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57 ABSTRACT

A method for profiling network traffic of a network. The
method includes obtaining a signature library comprising a
plurality of signatures corresponding to a plurality of behav-
ioral models, generating, based on a first pre-determined cri-
terion, a group behavioral model associated with the signa-
ture library, wherein the group behavioral model represents a
common behavior of a plurality of historical flows identified
from the network traffic, wherein each of the plurality of
signatures correlates to a subset of the plurality of historical
flows, selecting a flow in the network traffic for including in a
target flow set, wherein the flow matches the group behavioral
model without matching any of the plurality of behavioral
models, analyzing the target flow set to generate a new sig-
nature, and adding the new signature to the signature library.
Further, each behavioral model is generated from a kernel
constructed using boosting of decision tree learning methods.
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v - 221

Obtain a signature library comprising a
plurality of signatures

l Is 222

Generate, based on a first pre-determined
criterion, a group behavioral model
associated with the signature library

l / 223

Select a flow in the network traffic for
including in a target flow set, where the flow
matches the group behavioral model without

being correlated to any corresponding

application of the signatures

v - 224

Analyze the target flow set to generate a
new signature

l /- 225
Add the new signature to the signature
library
END
FIG. 2A
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1
CLASS DISCOVERY FOR AUTOMATED
DISCOVERY, ATTRIBUTION, ANALYSIS, AND
RISK ASSESSMENT OF SECURITY THREATS

BACKGROUND OF THE INVENTION

1. Field of the Invention

The present invention relates to computers and computer
networks. More particularly, the invention relates to profiling
Internet traffic flows to identify network applications and/or
security threats responsible for the traffic flows.

2. Background of the Related Art

In the past years, the number of cyber attacks keeps
increasing affecting millions of systems. Such malicious
activities, often termed as Malware (acronym from malicious
software), includes different worms, botnets, trojans, back-
doors, spyware, etc. Then, there is a new trend in exploiting
social networks and mobile devices. Also, the sophistication
and effectiveness of cyber-attacks have steadily advanced.
These attacks often take advantage of flaws in software code,
use exploits that can circumvent signature-based tools that are
commonly used to identify and prevent known threats, and
social engineering techniques designed to trick the unsus-
pecting user into divulging sensitive information or propagat-
ing attacks. These attacks are becoming increasingly auto-
mated with the use of botnets-compromised computers that
can be remotely controlled by attackers to automatically
launch attacks. Bots (short for robots) have become a key
automation tool to speed the infection of vulnerable systems
and are extremely stealthy in the way they communicate and
ex-filtrate personal/proprietary information from the victims’
machines/servers. The integration of such sophisticated com-
puter attacks with well-established fraud mechanisms
devised by organized crime has resulted in an underground
economy that trades compromised hosts, personal informa-
tion, and services in a way similar to other legitimate econo-
mies. This expanding underground economy makes it pos-
sible to significantly increase the scale of the frauds carried
out on the Internet and allows criminals to reach millions of
potential victims.

Such continuous and ever changing challenges to protect
the users has made cyber-security is a very active and bleed-
ing-edge research. This has become an arm race between the
security researchers and malicious users. Today’s approach to
information security can be broken down into two major
classes of technologies, host security, and network security.

A prevalent category of host-based security is malware
prevention, comprising a broad group of agent-based solu-
tions that look for particular signatures and behavioral signs
of malicious code execution at the host level. This approach,
known as blacklisting, focuses on matching specific aspects
of application code and particular actions being attempted by
applications for detection. Signature-based/blacklisting
detection has been around for many years. In that same time,
viruses, worms, sniffers, trojans, bots and other forms of
malware have infiltrated e-mail, instant messaging, and later,
social networking sites for the purpose of criminal financial
gain. With improvements in correlation and centralized man-
agement, blacklisting still works very effectively in most
distributed enterprise and capable to (i) pinpoint malicious
activities with high detection rate while very low false posi-
tive/false negative rates, (ii) reverse engineering the malware
executable to highlight malware inner properties such as mes-
sage structure and message passing (strengths and weak-
nesses of the malware), and (iii) assess the level of risk of the
threat by analyzing effects to the end-host (such as system
calls, registries being touched, etc). However, because these
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signature-based models depend on advanced knowledge of
malicious code and behaviors, some instances can be missed,
leading to potential malicious execution.

On the network side, three prevalent approaches are
blended together to offer network-based security, (i) firewall
systems, (ii) intrusion detection/prevention systems (IDS/
IPS) and (iii) network behavior anomaly detection (NBAD)
systems. These three different approaches complement each
other and are commonly adopted/deployed by enterprises to
form a holistic network security strategy. Generally, the first
two approaches tackle the network security problem in a
similar fashion as the host security (usage of threat signatures
specialized at the network level), and thus prone to similar
benefits and shortfalls as for the host security. The third
approach attempts to discover threats without requiring
a-priori knowledge of the malicious code and behavior by
using algorithms to generate model(s) that retain(s) the prop-
erties of good traffic and alarm for sessions that do not con-
form to the model. While effective in spotting threats never
seen before, the third approach is still prone to high rate of
false positive/false negative that the security analyst is forced
to screen before making a decision. This shortfall is mostly
due to the lack of a solid ground truth that the statistical tools
can be trained on to produce precise statistical models emu-
lating the threat activities.

A support vector machine (SVM) is a set of supervised
learning methods that analyze statistically related data items
and recognize patterns for classification and regression analy-
sis. In particular, the SVM is a non-probabilistic binary linear
classifier that receives a set of input data and predicts, for each
given input, which of two possible classes the input belongs
to. Given a set of training data items, each marked as belong-
ing to one of two classes, an SVM training algorithm builds a
model that assigns new data items into one class or the other.
An SVM model is a representation of the data items as points
in a hyperspace, mapped so that the data items of the separate
classes are divided by a clear gap that is as wide as possible.
New data items are then mapped into that same hyperspace
and predicted to belong to a class based on which side of the
gap they fall on.

