. However, it should be appreciated that any particular program
nomenclature that follows is used merely for convenience, and thus the invention
should not be limited to use solely in any specific application identified and/or implied

by such nomenclature.

[0022] Embodiments of the present invention provide a machine learning engine
for a behavior recognition system and a method for analyzing, learning, and
recognizing behaviors. Figure 1 is a block diagram illustrating a behavior recognition
system 100, according to one embodiment of the present invention. As shown, the
behavior recognition system 100 includes a video input 105, a network 110, a
computer system 115, and input and output devices 145 (e.g., a monitor, a

keyboard, a mouse, a printer, and the like).

[0023] The network 110 receives video data (e.g., video stream(s), video images,
or the like) from the video input 105. The video input 105 may be a video camera, a
VCR, DVR, DVD, computer, or the like. For example, the video input 105 may be a
stationary video camera aimed at certain area (e.g., a subway station) that
continuously records the area and events taking place therein. Generally, the area
visible to the camera is referred to as the “scene.” The video input 105 may be
configured to record the scene as a sequence of individual video frames at a
specified frame-rate (e.g., 24 frames per second), where each frame includes a fixed

number of pixels (e.g., 320 x 240). Each pixel of each frame specifies a color value
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(e.g., an RGB value). Further, the video stream may be formatted using known such
formats e.g., MPEG2, MUPEG, MPEG4, H.263, H.264, and the like. The network
110 may be used to transmit the video data recorded by the video input 105 to the
computer system 115. The behavior recognition system 100 analyzes this raw
information to identify active elements in the stream, classifies such elements,
derives a variety of metadata regarding the actions and interactions of such
elements, and supplies this information to a machine learning engine 140. As
described in greater detail below, the machine learning engine 140 may be
configured to evaluate the received information and remember the received
information and results of the evaluation over time. Further, the machine learning

engine may identify certain anomalous and/or normal behaviors.

[0024] Hlustratively, the computer system 115 includes a CPU 120, storage 125
(e.g., a disk drive, optical disk drive, floppy disk drive, and the like), and memory 130
containing a computer vision engine 135 and the machine learning engine 140. The
computer vision engine 135 may provide a software application configured to
analyze a sequence of video frames provided by video input 105. For example, in
one embodiment, the computer vision engine 135 may be configured to analyze
video frames to identify targets of interest, track those targets of interest, infer
properties about the targets of interest, classify them by categories, and tag the
observed data. In one embodiment, the computer vision engine 135 generates a list
of attributes (such as texture, color, and the like) of the classified objects of interest
and provides the list to the machine learning engine 140. Additionally, the computer
vision engine 135 may supply the machine learning engine 140 with a variety of
information about each tracked object within a scene (e.g., kinematic data such as

time, position, velocity, etc., data, color, data, appearance data, etc.).

[0025] In one embodiment, the machine learning engine 140 receives the video
frames and the results generated by the computer vision engine 135. The machine
learning engine 140 analyzes the received data, builds semantic representations of
behaviors/events depicted in the video frames and learned over time, determines
patterns, and learns from these observed behaviors to identify normal and/or
abnormal events. Data describing a normal (or abnormal) behavior/event, along with
the semantic labels applied to such an event, may be provided to an output devices

145 to issue alerts, e.g., an alert message presented on a GUI interface screen.
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[0026] The computer vision engine 135 and the machine learning engine 140
may each be configured to process the feceived video data, generally, in real-time.
That is, the computer vision engine 135 may be configured to “see” events as they
occur, e.g., to identify and track an object moving about the scene. However, the
machine learning engine 140 (i.e., a semantic model and a cognitive model) may lag
behind in evaluating the sequence of event being observed by the computer vision
engine. Thus, time scales for processing information by the computer vision engine
135 and the machine learning engine 140 may differ. For example, in one
embodiment, the computer vision engine 135 processes the received video data
frame by frame, while the machine learning engine processes the received data

every N-frames.

[0027] Note, however, Figure 1 illustrates merely one possible arrangement of the
behavior recognition system 100. For example, while the video input 105 is shown
connected to the computer system 115 via the network 110, the network 110 is not
always present or needed (e.g., the video input 105 may be directly connected to the
computer system 115). Further, in one embodiment, the computer vision engine 135
may be implemented as a part of a video input device (e.g., as a firmware
component wired directly into a video camera). In such a case, the outputs of the
video camera may be provided to the machine learning engine 140 for analysis.
Moreover, while the machine learning engine 140 is depicted as a part of the
computer system 115, it may be implemented as a system separate from the
computer system 115 that communicates with the computer system 115 via the

network 110 or, alternatively, as a part of a different system.

[0028] Figure 2 illustrates a machine learning engine 140, according to one
embodiment of the invention. Generally, the machine learning engine 140 employs
two models for recognizing, analyzing, and learning behaviors; namely, a semantic
model and a cognitive model. Based on data provided by the computer vision
engine, the semantic model generates semantic descriptions (representations) of
what is depicted in the video stream including semantic descriptions
(representations) of objects/subjects and their actions. In other words, the semantic
model provides labels data with semantic meaning as to what is observed in the
scene. In turn, the cognitive model may be configured to observe patters associated

with a given event; update a pattern (i.e., a memory) representing a given event;



WO 2009/009692 PCT/US2008/069694

reinforcing long-term memories associated with an event; develop “memories”
representing new patterns of behavior; create new semantic labeling to apply to new
patterns of behavior. As stated, in one embodiment, new patterns of behavior may
be generated as a combination of known patterns. In such a case, the semantic
labeling applied to a new behavior may represent a combination of the labels applied

to patterns in that new behavior.

[0029] Thus, the cognitive model may simulate some aspects of a human brain,
e.g., how the human brain perceives abstract concepts, reasons about them,
recognizes behaviors, and learns new concepts. In one embodiment, the cognitive
model may employ a neuro-semantic network that includes a combination of a
semantic representation module 205 and a cognitive model 225. Each of these
components is described in greater detail below. The neuro-semantic network may
include a plurality of nodes representing semantic concepts (i.e., a neural net). Asis
known, a neural net may represent simple concepts using a single node (e.g., a
vehicle or its kinematic characteristic) and complex concepts may be represented by
multiple nodes that includes multiple concepts connected by links (e.g., motor-
vehicle accident). The neuro-semantic network may include several levels, where
the lowest level describes a collection of primitive events. Higher levels of the
neuro-semantic network may describe complex concepts, which are created by
combining primitive concepts. Typically, the higher the level of complexity, the more
complex concepts it defines. In one embodiment, the neuro-semantic network may
provide increasing levels of complexity where the primitives for one level of
complexity are combined to form a primitive for the next level of complexity, and so
on. Data provided to the cognitive model may be used to excite nodes of the neuro-
semantic network, allowing behaviors to be recognized and the network itself to be
updated. Updates may include creating nodes, updating nodes, deleting nodes or

modifying or creating links between nodes.

[0030] In one embodiment, the semantic representation module 205 receives
data describing objects/subjects detected in a scene from the computer vision
engine 135. Such data may include identification data, posture, location, trajectory,
velocity, acceleration, direction, and other quantitative characteristics that describe
an object identified in the scene by the computer vision engine 135. Based on data

received from the computer version engine 135, the semantic representation module
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205 forms two semantic streams; namely, a primitive event symbol stream and a
phase-space symbol stream. The primitive event symbol stream includes semantic
i.e., symbolic, descriptions of primitive events recognized in the scene and objects
participating in such primitive events (e.g., “vehicle stops,” “human turns,” etc.). The
phase-space partitioning stream includes semantic descriptions, i.e., phase-space
symbols, of values of quantitative characteristics of an object (e.g., a symbol “a”
indicating that an object was located in a certain area of the scene or a symbol “xX”
indicating that an object’s velocity is within a certain range, and so on). Thus, the
phase-space symbol stream associated with a given object may provide a trajectory
of motion for that object throughout the scene. The semantic representation module
205 may generate formal language vectors based on the trajectories of a given
object by combining relative data from the primitive event and phase-space symbol
streams. As described in greater detail herein, the formal language vectors are used
to describe both semantic and quantitative aspects of behavior observed to have

occurred within a scene.