The statistically related data items may correspond to
points in a finite dimensional space, where each coordinate
corresponds to one feature of the data items. The two classes
ofthe SVM are often not linearly separable in that space. This
finite dimensional space may be mapped into a higher dimen-
sional space to allow easier separation by using a kernel
method. Kernel methods are a class of algorithms for pattern
analysis to find general types of relations (e.g., clusters, rank-
ings, principal components, correlations, classifications) in
general types of data items (e.g., sequences, text documents,
sets of points, vectors, images, etc.). Kernel methods use a
weighting function, referred to as a kernel, in kernel density
estimation to estimate random variables” density functions. In
particular, the use of the kernel enables the kernel methods to
operate in the higher dimensional space without computing
the coordinates of the data items in the higher dimensional
space.

Decision tree learning is a method commonly used in data
mining. The goal is to create a model that predicts the value of
atarget variable based on several input variables. In a decision
tree, leaves (i.c., leaf nodes) represent class labels and
branches (i.e., edges) represent conjunctions of features that
lead to those class labels.

SUMMARY

In general, in one aspect, the present invention relates to a
method for profiling network traffic of a network. The method

IPR2023-01053
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includes (i) obtaining a training dataset having n entries each
comprising a plurality of feature values and a ground truth
class label, wherein the plurality of feature values correspond
to a plurality of features of a historical flow in the network
traffic, wherein the historical flow is tagged with the ground
truth class label based on data characteristics associated with
a corresponding application executing in the network, (i)
constructing a ground truth kernel in a nxn matrix format by
self multiplication of a ground truth class label vector,
wherein the ground truth class label vector comprises n
ground truth class labels each from one of the n entries in the
training dataset, (ii) generating n initial boosting weights each
corresponding to one of the n entries in the training dataset,
wherein each of the n initial boosting weights represents
estimated importance of a corresponding one of the n entries,
(iii) generating, by a processor of a computer system, a first
decision tree from the training dataset based on a decision tree
learning algorithm using the n initial boosting weights,
wherein the first decision tree maps each entry of the training
dataset to a corresponding one in n first predicted class labels
based on the plurality of feature values in the each entry,
wherein a first predicted class label vector comprises the n
first predicted class labels mapped by the first decision tree to
the n entries in the training dataset, (iv) adjusting the n initial
boosting weights to generate n adjusted boosting weights by
comparing corresponding matrix elements between the
ground truth kernel and a first kernel constructed by self
multiplication of the first predicted class label vector, wherein
a first matrix element mismatch increases the importance of
the corresponding one of the n entries where the first matrix
element mismatch occurs, (v) generating, by the processor, a
second decision tree from the training dataset based on the
decision tree learning algorithm using the n adjusted boosting
weights, wherein the second decision tree maps the each entry
of the training dataset to a second predicted class label based
on the plurality of feature values in the each entry, wherein a
second predicted class label vector comprises n second pre-
dicted class labels mapped by the second decision tree to the
n entries in the training dataset, (vi) generating, by the pro-
cessor, a behavioral model based at least on the first predicted
class label vector and the second predicted class label vector,
and (vii) determining a class label for a new flow in the
network traffic based on whether the new flow matches the
behavioral model.

In general, in one aspect, the present invention relates to a
system for profiling network traffic of a network. The system
includes a processor and memory storing instructions. The
instructions, when executed by the processor, including func-
tionality for (i) obtaining a training dataset having n entries
each comprising a plurality of feature values and a ground
truth class label, wherein the plurality of feature values cor-
respond to a plurality of features of a historical flow in the
network traffic, wherein the historical flow is tagged with the
ground truth class label based on data characteristics associ-
ated with a corresponding application executing in the net-
work, (ii) constructing a ground truth kernel in a nxn matrix
format by self multiplication of a ground truth class label
vector, wherein the ground truth class label vector comprises
n ground truth class labels each from one of the n entries in the
training dataset, (iii) generating n initial boosting weights
each corresponding to one of the n entries in the training
dataset, wherein each of the n initial boosting weights repre-
sents estimated importance of a corresponding one of the n
entries, (iv) generating a first decision tree from the training
dataset based on a decision tree learning algorithm using the
ninitial boosting weights, wherein the first decision tree maps
each entry of the training dataset to a corresponding one in n
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first predicted class labels based on the plurality of feature
values in the each entry, wherein a first predicted class label
vector comprises the n first predicted class labels mapped by
the first decision tree to the n entries in the training dataset, (v)
adjusting the n initial boosting weights to generate n adjusted
boosting weights by comparing corresponding matrix ele-
ments between the ground truth kernel and a first kernel
constructed by self multiplication of the first predicted class
label vector, wherein a first matrix element mismatch
increases the importance of the corresponding one of the n
entries where the first matrix element mismatch occurs, (vi)
generating a second decision tree from the training dataset
based on the decision tree learning algorithm using the n
adjusted boosting weights, wherein the second decision tree
maps the each entry of the training dataset to a second pre-
dicted class label based on the plurality of feature values in
the each entry, wherein a second predicted class label vector
comprises n second predicted class labels mapped by the
second decision tree to the n entries in the training dataset,
(vii) generating a behavioral model based at least on the first
predicted class label vector and the second predicted class
label vector, and (viii) determining a class label for anew flow
in the network traffic based on whether the new flow matches
the behavioral model.

In general, in one aspect, the present invention relates to a
computer readable medium storing instructions, when
executed by the computer to profile network traffic of a net-
work, the instructions include functionality for (i) obtaining a
training dataset having n entries each comprising a plurality
of feature values and a ground truth class label, wherein the
plurality of feature values correspond to a plurality of features
of a historical flow in the network traffic, wherein the histori-
cal flow is tagged with the ground truth class label based on
data characteristics associated with a corresponding applica-
tion executing in the network, (ii) constructing a ground truth
kernel in a nxn matrix format by self multiplication of a
ground truth class label vector, wherein the ground truth class
label vector comprises n ground truth class labels each from
one of the n entries in the training dataset, (iii) generating n
initial boosting weights each corresponding to one of the n
entries in the training dataset, wherein each of the n initial
boosting weights represents estimated importance of a corre-
sponding one of the n entries, (iv) generating a first decision
tree from the training dataset based on a decision tree learning
algorithm using the n initial boosting weights, wherein the
first decision tree maps each entry of the training dataset to a
corresponding one in n first predicted class labels based on the
plurality of feature values in the each entry, wherein a first
predicted class label vector comprises the n first predicted
class labels mapped by the first decision tree to the n entries in
the training dataset, (v) adjusting the n initial boosting
weights to generate n adjusted boosting weights by compar-
ing corresponding matrix elements between the ground truth
kernel and a first kernel constructed by self multiplication of
the first predicted class label vector, wherein a first matrix
element mismatch increases the importance of the corre-
sponding one of the n entries where the first matrix element
mismatch occurs, (vi) generating a second decision tree from
the training dataset based on the decision tree learning algo-
rithm using the n adjusted boosting weights, wherein the
second decision tree maps the each entry of the training
dataset to a second predicted class label based on the plurality
of feature values in the each entry, wherein a second predicted
class label vector comprises n second predicted class labels
mapped by the second decision tree to the n entries in the
training dataset, (vii) generating a behavioral model based at
least on the first predicted class label vector and the second
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predicted class label vector, and (viii) determining a class
label for a new flow in the network traffic based on whether
the new flow matches the behavioral model.

Other aspects and advantages of the invention will be
apparent from the following description and the appended
claims.

BRIEF DESCRIPTION OF DRAWINGS

FIG. 1A shows an architecture diagram according to
aspects of the invention.

FIG. 1B shows a system block diagram according to
aspects of the invention.

FIG. 1C shows a schematic diagram according to aspects
of the invention.

FIG. 2A shows a method flow chart according to aspects of
the invention.

FIG. 2B shows a method flow chart according to aspects of
the invention.

FIGS. 3A-3G show examples according to aspects of the
invention.

FIG. 4 shows a computer system according to aspects of the
invention.

DETAILED DESCRIPTION

Specific embodiments of the invention will now be
described in detail with reference to the accompanying fig-
ures. Like elements in the various figures are denoted by like
reference numerals for consistency.

Inthe following detailed description of embodiments of the
invention, numerous specific details are set forth in order to
provide a more thorough understanding of the invention. In
other instances, well-known features have not been described
in detail to avoid obscuring the invention.

Generally speaking, a traffic stream (or flow) between two
network hosts is a series of data records regarding the com-
munication between the two network hosts engaged in a
Internet transaction. Each traffic stream is uniquely defined
by a 5-tuple identifier (i.e., source address, destination
address, source port, destination port, and transport protocol).
Throughout this document, the terms “traffic flow”, “flow”,
“traffic stream” and “stream” are used interchangeably.

‘When a data record of the traffic stream includes the entire
packet (i.e., packet header and payload content), the traffic
stream includes full packet visibility. Full packet visibility
represents the finest level of information that can be collected
for an Internet transaction.

From time to time, only information about packet headers
(i.e., without payload content) can be collected for an Internet
transaction. When a data record of the traffic stream includes
only packet header, the traffic stream includes the traffic flow
visibility only. Traffic flow visibility represents the second
finest level of information that can be collected for an Internet
transaction. In this case, an Internet transaction between two
network hosts can only be partially reconstructed by grouping
all packet headers with a common 5-tuple identifier (i.e.,
source address, destination address, source port, destination
port, and transport protocol), while the fingerprint (at the
packet payload level) of the application involved in such a
transaction is lost.

In one or more embodiments of the invention, classifying
an application with only traffic flow visibility is performed by
leveraging statistical properties of the flow. Example of such
statistics are average and standard deviation of packet sizes in
the flow, or minimum, average, and maximum inter-arrival
packet times in the flow, etc.
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One way to collect traffic flows from the network is to
leverage the router infrastructure. All routers today are
capable to provide such information via protocols such as
Netflow® (a registered trademark of Cisco Systems, Inc., San
Jose, Calif.) or the equivalent JFlow® (a registered trademark
of Juniper Networks, Inc., Sunnyvale, Calif.). Sampling tech-
niques are often applied when routers are used to collect such
information in order to reduce the amount of processing time
required to carry over such a task. For example, Cisco routers
are typically deployed with packet sampling rate 1:200 (or
1:1000), meaning that not all packet headers of a traffic flow
are visible but only 1 out 200 packets of a flow (or 1 out of
1000 packets). Packet headers identified from a sampled ver-
sion of a traffic flow is referred to as netflow-like records and
the sampled version of the traffic stream includes the netflow-
like record visibility only. Throughout this document, packet
headers identified from non-sampled traffic flows or netflow-
like records identified from sampled traffic flows are gener-
ally referred to as packet header records.

Malware detection approaches may be broadly categorized
into two categories: anomaly-based and signature-based
detection. Signature based detection uses the characterization
of what is considered as malicious to decide the malicious-
ness of the program under inspection. For example, a Com-
mon N-Gram classification method may be used to create
malware profile signatures. Specifically, signatures are
extracted based on the probability of finding an n-gram in the
payloads of virus or clean files. For example, the signature-
based detection may be based on the aforementioned full
packet visibility. Signature matching and behavior of existing
malware can be used for detection. Useful signatures of exist-
ing malware provided great guidance in malware detection.
Once a signature has been created, it is added to the signature
based method’s knowledge. A major weakness of the signa-
ture based approach is that they failed to detect the zero-day
attacks, which are new attacks without any historical flows to
enable signature extraction. Also it fails to detect threats that
keep changing, for example, polymorphic and metamorphic
malwares. For example, metamorphic malware automatically
reprogram itself every time it is distributed or propagated. So,
they will be difficult to capture with signature based approach
as their signatures will also keep changing. Similarly, the
polymorphic malwares are also difficult to identify using this
technique as they self-mutates and use encryption.

On the other hand, an anomaly-based detection technique
uses the knowledge of what is considered as good behavior to
identify the anomaly as malicious program. A special type of
anomaly based detection is specification-based detection.
Specification based detection makes use of certain rule set of
what is considered as good in order to decide the malicious-
ness of the program violating the predefined rule set. The
programs violating the rule set are considered as malicious
program. For example, the anomaly-based detection may be
based on the aforementioned traffic flow visibility. The key
advantage of anomaly-based detection is its ability to detect
zero-day attacks. As noted above, zero-day attacks are attacks
that are previously unknown to the malware detector system.
There are two major limitation of this technique: Firstly, its
high false alarm rate, which means high proportion of good
programs are wrongly identified as malicious. Secondly, the
complexity involved in determining what features should be
learned in the training phase.