[0031] As shown, the cognitive model 225 includes a perception module 210, a
behavior comprehension module 215, and reinforcement and decay module 220. In
general, the perception module 210 analyzes data provided by the semantic
representation module 205, learns patterns, generalizes based on observations, and
learns by making analogies. In one embodiment, the perception module 210 may
include multiple memories such as a perceptual memory, an episodic memory, and a
long-term memory. Based on the incoming data, the perception module 210 may
perceive multi-level concepts (structures), such as a percept. As used herein a
“percept” represents a combination of nodes (and links between nodes) representing
an action and/or associated actor(s); trajectories, i.e., sequences of percepts; and
clusters of trajectories. That is, a percept may be defined as a subgraph of a neural
net that includes each node (and links between node) relevant for a particular
identified behavior. Thus, percepts may represent behaviors perceived by the
machine learning engine to have occurred. More complex behaviors may be
represented as combinations of percepts. As described in greater detail below,
perceived concepts and corresponding memories may be stored in a workspace and
processed by various codelets. In one embodiment, a codelet provides an active,

typically independent, process (agent) that includes executable code. Generally, a

10



WO 2009/009692 PCT/US2008/069694

codelet may evaluate percepts and relationships between percepts to recognize
behaviors and other events important to the system (e.g., a parking event), build new
structures based using analogies (e.g., combine two similar percepts into a higher
level node), detect anomalies (e.g., by comparing percepts to long-term memory

content), look for expected events/behaviors, and so on.

[0032] In one embodiment, the perception module 210 may be further configured
to determine whether the computer vision engine 135 has misclassified an object.
For example, if the perception module 210 determines that the computer vision
engine has repeatedly applied particular classification to an object (e.g., a car) and
then classifies this same object as something else (e.g., a person), the perception

module 210 may inform the computer vision 135 of the misclassification.

[0033] In general, the behavior comprehension module 215 recognizes behaviors
and responds to recognized behaviors. For this purpose, the behavior
comprehension module 215 further analyzes structures placed in the workspace. As
the presence of given percepts are broadcast to other components of the cognitive
model 225, multiple internal and external actions may be performed. For example,
internal actions may include updating and/or generalizing procedures and concepts,
models and events, creating new concepts and procedures, generating expectation
structures/procedures, and so on. In one embodiment, external actions may include
issuing a signal (e.g., alarm) responsive to recognized (or unrecognized) behavior,
providing feedback to other components of the behavior recognition system 100
(such as the semantic representation module 205, the computer-vision engine 135,
etc.), adjusting camera operations, and so on. The feedback may include data
regarding the observed events/behaviors needed to modify the behavior-recognition

system to better recognize the events/behaviors in the future.

[0034] In general, the reinforcement and decay module 220 reinforces memories
of repeatedly occurring behaviors and decays and/or eliminates memories of
occasionally occurring behaviors. More specifically, percepts, and associated
nodes, may decay over time if not used or alternatively, may be reinforced, if used.
Thus, for example, when a structure, such as a percept, is placed into the workspace
similar memories may be reinforced (or updated to better generalize the behavior

represented by the memory). In this manner, a competitive learning environment is
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created where useful percepts, and associated nodes, survive because they are

reinforced, and non-useful, percepts, and associated nodes, decay away.

[0035] Figure 3 illustrates a flowchart of a method 300 for analyzing, learning, and
recognizing behaviors observed in an input video stream, according to one
embodiment of the invention. The method 300 starts at step 305. At step 310, the
machine learning engine 140 receives data describing the objects detected in the
scene by the computer vision engine. As discussed above, such data may include
an objects’ dynamic and kinematic characteristics (e.g., time, position, velocity, etc.),
identification information, classification information, and so on. And further, the data
may be received in a generally real-time stream as the computer vision engine

processes a video stream, frame-by-frame.

[0036] In one embodiment, the received data is used to generate create two data
streams, a primitive event symbol stream and a phase-space symbol stream (step
315). The primitive event symbol stream includes semantic representations of the
detected primitive events. For example, a stream of primitive events related to

behavior the computer vision engine “sees” as a vehicle parking could include

” &, » o,

“vehicle appears,” “vehicle moves,” “vehicle turns,” and “vehicle stops.” The phase-
space symbol stream includes symbolic representations of values of
objects/subjects’ quantitative characteristics, such as location, time, velocity, and so
on. For example a phase-space symbol stream corresponding to the primitive event
stream of the example above may be the following: “a, c, f, k,” where each of the
symbols corresponds to a region of the scene where a particular primitive event took
place, i.e., the vehicle appeared in area “a,” moved through area “c,” turned in area
“f,” and stopped in area “k.” Though, the provided example includes only one
object, i.e., the vehicle, each stream typically includes similar information describing
other objects/subjects detected in the scene. Alternatively, multiple pairs of primitive
event and phase-space symbol streams may be generated, namely a pair of streams

for each detected object/subject.

[0037] As an object moves around the scene, the computer vision engine
generates a trajectory along a path of movement of that object. In one embodiment,
such a trajectory may be used to organize semantic representations, which relate to
one object into one entity, referred to as a “formal language vector.” At step 320,

data from the primitive event and phase-space symbol streams related to each
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object having a complete trajectory is combined and converted to generate
respective formal language vectors. The vector representations, along with the
primitive event streams may be passed to a perceptual memory. For example, the
formal language vectors may be passed to the cognitive model 225 of the machine-

learning engine 140 for analysis.

[0038] Typically, a trajectory starts when an object or subject appears in the
scene, continues while the object moves about the scene, and is completed when
that object disappears from the scene. In one embodiment, the trajectory may be
considered to be complete when an object/subject stops moving for a long period of
time (e.g., if a car arrived into a parking lot, its trajectory would be completed when
the car parks and stays parked for a period of time). A period of time may be
defined, for example, by a number of video frames. Further, in one embodiment, the
appropriate amount of time may be “learned” by the system as a matter of
observation. Accordingly, a trajectory may also begin when an object/subject that
has been motionless for a period of time starts moving. In another embodiment, a
trajectory is not completed if an object/subject disappears from the scene only
temporarily (e.g., an object passes behind a background object such as a tree). If
after such a temporary disappearance, the object continues to be identified as the
same object, its trajectory continues until the object fully disappears from the scene,
or alternatively, stops for a period of time. Note, although a trajectory, as described
above, is defined in terms of an object (or subject) appearing in or disappearing from
the scene, a trajectory may also be defined in different terms. Such terms could
depend on, for example, the particular characteristics of the observed environment
and/or the requirements of a particular case. For example, in one embodiment, a
trajectory may be defined in terms of time (e.g., trajectory occupies a pre-defined

number of video frames).

[0039] At step 325, the incoming primitive event and phase-space symbol
streams and/or formal language vectors may be used to excite nodes in a neuro-
semantic network of a perceptual memory of the cognitive model 225. In one
embodiment, the neuro-semantic network is a directed graph that includes nodes
(i.e., vertices) representing concepts (e.g., nodes have assigned concept labels) and
links (i.e., edges) representing a relationship between two concepts (e.g., links have

assigned relationship labels). The nodes of the neuro-semantic network may be
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activated by an appropriate stimulus (e.g., input from the computer vision engine
regarding what objects are “seen” in the scene). Also, the stimulation of one mode
may be iteratively propagated to other nodes. That is, exciting one node may excite
another. And the stronger a link between two nodes, the more an excitation of one
node may excite the other. In one embodiment, activation of one node is propagated
to the linked nodes only when the activation value of that node reaches a pre-defined
activation threshold. Further, activation values may decay as the activations are
propagated through the neuro-semantic network. In other words, a node from which
the activation is propagated would have a higher activation value than nodes to
which the activation is propagated to, such as conceptually linked nodes. Thus, at
some point after receiving input from the computer vision engine, a given, a set of
excited nodes responsive to the input may be identified. The set of exacted nodes
generally represents a percept, i.e., what is perceived by the perceptual memory in

response to the input.

[0040] As described above, the neuro-semantic network may include a plurality of
levels, where the lowest level represents the simplest concepts, such as semantics
of primitive events (e.g., “vehicle,” “turns,” etc.). The collections of nodes (and links
between nodes) represent more complex concepts, for example, concepts involving
multiple primitive events (e.g., parking), where such primitive events are represented
by lower level nodes. In this manner, higher level concepts are linked to the lower
level primitive events. As data, representing primitive events is received, the
corresponding nodes are activated, and their activation is propagated to the
conceptually linked nodes. Note however, that different higher level nodes may be
conceptually linked to the same lower level nodes, e.g., nodes representing primitive
events “vehicle stops” and “vehicle moves” may both be conceptually linked to the

same node “vehicle.”

[o041] At step 330, a collection of nodes excited by the data received at step 325
may be copied into a workspace. The workspace may provide a data structure used
by the process and analyze data as events are observed by the memories of the
machine learning engine. ltems in the workspace at any given time may be said to
receive the “focus of attention” of the machine learning engine. Typically, nodes or
combinations of nodes (i.e., percepts) copied into the workspace represent

behaviors currently observed in the scene. In one embodiment, data stored in a long
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term memory, episodic memory, and/or perceptual memory of the cognitive model
225 may also be copied to the workspace. That is, once a percept representing a
current event is passed into the workspace, the machine learning engine 140 may
identify similar memories used by a codelet to compare the current event with past
experience. In one embodiment, the data may be represented using a structure
similar to the percept. That is, the memories may be represented in the workspace
as a directed graph of nodes. Once the relevant data is in the workspace, codelets
may process and analyze data representing the currently observed behaviors and
relate it to past behaviors (represented by memories copies from the episodic and/or

long term memories).

[0042] Thus, the workspace generally allows codelets to analyze what is
observed in the scene. To achieve this, codelets evaluate percepts and
relationships between the percepts. More specifically, codelets may identify input
features and create semantic events; connect percepts (nodes) in the workspace;
determine expected events based on a sequence of percepts; determine anomalies;
look for expected outcomes and indicate when the expected outcomes do not occur
(and adjust expectations accordingly); and so on. The codelets may also increase a
bond between two (or more) percepts, build new percepts (e.g., by analogy), destroy

existing percepts, execute other codelets, etc.

[0043] At any particular time, numerous codelets may be in the workspace
awaiting execution. Accordingly, at step 335, a codelet is selected among the
available codelets. In one embodiment, codelets may be assigned a weighted value
(e.g., events requiring immediate attention may be given greater weight for execution
then others). In such a case, a codelet may be selected in a semi-random manner,
where a codelet having a higher weighting is more likely to be selected than a

codelet having a lower weighting (or no weighting).

[0044] As codelets are executed, some percepts may become excited. For
example, a “parking” codelet could be selected to evaluate formal language vectors
labeled as representing a parking event. In doing so, the “parking” codelet could
retrieve memories (both long term and episodic) representing other occurrences of
the “parking” behavior and compare the retrieved memories to the new instance of

the parking event represented by the formal language vectors.
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[0045] The percepts copied into the workspace may be reinforced at step 340.
Alternatively, percepts stored in the memory structures (e.g., the perceptual memory
and the episodic memory) that are not acted upon may decay over time, and
eventually be eliminated. This should make sense as the perception module 210
includes a memory used to perceive events as they occur. Thus, memories in
perception module 210 should decay over time. That is, as new events are
“perceived” older events may decay away. At the same time, features related to a
given event may be stored in episodic memory (essentially a short term memory of
specific, recent events) and also used to reinforce or adjust long-term memories.

For example, long term memories of “parking” would not include any reference to a
particular car identified and tracked in a scene, where the episodic memory would
retain this information for a period of time. At the same time, the long term memory
could “remember” that cars park in a particular location within the scene. Thus, if a
car was perceived as “parking” in at a location different from any location where cars
have previously parked — the event could be identified as an anomaly. However, if
the same “anomaly” continued to occur, a long term memory of a new parking
location would develop. In other words, at step 340 memories corresponding to
repeatedly occurring behaviors are reinforced (and updated to capture different
variations of the semantic event, e.g., different instances of parking), while memories
corresponding to occasionally occurring behaviors decay or are eliminated. Note
however, that different types of percepts/codelets may decay at different speeds.

For example, in one embodiment, percepts and codelets associated with abnormal
behaviors decay slower than percepts and codelets associated with normal
behaviors. Furthermore, in another embodiment, decay is not linear. For example, if
a certain precept/codelet has been reinforced above a certain threshold, then such a
percept or codelet would decay slower than if it did not reach the threshold. After the

memories have been reinforced and/or decayed, the method returns to step 310.

[0046] Note however, that it is not necessary to perform all of the above-
described steps in the order named. Furthermore, not all of the described steps are
necessary for the described method to operate. Which steps should be used, in
what order the steps should be performed, and whether some steps should be
repeated more often than other steps is determined, based on, for example, needs of

a particular user, specific qualities of an observed environment, and so on. For
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example, though at step 335, as described, only one codelet is selected before the
memories are reinforced or decayed, in another embodiment, multiple codelets are

selected and executed before the memories are decayed and/or reinforced.

[0047] Figure 4 illustrates an example of a semantic representation module 205
of a machine learning engine 140, according to one embodiment of the invention. As
shown, the semantic representation module 205 includes a sensory memory 405, a
latent semantic analysis (LSA) training module 410, a primitive event detection
module 415, a phase space partitioning module 420, an incremental latent semantic
analysis (i-LSA) update module 430, and a formal language learning module 440.
Generally, the semantic representation module 205 creates semantic
representations of motions and actions of the objects/subjects observed and tracked
in the scene. The semantic representations provide a formal way to describe what is
believed to be happening in the scene based on motions of a particular tracked
object/subject (and ultimately, based on changes in pixel values from frame-to-
frame). Subsequently, the semantic representations are provided to the perception
module 210 and analyzed for recognizable patterns, i.e., the perception model 210 is

generally configured to perceive what is occurring in the scene.

[0048] In on embodiment, the sensory memory 405 acquires data provided to the
semantic representation module 205 by the computer vision engine 135 and stores
this data for subsequent use by the primitive event detection module 415 and the
phase-space partitioning module 420. That is, the sensory memory 405 may provide
a buffer for trajectory points of objects/subjects and object/subjects’ characteristics,
such as time, velocity, acceleration, and so on. The sensory memory 405 may be
viewed as a catalog of actions/events that have been recently observed by the
behavior-recognition system 100. Such actions/events are stored in the sensory
memory 405 for brief periods of time, e.g., in one embodiment, a few seconds. The
sensory memory 405 may also select what information to provide to the primitive
event detection module 415 and the phase space partitioning module 420 and/or

receive feedback from the primitive event detection module 415.

[0049] In general, the primitive event detection module 415 is configured to
identify the occurrence of primitive events (e.g., vehicle stops, reverses direction,
disappears, appears; person bends, falls; exchange, and the like) using information

provided by the sensory memory 405. Typically, the primitive events reflect changes
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in kinematic/dynamic characteristics of the tracked objects/subjects. Accordingly,
the primitive event detection module 415 analyzes the kinematic (dynamic) and/or
posture data associated with the tracked objects/subjects and processes such data
into components having assigned values (e.g., one or more symbols) representing
primitive events and activities. In one embodiment, such data also includes
numerical data obtained from sensors of a video acquisition device. Of course, the
range of primitive events is not limited to the behavior of a vehicle; rather a set of
primitive events may be defined for each object that may be identified and tracked by
the computer vision engine. For example, assume a computer vision engine
configured to classify tracked objects as being a “vehicle,” a “person,” an “other,” or
an “unknown.” In this example, “unknown” could represent an object classified as
either a “vehicle” or a “person,” but classified without sufficient confidence to select
between the two, where “other” could be used to classify an object as affirmatively
not being a “vehicle” or a “person.” In such a case, different sets of primitive events
may be available to describe the behavior of each different type of object. Of course,
the objects recognized or classified by the computer vision engine may be
configured to suit the needs of a particular case, and the classifications of “vehicle,”

‘person,” “unknown,” and “other” are provided as an illustrative example.