Embodiments of the invention provide a comprehensive
end-to-end data security system for real-time discovery,
analysis, risk assessment and attribution of information secu-
rity threats by tightly blending together the host-based secu-
rity (also referred to as host-security or host-view) and net-
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work-based security (also referred to as network-security or
network view) in a way to provide the analysts the benefits of
both while reducing their respective shortfalls. By crawling
malware distribution sites for malware executables and by
analyzing how the threat behaves in a sand-box environment
(i.e., controlled), the host-view provides the system with
unique insights into how the compromised machines commu-
nicate to malevolent servers and what is the most likely goal
they have been designed for. Furthermore, by accessing and
analyzing the executable code, the host view can automati-
cally extract the threat state machine or threat signature. Gen-
erally, this precise and information-rich view can only be
leveraged with knowledge that machines have been compro-
mised (i.e., after-the-fact) and activated and more importantly
with pre-knowledge of the malware executable code. To over-
come these limitations, the network-view is also used, which
is a more complete and macroscopic view of the network
activity that exhibits common and persistent behavioral pat-
terns shared by compromised hosts in the network. Statistical
models are generated by training the models on flows tagged
using the threat signatures provided by the host-view.
Accordingly, the models are tuned both to capture the holistic
properties shared by the malicious threat across as a whole
(and thus capable to spot new ones) and to model the behavior
of each of the discovered threat (and thus capable to discover
the known threats even in case the malicious sessions may be
encrypted to bypass traditional IDS and firewall network
systems). As a consequence, false positive/negative is
reduced to present more precise evidence of suspicious activi-
ties allowing the analyst to focus on events that require imme-
diate attention. Furthermore, the network security framework
will inspect flow payloads associated with suspicious flows to
automatically extract the threat state-machines and
executables, if present in the suspicious flow payloads, for
providing to the host-security regarding potential threats that
did not touch any of the monitored machines yet (and thus still
unknown to the host security).

Also, from the macroscopic network view, it is possible to
extract the information and behavior of all individual hosts.
This helps to augment the analysis with situational awareness
of the individual hosts. This involves analysis of communi-
cation graph of each host, type of each communication, repu-
tation and location of the hosts it has communicated. Accord-
ingly, communication behavioral patterns may be analyzed to
identify anomalies in the malicious hosts’ behavior.

FIG. 1A shows an architecture diagram (100) in accor-
dance with one or more embodiments of the invention. As
shown, the architecture diagram (100) includes host module
(101), Internet (102), data capture and processing module
(103), network module (107), information storage (112), and
security operation portal (113).

In one or more embodiments, the host module (101) con-
stantly searches the Internet (102) for malware executables.
Specifically, the host module (101) downloads and installs the
executable and analyzes the system calls and registry
accesses (e.g., using binary program analysis including both
static and dynamic analysis of executable code); furthermore,
it studies the way the compromised machine (e.g., a bot)
communicates back to the malevolent server (e.g., a com-
mand-and-control server of a botnet) and automatically
extrapolates the complete state machine of the protocol being
used, including a detailed understanding of the message for-
mat and passing mechanism,; finally it provides the data cap-
ture and processing module (103) (more specifically, the IDS/
IPS module (106)) with newly discovered signatures. The
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generated signatures are payload based and thus cannot detect
malicious flows when they are encrypted. Also, it fails to
capture zero-day threats.

In one or more embodiments, the data capture and process-
ing module (103) collects the data in the form of full packets,
packet headers and flow information. It uses a high speed
capture card for capturing full packets. This module is
capable of aggregating flow information and use flow parser
(105) to extract all the flow level features. This module also
has an intrusion detection/prevention system (IDS/IPS (106))
that leverages the work done by the host module (101) and
runs the generated rules against incoming packets (104)
where it searches deep within the packet payloads for
matches; when there is a match, that flow is labeled appro-
priately, otherwise the flow is labeled as unknown.

In one or more embodiments, the network module (107)
includes classifier (109) that analyzes the wider network traf-
fic activity and classifies suspicious traffic patterns and asso-
ciated hosts/servers in real-time according to pre-computed
statistical models (108) that are generated in an off-line fash-
ion and made available at regular times. The statistical models
(108) are generated using machine learning algorithms to
correlate statistical flow feature vectors (i.e., extracted on a
per-flow basis by the flow parser (105)) and associated flow
labels (provided by the IDP/IPS module (106)). Incoming
flows that are matched to a specific threat model (i.e., one of
the statistical models (108) associated with malicious activ-
ity) by the classifier (109) are immediately forwarded to the
database in the information storage (112). On the other hand,
flows that do not sufficiently match any of the threat models
but that still retain the properties of malicious behavior are
further analyzed by the threat tagger (111) at the payload level
to resolve the threat identity by extracting the state machine
shared by such flows and scoring the level of similarity
between the newly extracted state machine and the ones avail-
able to the host module (101).

The network module (107) also involves an offline graph
analysis engine (i.e., situation module (110)) to provide situ-
ational awareness knowledge and visibility into communica-
tion patterns annotated from the collected flows. It identifies
suspicious hosts” behaviors which are not already labeled.
Based on the behaviors of the hosts detected by the host
module (101), situation module (110) builds a model to sepa-
rate out anomalous behavior from the regular one. Once the
behavioral model is available, threats that are analogous to the
previous ones can be identified without depending on payload
signatures. Also, studying the communication behavior of the
hosts facilitates identifying a group of unfamiliar behaviors in
the network. In either case, situation module (110) collects
the group of flows and sends them to threat tagger (111) to
generate the corresponding state machines, which are then
sent to the host module (101).