[0050] Typically, a formal language grammar (e.g., houns and verbs) is used to

bA N 1%

describe the primitive events (e.g., “car parks,” “person appears,” and the like) the
nouns relate to objects identified by the computer vision engine and the verbs come
from actions performed by the object and perceived by the semantic representation
module 205. Thus, for example, once an object is classified as being a “vehicle,” the
primitive event detection module 415 may evaluate data acquired about the object,
i.e., a car, to identify different behavioral events as they occur and emit appropriate

symbols into a primitive event symbol stream (e.g., “vehicle appears,” “vehicle

b 11

moves,” “vehicle turns,” “vehicle stops,” “vehicle parks,” etc.). Further, various
activities, such as postures and gestures, may be implemented in primitive event
detection module 415 to provide feature information in the primitive event symbol
stream. Further the machine learning engine may, over time, develop memories
representing combinations of objects and symbol streams, and new events may be

compared with the memories, used to reinforce or update memories, etc.
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[0051] In one embodiment, to identify a primitive event associated with an
object/subject, a state machine may be assigned to the object/subject so that only
event detection algorithms satisfying the kinematics of the current object/subject’s
state need to be run at each particular step. Such states may, for example, include
stationary state (object/subject stopped), moving state (object/subject moves), and
unknown state (observed action does not satisfy definitions of any of the other
states). Generally, the object/subject remains in a given state for a finite period of
time and events corresponding to state transitions are instantaneous (e.g., “starting”
event, “stopping” event, etc.). However, some events may have duration over
shorter time scale than a particular state (e.g., “turning” event — “moving” state).
Thus, in one embodiment, “turning” event is treated as instantaneous event
corresponding to transition from a “moving” state to the “moving” state. Additional

information, such as turning angle may be retained by the state machine.

[0052] Note however, as implemented, a number of factors should be considered.
For example, when analyzing a video frame having jitter, the stationary state should
not necessarily be determined based on only stationary pixels. Rather, allowances
for the video jitter should be made. Accordingly, to determine object/subject’s state
numerous factors should be considered, analyzed and estimated guesses should be

made.

[0053] In one embodiment, the primitive event detection module 415 is configured
to analyze only events involving single objects (e.g., “car moves”). In another
embodiment, the primitive event detection module 415 may also analyze events
involving multiple interacting objects (e.g., interactions between two or more people).
To decrease the amount of data in such embodiment, an interactive event may be
considered only when objects/subjects possibly involved in the event are in proximity
to each other. The proximity measure may be defined, for example, by a number of

pixels.

[0054] The phase-space partitioning module 420 is generally configured to
determine symbolic representations of values of objects/subjects’ quantitative
characteristics, such as location, time, velocity, and so on, and emit the determined
symbolic representations into a phase-space symbol stream. In one embodiment,
the phase space partitioning module 420 includes a physical description of the

geometry of the scene. The scene may be divided into a set of areas, where each
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area is assigned a phase-space symbol. The symbolic representations for a
particular mobile object (e.g., human, vehicle, etc.) may be formed in time order, as
the trajectory of the mobile agent is analyzed. When the mobile agent enters a given
area, the corresponding phase-space symbol is emitted into the phase-space symbol

stream.

[0055] The primitive event and phase-space symbol streams, created
respectively by the primitive event detection module 415 and the phase-space
partitioning module 420, are provided to the LSA training module 410 for training, or
if the training has been completed, to the i-LSA update module 430. In general, both
the LSA training module 410 and i-LSA update module 430 analyze the incoming
symbol streams and construct vector representations (e.g., formal language vectors)
of the events/behaviors observed in the scene. In one embodiment, the LSA training
module 410 and the i-LSA update module 430 also use, construct, and/or update
clusters of behavior vectors, where each cluster typically represents a pattern

corresponding to a known behavior.

[0056] The LSA training module 410 may be configured to train the semantic
representation module 205 using data obtained from the computer vision engine. In
one embodiment, the LSA training module 410 gathers data regarding a scene until
a layout for the scene is determined with sufficient statistical certainty. In other
words, the LSA training module 410 learns basic layout of the scene (such as
types/kinds of behaviors observed in the scene, the perceived geometry or
dimension of the scene (e.g., size and depth of field measurements,), while i-LSA
update module 430 incrementally updates such a layout, allowing the perceived
layout of the scene to both improve over time as well as respond to changes that

may occur.

[0057] In one embodiment, data from the primitive event and phase-space
symbol streams is combined to form vector representations. Typically, each vector
representation includes data corresponding to a complete trajectory of an object
tracked in the scene and represents a behavior exhibited by that object/subject. A
formed string of symbols (or set of symbol strings) corresponding to a given behavior

is defined as the grammar for that behavior.
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[0058] In one embodiment, the LSA training module 410 and the i-LSA update
module 430 may generate low-dimensional vectors (i.e., formal language vectors)
using singular value decompositions (SVD) from the higher dimensional vectors
generated by the semantic analysis. Similar specific behaviors (e.g., parking a
vehicle A and parking of a vehicle B in area C) represented by low-dimensional
vectors form a cluster of behavior vectors corresponding to a certain type/pattern of
behavior (e.g., parking of a vehicle in area C). In one embodiment, such similarities
(i.e., distances between the low-dimensional vectors) are used to define a similarity
measure. The similarity measure may be used to compare incoming behaviors
against the learmed behaviors represented by the clusters of low-dimensional
vectors. In this manner, the semantic representation module 205 reduces kinematic
and posture data received from a computer-vision engine 135 regarding objects
tracked in the scene into a manageable size and format such that the data may be

processed by other modules of the machine-learning engine 140.

[0059] The formal language learning module 440 may be generally configured to
support and update a formal language model. The formal language model defines a
formal language and grammars for a particular scene. As described above, the
semantic representation module 205 provides semantic representations for detected
primitive events and behaviors. A particular string of symbols and/or set of symbol
strings may represent a grammar of a particular primitive event or behavior. From
the formal language stream formed by the i-LSA update module 430, the formal
language model collects semantic representations of primitive events and behaviors
observed in a particular scene. In other words, the formal language model for a
particular scene represents types/kinds of symbolic representations and their
combinations that may be generated for that scene. As new primitive events and/or
behaviors are recognized in the scene, the formal language learning module 440
updates the formal language model. Optionally, in one embodiment, the formal
language model may be updated manually. In another embodiment, some
structures of the formal language and/or grammars in the formal language model are
pre-defined. The primitive event symbol stream and the formal language stream

may be provided to the perception module 210 for further analysis.

[0060] Figure 5 illustrates a trajectory of an object through a phase-space

domain, according to one embodiment of the invention. As described above, the
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computer vision engine 135 may be configured to provide the machine-learning
engine 140 with data regarding observed objects in the scene, e.g., quantitative
characteristics, such as speed, acceleration, location, direction, time, and the like.
The values for each such characteristics create a corresponding domain of values
for that quantitative characteristic (e.g., location domain may include each pixel of
the scene, or alternatively, selected parts of the scene; speed domain may include
possible speed value for a specific kind of the object, such as vehicle, human, etc.,

or alternatively, any other kind of the object/subject; and so on).

[0061] In one embodiment, quantitative characteristic domains (e.g., a location
domain) are partitioned and assigned a unique symbol. For example, Figure 5
illustrates a phase-space domain, i.e., the location domain 500, which includes every
pixel depicting the scene. Multiple partitions, such as partitions 502, 504, 506, 508,
510, 512, and 514, are created and assigned unique symbols. lllustratively, the
partition 502 is assigned symbol “a,” the partition 504 is assigned symbol “b,” and so
on. In one embodiment, the domain partitions are simply created by dividing the
domain area into approximately equal parts (e.g., location domain’ partitions
containing the same number of pixels and similarly shaped). In another
embodiment, partitioning of the domain may be based on specific characteristics of a
scene (e.g., location domain having separate partitions for each parking space in a

parking lot).

[0062] As an object moves around the scene, quantitative characteristic values
change. If such domains are partitioned and the partitions are assigned unique
symbols (thus, forming phase-space domains), the movement of the object through
each of the domains may be characterized by a phase-space symbol string. For
example, Figure 5 shows a trajectory 520 corresponding to an object moving through
the scene with the following phase-space symbol string: [a, b, k, k, i, i, ¢, ¢, d}, where
each symbol is determined frame-by-frame, based on the object/subject’s location in
the scene. Note however, though Figure 5 illustrates partition of the location domain,
domains of other quantitative characteristics may be partitioned in the similar

manner.

[0063] Figure 6 is a flowchart illustrating a method 600 for providing semantic
representations of behaviors, according to one embodiment of the invention. The

method starts at step 605. Step 610 provides for initial training of a module for
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forming the semantic representations of behaviors observed in the scene, such as
the semantic representation module 205. More specifically, over a period of time,
data describing behaviors observed in the scene is collected, clusters of vectors

representing similar observed behaviors are built, and a formal language model is

trained.