In one or more embodiments, the information storage (112)
stores all the data, associated labels, all information about
threats, generated signatures, etc. The information storage
(112) includes two portions: flow data storage and output
databases. The flow data storage stores all flow payloads, flow
features associated with threat labels, information about the
threats with payload signatures, associated state machines,
network connectivity information, etc. On the other hand, the
generated behavioral patterns, risk assessment, labels and
communities of hosts and servers engaged in the same or
similar malevolent activity are stored into databases and dis-
played, for example through a web based user interface such
as the security operation portal (113).

Although the architecture diagram (100) is described in the
specific context of detecting malicious activities in the Inter-
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net (102), the techniques to combine host-based profiling and
network-based profiling in a closed loop system are also
applicable for profiling general network traffic to model
behavioral characteristics of applications executing in the
network and to label individual flows based on such behav-
joral models. Such techniques are described in reference to
FIG. 1B and FIG. 2A below.

FIG. 1B shows a system block diagram of a system (200) in
accordance with one or more embodiments of the invention.
Those skilled in the art, having the benefit of this detailed
description, will appreciate the components shown in FIG. 1B
may differ among embodiments of the invention, and that one
or more of the components may be optional. Although spe-
cific numbers of components are shown in FIG. 1B, different
number of each component may be included. In one or more
embodiments of the invention, one or more of the components
shown in FIG. 1B may be omitted, repeated, supplemented,
and/or otherwise modified from that shown in FIG. 1B.
Accordingly, the specific arrangement of components shown
in FIG. 1B should not be construed as limiting the scope of the
invention.

A shown in FIG. 1B, the system (200) includes data net-
work (202), data capture module (201), pattern matching
engine (202), signature library (203), statistical classifier
(204), data loader (205), processing unit (PU) (206), statisti-
cal models (215), job controller (213), signature generator
(214), output data repository (211), and graphical user inter-
face (GUI) (212). Further, the DU (206) includes flow storage
(207), statistical model generator (208), cluster analyzer
(209), and situation awareness module (210). The data net-
work (220) may include wired and/or wireless portions of the
Internet and/or other data communications networks such as
wide area networks (WANs), local area networks (LANs),
etc. The output data repository (211), flow storage (207),
statistical models (215), or combinations thereof may be a
data store such as a database, a file system, one or more data
structures (e.g., arrays, link lists, tables, hierarchical data
structures, etc.) configured in a memory or other suitable
medium for storing data. As shown in FIG. 1B, an arrow
between modules of the system (200) represent output data
generated by a source module with or without at least a
portion of input data passed through the source module. Gen-
erally, the signature library (203), the pattern matching
engine (202), and the data capture module (201) correspond
to the host-based security tasks depicted in FIG. 1A, while the
statistical classifier (204), the PU (206), the statistical models
(215), and the signature generator (214) correspond to the
network-based security tasks depicted FIG. 1A.

In one or more embodiments, the data capture module
(201) is configured to observe and collect information regard-
ing traffic streams (e.g., packet headers and/or full packet
streams) and to filter and organize the collected traffic stream
data regarding duplicate records or out-of-order records. Spe-
cifically, the data capture module (201) extracts the payload
and the flow-features for sending to the pattern matching
engine (202) and the statistical classifier (204). For example,
the data capture module (201) includes functionality of the
flow parser (105) of FIG. 1A that extracts statistical features
on a per-flow basis while the pattern matching engine (202)
corresponds to the IDS/IPS (106) of FIG. 1A that analyzes
these received packets and generates flow labels based on
existing payload based signatures in the signature library
(203). In particular, these signatures correspond to applica-
tions executing in the data network (220) and may be gener-
ated by the host module (101) of FIG. 1A to represent data
characteristics associated with the corresponding applica-
tions. For example, the host module (101) may generate each
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signature by analyzing a set of historical flows generated from
a corresponding application. In the context of FIG. 1A, the
signature is associated with a malicious activity generated by
a malware application. In one or more embodiments, each of
these signatures is a layer 7 signature generated by analyzing
layer 7 contents of collected historical flows. In one or more
embodiments, in addition to pre-existing signatures, the sig-
nature library (203) is periodically extended by including new
signatures generated by the signature generator (214).

Common behavior may exist among flows matching any
signature in the signature library (203). In the context of FIG.
1A where each signature is associated with a malicious activ-
ity generated by a malware application, flows matching any of
these signatures exhibit some common malicious behavior. In
one or more embodiments, a group behavioral model is gen-
erated by the statistical model generator (208) to represent a
common behavior associated with the signature library (203).
Specifically, the common behavior is exhibited by a set of
historical flows associated with the signature library (203). In
one or more embodiments, these historical flows may be
identified from the output of the data capture module (201) by
the pattern matching engine (202) as matching any signature
in the signature library (203). In one or more embodiments,
these historical flows may be identified from the output of the
data capture module (201) by the statistical classifier (204) as
matching any behavioral model corresponding to a signature
in the signature library (203). Accordingly, each signature
matches a corresponding subset (referred to as the matched
subset) of these historical flows in the sense that the signature
or a behavioral model thereof is matched to flows in the
corresponding subset. In the context of FIG. 1A where each
signature is associated with a malicious activity, the group
behavioral model is referred to as a threat model representing
common behavior of multiple malicious activities. In one or
more embodiments, determining a match requires a confi-
dence measure of a comparison associated with the match to
exceed a pre-determined level.

In one or more embodiments, the group behavioral model
is generated by analyzing layer 3 and/or layer 4 contents
(referred to as layer3/layer4) of the set of historical flows
based on a supervised machine learning algorithm. Using the
same supervised machine learning algorithm, the statistical
model generator (208) is further configured to analyze, for
each signature in the signature library (203), a matched subset
of'the historical flows to generate a corresponding behavioral
model representing specific behavior exhibited in the
matched subset. Such behavioral model is in turn used to
further identify additional flows to be added to the set of
historical flows in a recursive manner. In particular, the cor-
responding behavioral model is generated by analyzing layer
3 and/or layer 4 contents of the matched subset based on the
supervised machine learning algorithm. As shown in FIG. 1B,
the group behavioral model associated with the signature
library (203) and other behavioral models each associated
with an individual signature in the signature library (203) are
stored as the statistical models (215) to be used by the statis-
tical classifier (204). In one or more embodiments, the statis-
tical models (215) are generated based on the aforementioned
layer 3 and/or layer 4 contents and are referred to as layer
3/layer 4 models.