[0064] As described above, in one embodiment, each cluster of vectors may
represent a type/pattern of behavior that have been observed in the scene, where
each vector is a low-dimensional vector representing variations of the behavior
type/pattern specific to a particular object/subject tracked in the scene. In one
embodiment, before any low-dimensional vector is created, data describing at least
several trajectories is generated and collected, i.e., vector representations. The
collected vector representations are used to build a matrix which is decomposed
using SVD (singular value decomposition) to create low-dimensional vectors. As the
matrix is decomposed, a projection model is built for projecting high dimensional
vectors into low-dimensional vectors. In other words, the SVD algorithm is applied to
the vector representations, to reduce the size of the vectors to a smaller number of
dimensions. However, at the same time the SVD algorithm preserves as much
relevant information as possible about relative distances between particular
behaviors (i.e., vector representations). Information lost during such decomposition
is, therefore, mostly noise. Consequently, similar behaviors become more similar,

while dissimilar behavior become more distinct.

[0065] The formal language model includes language that could be used to
describe primitive events identified in the scene and grammars of behaviors that
could be observed in the scene. In one embodiment, the formal language model is
empty at the beginning of step 610. Alternatively, the formal language model may

include some pre-defined language and grammars.

[0066] Steps 615 through 660 represent functional steps performed after the
initial training has been completed. At step 615, objects identified in the scene and
data describing such objects is received (such as an object ID, classification,
posture, velocity, acceleration, trajectory, and other quantitative characteristics). At
step 620, the data received at step 615 is evaluated to identify primitive events
observed in the scene. In one embodiment, a primitive event symbol is used to

represent each distinct primitive event, (e.g., a single character “a” or a string of
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symbols describing an identified primitive event such as “human bends”). Each
identified primitive event is typically associated with one or more objects participating
in that event. Thus, for example, a primitive event of “human stops” could be
associated with a particular individual observed to have stopped moving within the
scene. In one embodiment, when a primitive event involves multiple objects (e.g.,
interaction between two people) multiple primitive event symbols may be generated,

where each primitive event symbol is associated with one of the objects.

[0067] At step 625, a stream of primitive event symbols are updated for each
object involved in the identified primitive events. As an object moves about the
scene, it may participate in a number of primitive events. Accordingly, in one
embodiment, a sequence of primitive event symbols corresponding to the primitive
events that the object has participated is maintained for each object in the scene. As
new primitive events for a particular object are identified, the corresponding primitive
event symbol is added to the primitive event stream for that object. In this manner,
when a trajectory of the object is complete, the primitive event symbol sequence
semantically describes all the primitive events that the object has participated in

along its trajectory.

[0068] At step 630, a phase-space symbol stream may be generated from the
data received at step 615. As described above, phase-space symbols may provide
semantic representations of the characteristics identified for a given object. In one
embodiment, a phase-space symbol may be used to indicate locations within the
scene. As the object moves about the scene and participates (or engages) in
behavior labeled as a primitive event, the object moves from one region of the scene
to another. Accordingly, in one embodiment, a sequence of phase-space symbols
recording an objects trajectory through the scene may be maintained for each object
in the scene. As new data regarding the object is received, a phase-space symbol
indicating a current location of an object may be added to the phase-space symbol
sequence of that object. That is, the phase-space symbol sequence is updated (step
635). In this manner, when a trajectory of the object is complete, the phase-space
symbol sequence describes the trajectory of that object. In one embodiment, a
phase-space symbol for an object is generated every time a primitive event symbol
for that object has been generated. Doing so allows the system to track both what

events occur, but where (or in what phase-space) each event occurs.
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[0069] At step 640, the semantic representation module may determine whether
any trajectories have been completed. If not, then the method 600 proceeds to step
665. However, if a complete trajectory is identified, the method 600 proceeds to step
645. As described above, a complete trajectory typically represents the movement
of an object in the scene from the moment the object appears to the time it leaves

the scene.

[0070] At step 645, a semantic representation vector may be generated for each
completed trajectory. Generally, a semantic representation vector is generated as a
combination of the primitive event and phase-space symbol streams associated with
a given object. For example, assume an object classified as a “vehicle” by the
computer vision engine. When the vehicle completes its trajectory, i.e., leaves the

scene, the corresponding primitive event symbol stream could include following
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primitive event symbols: “appears,” “moves,” “turns,” “stops,” “parks,” “moves,”
“disappears” and the phase-space symbol stream could include the following phase-
space symbols: “p1,” “p2,” “p3,” “p4,” “p5,” “p6.” In such a case, the semantic

representation vector corresponding to the trajectory could include all the above
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named symbols, namely [“p1,” “p2,” “p3,” “p4,” “p5,” “p6;” “appears,” “moves,” “tums,”
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“stops,” “parks,” “moves,” “disappears;”].

[0071] At step 650, the formal language model and the clusters of vectors
representing learned behaviors may be updated based on the semantic
representation vector(s) generated at step 645. For example, newly identified
primitive event symbols and/or behavior grammars may be added to the formal
language model. At step 655, the low-dimensional vectors are generated from the
semantic representation vectors generated at step 645, (i.e., formal language
vectors) using the updated projection model. At step 660, the low-dimensional
vectors along with the primitive event and phase-space symbols may be passed to
the other modules of the behavior recognition system 100, e.qg., the perceptual
module 210. At step 655, the primitive events, including kinematic data such as
position, velocity, etc., are passed to other modules of the behavior recognition
system 100. In one embodiment, the perceptual module 210 uses the primitive
events and associated kinematic data to excite nodes of a neuro-semantic network,
notwithstanding whether new complete trajectories are available. When step 660 or

665 is completed, the method 600 returns to step 615.
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[0072] Note however, that though the above described method 600 referred only
objects (such as a car); the method 600 may be similarly applied to subjects (such
as a human) or combinations thereof. Further, the steps described above steps are
not necessarily performed in the order named. Moreover, not all of the described
steps are necessary for the described method to operate. Which steps should be
executed, in what order the steps should be executed, and whether some steps
should be repeated more often than other steps is determined, based on, for
example, needs of a particular user, specific qualities of an observed environment,

and so on.

[0073] Figure 7 illustrates components of a perception module 210 of a machine
learning engine 140, according to one embodiment of the invention. The perception
module 210 may be generally configured to identify recurring patterns of behavior,
generalize such patters based on observations (i.e., to create memories), and learn
by making analogies. In other words, the perception module 210 assigns meaning
to, and learns from, incoming sensory data supplied by the semantic representation
module 205. As shown in Figure 7, the perception module 210 may include a
perceptual associative memory 705, an episodic memory 710, a long-term memory
715, a scheduler 720, and a workspace 725. The workspace 720 provides a data
structure that represents information currently being evaluated by the machine
learning engine 140. That is, at any given moment, the workspace 725 stores
elements of data that currently have the “focus-of-attention” of the machine learning
engine 140. The workspace 725 may include precepts and codelets relevant to what
has been observed to be occurring in the scene at any given point in time. As
described above, codelets may be activated and applied to percepts in the
workspace. In one embodiment, the codelets indicate which data from the
workplace 725 should be provided to the behavior comprehension module 215 for

further analysis.

[0074] In one embodiment, the perceptual memory 705 may be configured to
assign interpretations made by the perception module 210 to incoming stimuli. In
general, the perceptual associative memory 705 collects data provided to the
perception module 210 and stores such data as percepts. More specifically, in one

embodiment, the perceptual associative memory 705 is implemented as a neuro-
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semantic network containing a plurality of nodes, each representing a semantic

concept and links representing relationships between the concepts.

[0075] As described above, nodes of the neuro-semantic hetwork may be excited
by an appropriate stimulus (e.g., data received by the perception modules 210), and
then iteratively propagate its excitement out to nodes linked to this particular node.
Accordingly, as data (e.g., phase-space and/or primitive event symbol streams, low-
dimensional vectors) are received from the semantic representation module 205,
nodes of the neuro-semantic nhetwork may become activated. In one embodiment,
nodes reaching an activation threshold, and possibly the associated codelets, are
copied to the workspace 725. The copied nodes typically represent concepts of
various complexity, for example, simple concept such as an object or its

characteristic, or complex concepts such as behaviors.

[0076] In general, the episodic memory 710 stores short-term data describing the
observed primitive events and/or behaviors. In other words, the episodic memory
710 is a memory for storing recently perceived events (referred to as percepts). For
example, a percept that has been recently acted upon by one or more codelets may
be copied to the episodic memory 710. Percepts in the episodic memory are

typically specific and contain information about “what,” “where,” and “when” for a
particular observed event and/or behavior. In one embodiment, the episodic
memory 710 may be implemented as a content-addressable memory. As is known,
a content-addressable memory (also referred to as associative memory) is a
technique for storing information that allows information to be retrieved based on

content, not on a storage location (e.g., a memory address) used to store content.

[0077] In contrast, the long-term memory 715 captures long-term data describing
(or generalizing) events and/or behaviors observed in the scene. The data stored as
memories in the long-term memory 715 are typically more general (abstract) than
those stored in the episodic memory 710. For example, in one embodiment, the
long-term memory 715 is configured to merge specific structures (i.e., percepts) into
generalized abstract groups. Thus, the long-term memory 715 may be used to build
and accumulate general events/patterns of behavior within a given scene. In one
embodiment, long term memory may be implemented as a sparse distributed

memory structure.
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[0078] Additionally, events and/or patterns of behavior stored in the episodic
memory 710 that have survived for a substantial period of time may be used to
develop or update a memory in the long-term memory 715. However, data stored in
the long-term memory 715 may decay over time (e.g., the specific details of an event
may decay out of long-term-memory 715). For example, if several cars have been
observed to park in the same place over a period of time, then over time, a long term
memory may develop representing a general pattern of a car being able to park in
that specific location (or more generally, a car may park in a location having the
general characteristics associated with the actual observed location). At the same
time, details regarding any particular parked car may decay from the episodic
memory 710 without ever reaching the long-term memory 715, such as percept
representing a one-time ordinary event (not abnormal as defined by the behavior
recognition system). Techniques for reinforcing (or decaying) information stored in

the episodic memory 710 and the long-term memory 715 are described below.

[0079] In one embodiment, the workspace 725 uses information found in the
long-term memory 715 and/or the episodic memory 710 to analyze events/behaviors
currently observed in the scene. When a percept is placed into the workspace 725
from the perceptual associative memory 705, similar data (i.e., percepts) may be
retrieved from the episodic memory 710 and/or the long term memory 715 and
copied into the workspace. In one embodiment, to determine whether a certain
percept is similar to a percept in the workspace 725, similarity scores are defined for
the percepts in the episodic memory 710 and the long-term memory 715. Percepts
having a similarity score above a certain threshold would be considered similar. The
similarity scores and/or thresholds may vary for different percepts and/or between
the episodic memory 710 and the long-term memory 715. By using data from the
episodic memory 710 and the long-term memory 715, the perception module 210
uses both specific detail and abstract information related to a current event/behavior

to better understand that event/behavior.

[0080] In general, the scheduler 720 acts as a repository for codelets and selects
what codelet to execute at any given time. For example, the scheduler 720 may
identify a match between percepts placed in the workspace 725 and the codelets. In
one embodiment, codelets are provided to the scheduler 720 from the perceptual

associative memory 705 and/or by an outside user. When an appropriate set of
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inputs required for a given codelet (e.g., a set of precepts) is available that codelet
may be placed in the workspace 725 and executed. When multiple codelets are
available for activation, the scheduler 720 may randomly select which codelet to
execute. In one embodiment, some codelets may be assigned an urgency value
defining an activation priority for a given codelet, e.g., a codelet defining a certain
abnormal behavior may have a higher activation priority than a codelet defining
normal behavior. At any given moment, numerous codelets may be in activated

state within the workspace 725.

[0081] As discussed above, codelets are typically executable code pieces that
process data and perform specific tasks. Frequently, a codelet may describe and/or
look for relationships between different percepts. In such a case, a codelet may be
configured to take a set of input precepts and process them in a particular way. For
example, a codelet may take a set of input percepts and evaluate them to determine
whether a particular event has occurred (e.g., a car parking). Moreover, a codelet
may be configured to create and/or destroy percepts, strengthen a bond between
two or more percepts, and so on. Furthermore, codelets may move between various
components of the perception module 210. For example, codelets may exist in the
perceptual associative memory 705, the scheduler 720, and/or the workspace 725.

Codelets may run independently and/or parallel to one another.

[0082] Further the perception module 210 may use a variety of different codelets
to “learn” from observed events, including, e.g., perception codelets (i.e., for looking
for input features and creating semantic events); structure codelets (i.e., for
connecting nodes or smaller structures in the workspace); behavior codelets (i.e., for
recognizing sequences of events associated with a given behavior); prediction
codelets (i.e., for determining expected events based on past experiences);
expectation codelets (i.e., for looking for expected outcomes and indicating when
such expected outcomes are not achieved); timekeeper codelets (i.e., for creating
events if not disabled after a period of time); and so on. Codelets for recognizing
anomalies may also be employed by the perception module 210. Such codelets may
evaluate percepts to identify when a given percept does not statistically correlate
with previously accumulated statistical data. In such case, an abnormal (or just

simply new) behavior may be identified.
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[0083] Figures 8A-8C are a flowchart illustrating a method 800 for analyzing,
learning, and recognizing behaviors, according to one embodiment of the invention.
As shown, the method starts at step 802. More specifically, Figures 8A-8C illustrate
a cognitive cycle for a machine learning engine configured to analyze and leamn from
behaviors in a sequence of video frames. Steps 804, 806, and 808 represent steps
for receiving data describing events/behaviors observed in the scene. More
specifically, at step 804 trajectory information is received about an object tracked in
the scene. As described above, this information may provide a variety of
characteristics 864 of a tracked object at a particular trajectory point of that object.
For example, this information may include object’s type as identified at a particular
trajectory point; data identifying the object, such as an identification number; the
object’s velocity and/or acceleration; time associated with the trajectory point, such
as a frame number and/or a time value as defined within the behavior recognition
system 100; the trajectory point description, such as pixels representing the
trajectory point, location within the scene, etc.; and/or other quantitative

characteristics of the object.

[0084] At step 806, primitive events 866 identified in the video stream are
received. In one embodiment, each primitive event is associated with at least one
object that participates in that primitive event. At step 808, formal language vectors
866 are received. As described above, the formal language vectors 866 may be
represented as low-dimensional vectors describing complete trajectories of the
objects tracked in the scene. In one embodiment, a formal language vector is
associated with an object and includes kinematics of the object exhibited along the
object’s trajectory in the scene together with primitive events that the object has

participated in.

[0085] At step 812, higher level behavioral concepts 672 are perceived. As
described above, incoming data may excite some nodes of a neuro-semantic
network located in a perceptual associative memory 705. If the incoming data
provides an adequate stimulus, then a set of nodes representing a higher level
concept may become activated. At step 814, a percept (i.e., the set of excited nodes
representing a higher level concept excited by the input to the perceptual associative
memory) may be copied to the workspace 725 for further analysis. Note, some

concepts may take multiple video frames to be activated (e.g. a vehicle turns), while
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other concepts may be activated essentially instantaneously, i.e., requires only a

single video frame (e.g., a vehicle appearing in the scene).

[0086] At step 816, memories relevant to the percept copied into the workspace
at step 814 may be used to search and retrieve various memories 876 (such as
memories from an episodic memory 710 and a long-term memory 715). In one
embodiment, a similarity measure may be defined to determine whether a concept
stored as a memory is relevant to a percept copied into the workspace. In one
embodiment, all relevant data is sought. In another embodiment, only the most
relevant data (e.g., as defined by the similarity measure) is sought. The relevant
data may be sought at each concept level (e.g., complexity level), only on a certain
concept level, or a search-codelet may alternate between different concept levels
every time it runs. The retrieved concepts are also copied to the workspace 725. In
this manner, the workspace acquires data useful in interpreting and comparing

currently observed behaviors/events to past ones.

[0087] At step 818, a codelet may be selected to execute based on the
information then in the workspace 725. As described above, codelets may be
configured to analyze and process data placed into the workspace 725 to recognize,
interpret, and analyze behaviors observed by the behavior-recognition system 100.
When multiple codelets are available for activation, a codelet that is activated to run
its particular task may be picked randomly (or semi-randomly, as discussed above).
The selected codelet may be configured to apply model based reasoning, logic
based reasoning, and reasoning by analogy to information copied to the workspace
725 to recognize behaviors and/or other events. Further, in one embodiment,
codelets may build new structures, such as combine two or more percepts into a
complex concept, and/or supply their own structures and name the newly created
structures. The name for a higher level concept may be determined, e.g., by

combining labels of the combined structures.