In one or more embodiments, the supervised machine
learning algorithm takes flow-based features from the data
capture module (201) as input. Example features are listed in
TABLE 1 below. Accordingly, each flow is represented by a
vector of these features in the output of the data capture
module (201) that is sent to the statistical model generator
(208) passing through the intervening modules in the system
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(200). Note that for some flow, some of these features may be
missing and the vector may be in sparse format. At any single
time based on the flow-based features (i.e., feature vectors)
observed to that time point, the statistical model generator
(208) creates a decision boundary for identifying flows exhib-
iting the aforementioned common behavior associated with
the signature library (203) or for identifying flows exhibiting
the aforementioned specific behavior associated with a par-
ticular signature in the signature library (203). For example,
the statistical model generator (208) may create a decision
boundary for identifying general malicious flows labeled by
macro-profiling or a particular class of malicious flows
labeled by micro-profiling. One of the tasks of the statistical
model generator (208) is to identify the important features
that are responsible for creating the boundary. FIG. 3A shows
an example two dimensional decision space (300) defined by
example feature 1 and feature 2, which are identified as the
important features for creating the boundary. The statistical
model generator (208) may generate similar subspaces in a
higher dimension with more than two features. The dark
segments in the two dimension space represent a threat region
defined by the aforementioned boundary. For the example
where the decision space (300) corresponds to a behavioral
model associated a particular signature in the signature
library (203), the threat region represents the specific behav-
jor of flows matching the particular signature. For the
example where the decision space (300) corresponds to the
group behavioral model, the threat region encompasses all the
individual threat region of each behavioral model associated
with each signature in the signature library (203). More
details of the statistical model generator (208) generating the
statistical models (215) using supervised machine learning
algorithm is described in reference to the method flow chart
shown in FIG. 2B bellow. An example of generating the
statistical models (215) using supervised machine learning
algorithm is described in reference to FIGS. 3D-3G bellow.

TABLE 1
sport: source port
dport: destination port
protocol: protocol used
direction: client to server and server to client
pkts: number of packets
total count of packets without payload
bytes: total number of bytes
pay_bytes: total number bytes from all payloads
Duration: Client to server (c2s) and server to
client (s2c¢)

(max,min,avg,std) of pkt_size
IAT (1 to 10: inter-arrival time
(max,min,avg,std) of pay_size:  payload size
TCP flags: acks, fins, resets, pushs, urgs, cwrs, eces
pkt(X)_size: size of pkt X, X =1,...,10
IAT (X): inter arrival times, X =1,...,10
pay(X)_size: payload sizes, X =1,..., 10

In one or more embodiments, the group behavioral model
and the behavioral model in the statistical models (215) are
used by the statistical classifier (204) to classify, in real time,
aflow from the data network (220) based on the feature vector
of the flow generated by the data capture module (201). Spe-
cifically, the statistical classifier (204) is configured to ana-
lyze the flow to identify whether the flow matches the group
behavioral model associated with the signature library (203)
or matches any behavioral model associated with any signa-
ture in the signature library (203). For the example where the
decision space (300) corresponds to the group behavioral
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model, the flow is identified as matching the group behavioral
model if it falls into the threat region. For the example where
the decision space (300) corresponds to a behavioral model
associated with a particular signature, the flow is identified as
matching the particular behavioral model if it falls into the
threat region. In the context of FIG. 1A, the statistical classi-
fier (204) uses the group behavioral model to identify whether
the flow is malicious or not. If the flow is identified as mali-
cious, the statistical classifier (204) uses the behavioral mod-
els to identify a particular threat label corresponding to one of
the signatures in the signature library (203). The outputs of
the statistical classifier (204) are then stored in the output data
repository (211) for viewing by a security analyst via the GUI
(212). An example screenshot generated by the GUI (212) is
depicted as the security operation portal (113) in FIG. 1A.

While the pattern matching engine (202) is capable of
tagging flows with threat labels by matching data patterns in
the flow to signatures in the signature library (203), a flow
with encrypted payload data may escape detection by the
pattern matching engine (202). In one or more embodiments,
the statistical classifier (204) classifies each flow not labeled
by the pattern matching engine (202) using the statistical
models (215).

In one or more embodiments, the statistical classifier (204)
is further configured to generate a suspicious flag for flows
that are unforeseen to the statistical classifier (204). This is
crucial to deal with the zero-day attacks. The suspicious flag
is raised when the statistical classifier (204) finds high level of
uncertainty and cannot classify the flow by matching to one of
the existing behavioral models with high confidence. In one
or more embodiments, the suspicious flag is raised when the
statistical classifier (204) determines that the flow matches
the group behavioral model but a correlation between the flow
and any corresponding application of the signatures is not
meeting a pre-determined level. For example, the correlation
may be determined simply by the result of the pattern match-
ing engine (202) comparing the flow to signatures in the
signature library (203). In addition, the correlation may also
be determined by the result of the statistical classifier (204)
comparing the flow to the corresponding behavioral model
for each of the signatures in the signature library (203) with-
out using the signatures themselves. Accordingly, the flow is
included in a target flow set if tagged with the suspicious flag,
i.e., if the flow is determined as matching the group behav-
ioral model without the correlation meeting the pre-deter-
mined level. In one or more embodiments, the target flow set
is stored in the flow storage (207). More details of the statis-
tical classifier (204) are described in reference to the sche-
matic diagram shown in FIG. 1C below.