[0088] As described above, one type of codelet may be configured to determine
whether an anomaly has occurred. For example, an “anomaly detector” codelet may
analyze data in the workspace 725 to compare current observations in the scene
with patterns stored in the long-term memory 715. If such a codelet determines that
differences are significant, an anomaly event/behavior may be identified. In one

embodiment, trajectories in the scene and associated data are saved in a support
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vector machine. Such data may be used the “anomaly detector” codelet to
determine whether a currently observed trajectory is “normal” for that environment.
In another embodiment, a codelet for sampling velocity and acceleration evaluates
velocity and acceleration data and determines their distributions for each type of
trajectory objects (e.g., velocity and acceleration distributions are likely to differ for a
vehicle and a human). After statistically sufficient distribution samples are collected,
currently observed data may be compared against such distributions to determine
whether the currently detected speeds and/or velocities of the tracked objects are

“normal.”

[oo089] At step 820, a codelet (or corresponding percepts and memories) may be
selected and placed into a focus of attention data structure. At step 822, an
indication of percepts stored in the focus of attention may be broadcast to other
components of the behavior-recognition system 100, so appropriate actions may be
taken. In one embodiment, percepts in the focus of attention 880 are also stored in
the episodic memory 710. Further, two types of the actions may be taken based on
the broadcast data; namely, internal and external actions. At step 824, one or more
internal actions are selected and performed. Internal action may include
creating/updating procedures, concepts, models and/or events, plans and/or

expectations and so on.

[0090] For example, in one embodiment, when a new behavior is observed, a
new concept may be created. Assume that a percept representing a two-car
accident has previously been leamed. Then, when the behavior recognition system
100 observes a three car accident, the system 100 would recognize the three car
accident as a new behavior. Consequently, a new concept may be created using the
two car accident as a base. To define this new concept, a new higher level node
may be created in a perceptual memory of the system 100. In one embodiment,
such a node would be conceptually related to the node representing the two car
accident and one extra car node. A label may be assigned to the new node by
combining labels of the nodes it is constructed from (e.g., “car-car-car accident,”
where “car’ is a label of the car node and “car-car accident” is a label of the two car

accident.

[0091] In another embodiment, similarity learning is implemented. For example,

when a percept representing a currently observed behavior/event (e.g., parking
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event), is similar to another percept (another parking event), previously learned, an
internal action performed in response to the broadcast of such a percept may be
creating a new percept which is the average of the current percept and the
previously learned percept (such as a percept having average of the deceleration
values and the like). In this manner the neuro-semantic network grows, providing

larger pool of samples of observed behaviors for future behavioral analysis.

[0092] In yet another embodiment, a model of a behavior based on accumulated
data may be created based on the accumulated data. Within such a model,
predictions of what should happen, where, and how, may be made. When an
event/behavior correlating with the model is broadcast, the model may be updated.
In other words, the behavior recognition system uses environmental feedback to
learn behaviors. For example, if the behavior recognition system 100 observes two
cars approaching each other at a high speed, the behavior recognition system 100
(e.g., an expectation codelet) relying on an accident model may predict an accident
will occur. However, if subsequently, no accident occurs when the received input
satisfies requirements of the expectation codelet, the accident model could be
adjusted (e.g., do not predict a crash until two vehicles approaching at a high speed
are within a certain distance of each other). In one embodiment, when the expected
event does not occur, the expectation codelet attaches to the contradictory percept
(a percept representing what really happened), excites nodes of the perceptual
memory, and reaches the focus of attention, so the model could be updated using
the current observations. The model would continue to be updated when the

appropriate input is available.

[0093] At step 826, one or more external actions may be performed. The external
actions may generally include any action that involves communicating with
something (or someone) outside of the machine learning engine. For example,
external actions may include issuing alarms (e.g., sounds indicating abnormal
event/behavior, fire alarm, etc.), messages (e.g., printing a message on a screen,
sending e-mail, sending a text message over the phone, calling police, etc.),
adjusting operation of a video acquisition device (e.g., adjusting contrast in a video
camera, view of the video camera, etc.), combination thereof, and so on. Different
types of observations (e.g., abnormal event, specific event, etc.) may cause different

actions to be performed. For example, a particular observation may be associated
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with a specific external action or set of external actions (e.g., plan of actions); an
external action to be performed may be determined using previous experience;
default action may be selected; etc. In one embodiment, the external actions may
also include providing feedbacks to the semantic representation module 205 and/or
computer vision engine 135. Furthermore, the external actions may be pre-defined,
learned, or both. Moreover, in one embodiment, the external action may be modified

via an outside input.

[0094] Steps 828 through 844 illustrate an example of decay/reinforcement
procedures that may be used by the behavior recognition system 100. In general,
information (such as percepts and/or memories in the episodic or long-term
memories) useful to interpret observed behaviors is reinforced by increasing its base
activation, while all information structures decay by lowering it. If the base activation
of a percept or other structure decays below a threshold, it is eliminated. At step
828, a behavioral structure/procedure is selected to determine whether it should be
reinforced. Typically, percepts that reach the focus of attention are reinforced. In
other words, percepts observed frequently survive while others do not. At step 830,
it is determined whether the selected behavior/procedure has reached the focus of
attention. If the selected structure/procedure has reached the focus of attention, the
method 800 proceeds with step 832, where it is determined whether the selected

structure/procedure is an expectation procedure.

[0095] Expectation procedures typically predict how a certain behavior/event
would progress. Such a prediction may be correct, and thus, be useful in analyzing
future behaviors/events, or incorrect, and thus, may sabotage proper analysis of
future behaviors/events. Accordingly, in one embodiment, when the expectation
procedure is incorrect in its predictions, i.e., with proper inputs the expected result
did not occur (determined at step 836), the base activation value of the procedure is
lowered at step 838, i.e., the procedure decays. However, if the expectation
procedure is correct and the expected result did occur, then the procedure is
reinforced via increasing the base activation of the procedure at step 834. Note,
however, in one embodiment, even though a memory is reinforced at step 824, it
may also be lowered as pan of step 838 by a different (typically lower) amount. That
is, all memory structures may decay, but only some are reinforced. Thus, structures

(e.g., behaviors and procedures) adequately reinforced will remain, while others may
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ultimately decay away. Behaviors/procedures that have reached the focus of

attention and are not expectation procedures are similarly reinforced at step 834.

[0096] A base activation generally represents how permanent and/or accurate is
a particular structure/ procedure. By how much a base activation value is
increased/lowered in each particular case may be determined by a variety of factors,
such as where the structure/procedure is found (e.g. episodic memory vs. long term
memory), type of structure/ procedure (e.g., normal vs. abnormal, simple v. complex,
etc.), and so on. In one embodiment, there are two kinds of decay procedures which
are implemented in the behavior recognition system 100. One kind is a linear decay
that is applied, for example, to the content of the workspace 725. Another kind is
non-linear decay that is applied, for example, to the structures/procedures stored in
the memories. In this manner, structures/procedures found in the workspace decay
quickly unless they reach the focus of attention. In contrast, once
structures/procedures reach one of the memories and receive sufficient

reinforcement, they decay at a slower rate.

[0097] Furthermore, different components of the behavior recognition system may
have different decay and/or reinforcement rates. For example, in one embodiment,
different memories have different decay rates, e.g., the episodic memory’s decay
rate is higher (structures/procedures decay faster) than the long term memory’s
decay rate (structures/procedures decay slower). In another embodiment,
structures/procedures placed in one of the behavior-recognition system’s
components never decay. For example, codelets found in the scheduler 720 may

never decay.

[0098] Moreover, different structures/procedures may have different rate of
reinforcement and/or decay. For example, abnormal events/behaviors, such as
violent interactions, usually do not happen frequently. Consequently, percepts or
codelets associated with the abnormal behaviors do not reach the focus of attention
as often. However, it may be beneficial to keep data describing the abnormal
behaviors/events available. Accordingly, in one embodiment, the decay rate for the
abnormal events/behaviors is very low. In another embodiment, special codelets are
employed to reinforce the abnormal behaviors/structures even when they do not
reach the focus of attention. In yet another embodiment, data associated with the

abnormal behaviors/events simply does not decay.
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[0099] As structures/procedures decay, they may eventually become eliminated.
In one embodiment, at step 840, the activation base value of the selected
structure/procedure is compared to a pre-defined removal threshold to determine
whether the structure/procedure needs to be eliminated. If the activation base value
is equal or below the removal threshold then, at step 842, the structure/procedure is
eliminated. Note that similar to the decay/reinforcement rates, a pre-defined removal
threshold may vary for different structures/procedures and/or the behavior
recognition system’s components. At step 844 it is determined whether the
decay/reinforcement procedure has been completed. If yes, then the method 800

returns to step 802 and initiates another cycle of the cognitive process.

[00100] However, if the decay/reinforcement procedure has not been completed
(e.g., not every structure/procedure has been selected for reinforcement/decay) the

method 800 returns to step 828, where a new structure/procedure is selected.

[00101]  In one embodiment, the reinforcement/decay procedure is implemented
using various codelets. In another embodiment, only the reinforcement of the
structures/procedures is implemented using codelets, while the decay is included
into a main loop of the behavior recognition system 100 (e.g., the method 300
ilustrated in Figure 3). Note however, that it is not necessary to perform all of the
above-described steps of the method 800 in the order named. Furthermore, not all
of the described steps are necessary for the described method to operate. Which
steps should be used, in what order the steps should be performed, and whether
some steps should be repeated more often than other steps is determined, based
on, for example, needs of a particular user, specific qualities of an observed

environment, and so on.

[00102]  Advantageously, as described herein, embodiments of the invention
enable recognizing and learning newly perceived objects and behaviors and their
relationship to already known objects and behaviors within an observed
environment. Moreover, embodiments of the invention enable using environmental
feedback for accurately evaluating, reinforcing, and modifying the patterns of
behaviors learned about a given object. Furthermore, embodiments of the invention
enable identifying which of the observed behaviors are normal or abnormal. Also,
embodiments of the invention enable reinforcing repeatedly occurring behaviors

while decaying memories representing behaviors that only occur occasionally.
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[oo103]  While the foregoing is directed to embodiments of the present invention,
other and further embodiments of the invention may be devised without departing
from the basic scope thereof, and the scope thereof is determined by the claims that

follow.
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WHAT IS CLAIMED IS:

1. A method for processing data describing a scene depicted in a sequence of
video frames, the method comprising:

receiving input data describing one or more objects detected in the scene,
wherein the input data includes at least a classification for each of the one or more
objects;

identifying one or more primitive events, wherein each primitive event
provides a semantic value describing a behavior engaged in by at least one of the
objects depicted in the sequence of video frames and wherein each primitive event
has an assigned primitive event symbol;

generating, for one or more objects, a primitive event symbol stream which
includes the primitive event symbols corresponding to the primitive events identified
for a respective object;

generating, for one or more objects, a phase space symbol stream, wherein
the phase space symbol stream describes a trajectory for a respective object
through a phase space domain;

combining the primitive event symbol stream and the phase space symbol
stream for each respective object to form a first vector representation of that object;
and

passing the first vector representations to a machine learning engine
configured to identify patterns of behavior for each object classification from the first

vector representation.

2. The method of claim 1, further comprising, applying a singular value
decomposition (SVD) to the first vector representations to generate a second vector
representations from the first vector representations, wherein the second vector

representations reduce the dimensionality of the first vector representations.

3. The method of claim 1, wherein the classification for an object specifies that
the object depicted in the sequence of video frames depicts one of a vehicle object,

a person object, or an unknown object.

4. The method of claim 3, wherein the object is classified as a person, and
wherein the input data further includes a posture of the person as depicted in the

sequence of video frames.
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5. The method of claim 1, wherein the phase space domain specifies a three-

dimensional position of the object as depicted within the scene.

6. The method of claim 1, wherein input data further describes trajectories of one

or more of the objects depicted within the scene.

7. The method of claim 1, wherein the input data includes a trajectory of one or
more of the objects depicted within the scene and includes a velocity determined for
one or more of the objects depicted within the scene, and wherein the phase space
symbol stream is generated from the trajectories and velocities of the one or more

objects.

8. A computer-readable storage medium containing a program, which, when
executed on a processor is configured to perform an operation for processing data
describing a scene depicted in a sequence of video frames, comprising:

receiving input data describing one or more objects detected in the scene,
wherein the input data includes at least a classification for each of the one or more
objects;

identifying one or more primitive events, wherein each primitive event
provides a semantic value describing a behavior engaged in by at least one of the
objects depicted in the sequence of video frames and wherein each primitive event
has an assigned primitive event symbol;

generating, for one or more objects, a primitive event symbol stream which
includes the primitive event symbols corresponding to the primitive events identified
for a respective object;

generating, for one or more objects, a phase space symbol stream, wherein
the phase space symbol stream describes a trajectory for a respective object
through a phase space domain;

combining the primitive event symbol stream and the phase space symbol
stream for each respective object to form a first vector representation of that object;
and

passing the first vector representations to a machine learning engine
configured to identify patterns of behavior for eaich object classification from the first

vector representation.
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9. The computer-readable storage medium of claim 9, wherein the operation
further comprises, applying a singular value decomposition (SVD) to the first vector
representations to generate a second vector representation from each first vector
representation, wherein the second vector representations reduce the dimensionality

of the corresponding first vector representation.

10.  The computer-readable storage medium of claim 9, wherein the classification
for an object specifies that the object depicted in the sequence of video frames

depicts one of a vehicle object, a person object, or an unknown object.

11.  The computer-readable storage medium of claim 10, wherein the object is
classified as a person, and wherein the input data further includes a posture of the

person as depicted in the sequence of video frames.

12. The computer-readable storage medium of claim 9, wherein the phase space
domain specifies a three-dimensional position of the object as depicted within the

scene.

13.  The computer-readable storage medium of claim 9, wherein input data further

describes trajectories of one or more of the objects depicted within the scene.

14.  The computer-readabie storage medium of claim 9, wherein the input data
includes a trajectory of one or more of the objects depicted within the scene and
includes a velocity determined for one or more of the objects depicted within the
scene, and wherein the phase space symbol stream is generated from the

trajectories and velocities of the one or more objects.

15. A system, comprising:
a video input source;
a processor; and
a memory storing a machine leaming engine, wherein the machine learning
engine is configured to:
receive input data describing one or more objects detected in the
scene, wherein the input data includes at least a classification for each of the

one or more objects;
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identifying one or more primitive events, wherein each primitive event
provides a semantic value describing a behavior engaged in by at least one of
the objects depicted in the sequence of video frames and wherein each
primitive event has an assigned primitive event symbol;

generate, for one or more objects, a primitive event symbol stream
which includes the primitive event symbols corresponding to the primitive
events identified for a respective object;

generate, for one or more objects, a phase space symbol stream,
wherein the phase space symbol stream describes a trajectory for a
respective object through a phase space domain;

combine the primitive event symbol stream and the phase space
symbol stream for each respective object to form a first vector representation
of that object; and

pass the first vector representations to a machine learning engine
configured to identify patterns of behavior for each object classification from

the first vector representation.

16.  The system of claim 15, wherein the machine learning engine is further
configured to apply a singular value decomposition (SVD) to the first vector
representations to generate a second vector representations from the first vector
representations, wherein the second vector representations reduce the

dimensionality of the first vector representations.

17.  The system of claim 15, wherein the classification for an object specifies that
the object depicted in the sequence of video frames depicts one of a vehicle object,

a person object, or an unknown object.

18.  The system of claim 17, wherein the object is classified as a person, and
wherein the input data further includes a posture of the person as depicted in the

sequence of video frames.

19.  The system of claim 15, wherein the phase space domain specifies a three-

dimensional position of the object as depicted within the scene.

20. The system of claim 15, wherein input data further describes trajectories of

one or more of the objects depicted within the scene.
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21.  The system of claim 15, wherein the input data includes a trajectory of one or
more of the objects depicted within the scene and includes a velocity determined for
one or more of the objects depicted within the scene, and wherein the phase space
symbol stream is generated from the trajectories and velocities of the one or more

objects.
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