FIG. 1C shows detail of the statistical classifier (204) as
including the macro-level classifier (216) and the micro-level
classifiers (218) having micro-level classifier A (218a),
micro-level classifier B (2185), through micro-level classifier
M (218m). As discussed above, the macro-level classifier
(216) classifies the input flow (2164a) by tagging the input flow
(2164) with the macro-label (217). Specifically, the input flow
(216a) is tagged with the macro-label “matching group
behavior” (217b) if it matches the aforementioned group
behavior. Conversely, the input flow (2164) is tagged with the
macro-label “not matching group behavior” (2175) if it does
not match the aforementioned group behavior. For example in
the context of FIG. 1A, the “matching group behavior” (2175)
may be referred to as “known/bad” indicating malicious
group behavior while the “not matching group behavior”
(217a) may be referred to as “unknown.” In case the flow
(216a4) is tagged with the “matching group behavior” (2175),
it is further classified by any of the micro-level classifiers
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(219). Accordingly, the flow (216a) may be tagged with any
of the micro-labels (219) (i.e., micro-label A (219a), micro-
label B (2195), through micro-label M (219m)) depending on
if any of the micro-level classifier A (218a), micro-level clas-
sifier B (2185), through micro-level classifier M (218m) finds
a match. In the context of FIG. 1A, each of the micro-label A
(219a), micro-label B (2195), through micro-label M (219m)
corresponds to a particular threat class further classifying the
malicious nature of the flow (216a). In case none of the
micro-level classifiers (218) finds any match, the flow (216a)
is identified as no match (219x) and included in the aforemen-
tioned target flow set. In one or more embodiments, one of
more of the micro-level classifiers (218) may be using signa-
ture based model(s). In one or more embodiments, one or
more of the micro-level classifiers (218) may be using behav-
ioral model(s).

Returning to the discussion of FIG. 1B, in one or more
embodiments, the cluster analyzer (209) is configured to ana-
lyze, when a size of the target flow set exceeds a pre-deter-
mined size, the target flow set to identify a plurality of clusters
based on an unsupervised machine learning algorithm. This
unsupervised machine learning algorithm finds all clusters of
suspicious flows in the target flow set automatically without
requiring the number of clusters to be specified. The cluster
analyzer (209) uses both flow-based features (i.e., the afore-
mentioned feature vectors) and corresponding payloads
stored in the flow storage (207) for creating clusters in the
flow storage (207).

In one or more embodiments, a new behavioral model is

generated, in response to the target flow set being clustered,
directly from a cluster by the statistical model generator (208)
and added to the statistical models (215) for use by the sta-
tistical classifier (204). In one or more embodiments, a new
behavioral model is generated indirectly and contingent upon
validation and labeling of a signature generated from the
cluster, as described below.

In one or more embodiments, the signature generator (214)
is configured to analyze, in response to the target flow set
being clustered, each cluster in the flow storage (207) to
generate a new signature representing data characteristics
associated with suspicious flows in the cluster. For example,
the new signature is a layer 7 signature generated by analyz-
ing layer 7 contents of suspicious flows in the cluster. In one
or more embodiments, the signature generator (214) analyzes
the similarity in the layer 7 payloads in the cluster to generate
the new signature. Once generated, the new signature is added
to the signature library (203) to augment the previously col-
lected signatures, e.g., from the host module (101) of FIG.
1A. For example, the generated new signature may be com-
municated to the security experts operating the host module
(101) to be validated and labeled before adding into the sig-
nature library (203). Such new signature is in turn used to
further identify additional flows to be added to the set of
historical flows in a recursive manner. Using the aforemen-
tioned supervised machine learning algorithm, the statistical
model generator (208) analyzes, for this new signature added
to the signature library (203), a matched subset of the histori-
cal flows to generate a corresponding behavioral model rep-
resenting specific behavior exhibited in the matched subset of
this new signature.

In one or more embodiments, the statistical model genera-
tor (208) is further configured to update the group behavioral
model inresponse to adding the new signature to the signature
library (203) based on an expanded set of historical flows
matching the expanded signature library (203). Accordingly,
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the statistical classifier (204) is further configured to update
the target flow set in response to updating the group behav-
ioral model.

In one or more embodiments, the system (200) further
includes a situation awareness module (210) that is config-
ured to identify suspicious hosts in the data network (220)
based on malicious activities identified by the statistical clas-
sifier (204). In one or more embodiments, analyzing the target
flow set and generating the new signature include analyzing
association of suspicious flows, identified by the statistical
classifier (204), with the suspicious hosts identified by the a
situation awareness module (210).

The supervised and unsupervised machine learning algo-
rithms used by the statistical model generator (208) and the
cluster analyzer (209) identify the malicious flows in the
network using mostly flow level data. In one or more embodi-
ments, the reputation of individual hosts and/or their proxim-
ity from the known malicious networks is leveraged to assist
in identifying malicious behavior. The situation awareness
module (210) focuses on the communication graph of the data
network (220) to accomplish the following three tasks.
Firstly, situation awareness module (210) augments the
machine learning analysis with additional information on
hosts involved in the flows considered for evaluation, i.e., the
aforementioned set of historical flows and/or the target flow
set. Secondly, situation awareness module (210) identifies
behavioral properties of malicious hosts. Often, a compro-
mised machine (e.g., a malicious host) is susceptible to mul-
tiple threats and exhibits other anomalies that are not already
detected. Thirdly, situation awareness module (210) models
the communication behavior of malicious hosts such that
similar behavior of some other hosts in the data network (220)
can be detected. We can identify some stealthy malicious
behavior with this analysis which remains undetected other-
wise.

As noted above, all the flow information, including pay-
loads, flow-based features, and the corresponding labels are
stored in the flow storage (207). In one or more embodiments,
distributed systems (e.g., Hadoop cluster known to those
skilled in the art) are used for managing the large amount of
data stored in the flow storage (207). Such distributed system
includes data loader (205) configured to load the data into the
distributed file systems, the PU (206) configured as distrib-
uted computing facilities, and job controller (213) configured
to schedule and manage supervised machine learning, unsu-
pervised machine learning, and situation awareness analytic
tasks that are submitted to the PU (206).

FIG. 2A depicts a flowchart of a method in accordance with
one or more embodiments of the invention. In one or more
embodiments of the invention, one or more of the steps shown
in FIG. 2A may be omitted, repeated, and/or performed in a
different order. Accordingly, embodiments of the invention
should not be considered limited to the specific arrangements
of'steps shown in FIG. 2A. In one or more embodiments of the
invention, the method depicted in FIG. 2A may be practiced
using system (200) described with respect to FIG. 1B above.

Initially in Step 221, a signature library is obtained that
includes signatures each representing data characteristics
associated with a corresponding application executing in a
network. In one or more embodiments, these signatures are
layer 7 signatures. An example signature library is described
in reference to FI1G. 1B above.

In Step 222, a group behavioral model associated with the
signature library is generated based on a pre-determined cri-
terion. Specifically, the group behavioral model represents a
common behavior of a set of historical flows identified from
the network traffic, wherein each of the signatures correlates
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to a subset of the plurality of historical flows. An example
group behavioral model is described in reference to FIG. 1B
and FIG. 3A above.

In Step 223, a flow in the network traffic is selected for
including in a target flow set, where the flow matches the
group behavioral model without being correlated to any cor-
responding application of the signatures. In one or more
embodiments, selecting the flow in the network traffic for
including in the target flow set includes: (i) analyzing the flow
based on a pre-determined criterion to identify the flow as
matching the group behavioral model, (ii) determining a cor-
relation between the flow and any corresponding application
of the signatures as not meeting a pre-determined threshold,
and (iii) including, in response to identifying the flow as
matching the group behavioral model and the correlation not
meeting the pre-determined threshold, the flow in the target
flow set. An example target flow set is described in reference
to FIG. 1B above.

In Step 224, the target flow set is analyzed to generate a new
signature. In one or more embodiments, analyzing the target
flow set to generate the new signature includes: (i) analyzing,
in response to a size of the target flow set exceeding a pre-
determined size, the target flow set to identify a number of
clusters in the target flow set, and (ii) analyzing at least one

cluster of the plurality of clusters to generate the new signa- 2

ture representing data characteristics associated with the at
least one cluster.

In Step 225, the new signature is added to the signature
library. Accordingly, the group behavioral model and the

target flow set are updated in response to adding the new 3

signature to the signature library.

More details of the method steps depicted in FIG. 2A are
described in the example data flow diagrams depicted in
FIGS. 3B and 3C below.

Turning to the discussion of the aforementioned supervised
machine learning algorithm, the algorithm listed in TABLE 2
employs a supervised learning method to construct a non-
parametric kernel matrix from a training dataset that maxi-
mally aligns with the similarity of classes in the training
dataset. In this approach, a kernel matrix is trained for each
class, by first subsampling and re-labeling the training
instances (e.g., flows in the training dataset) belonging to that
class as positive while those belonging to other classes as
negative. Let y be the re-labeled binary class vector and
G=yy” be a square matrix whose ij-th element is equal to +1
if the i-th and j-th training instances are in the same class, or
-1 otherwise. The algorithm in TABLE 2 learns a kernel
matrix K that is highly correlated with the class similarity
matrix G. This is accomplished by minimizing the following
exponential loss function:

L= exp(-KyGy)

i

In particular, the algorithm in TABLE 2 adaptively learns a
weak kernel K, at the t-th iteration to reduce the overall
misalignment between the current estimate of the kernel and
the class similarity matrix G. After sufficient number of itera-
tions, the final kernel is obtained via a linear combination of
the weak kernels, i.e., K=2a K,, where «, is an estimated
parameter that measures the degree of alignment between the
weak kernel K, and G. In addition, a weight vector W (i) is
associated with each training instance i in the training dataset.
The weight vector determines how the training set will be
re-sampled at the t-th iteration to build a weak hypothesis
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(i.e., decision tree) h,. The weak kernel is computed based on
the predictions made by the weak hypothesis h, using the
formula K,(x,, x,)=h,(x,)h,"(x,).

TABLE 2

Tnput: D = {(x1, Y1), (53, ¥ - - (%0 v)} € X x Y
wherey; eto {+1,-1},i=1...n,y=[y;],
Output: K: n x n kernel matrix
Initialize:
T = maximum number of Iterations
P = [1/0%],n //Assign equal weight to all entries in initial
weight matrix

Wo(i) = 1/n //Assign initial weights to each flow
G=yy’ //Compute ground truth kernel
hy=1[0], //Initialize predicted class label vector to zeros

Fort=1toTdo
1. Train a decision tree on D using weights W,_, (i)
h,: X — {-1, +1} be output vector of decision tree, referred
to as a predicted class label vector
. Construct a rank one kernel from output vector h, and
transposed vector h,
K,=h*h,"
. Compute weights for each kernel matrix element
P < P exp(-G - K,) and Normalize
//Assigns more weight to wrongly learnt entry and less
weight to correctly learnt entries
. Compute adjusted boosting weights for each flow
W(i) =X, P; where P = [P;]
. Compute boosting weights o, for h,
e, =Pr(I(K1G))
a,=0.5log((1-¢,)/e,)
6. Compute cumulative predicted Kernel
K< K+ak,
End for return final K

o

w

N

w

The final kernel K returned from the algorithm in TABLE
2 is in turn used to generate a support vector machine (SVM).
In one or more embodiments, the behavioral model for a
particular threat class in the micro-profiling of traffic flows is
one such SVM. In one or more embodiments, the group
behavioral model used in the macro-profiling of traffic flows
is one such SVM. As a binary classifier, such SVM classifies
those flows matching the (group) behavioral model as belong-
ing to a class and other flows not matching the (group) behav-
ioral model as not belonging to the class. The algorithm listed
in TABLE 2 is further illustrated in the method steps shown in
FIG. 2B and the example shown in FIGS. 3D-3G.

FIG. 2B depicts a flowchart of a method in accordance with
one or more embodiments of the invention. In one or more
embodiments of the invention, one or more of the steps shown
in FIG. 2B may be omitted, repeated, and/or performed in a
different order. Accordingly, embodiments of the invention
should not be considered limited to the specific arrangements
of'steps shown in FIG. 2B. In one or more embodiments of the
invention, the method depicted in FIG. 2B may be practiced
using system (200) described with respect to FIG. 1B above.

As shown in FIG. 2B, the method steps uses a training
dataset D having n entries each including multiple feature
values and a ground truth class label. In particular, each entry
in the training dataset corresponds to a historical flow in the
network traffic while the multiple feature values correspond
to a set of features of the historical flow. Example flow fea-
tures are shown in TABLE 1 above. The training dataset D is
used to generate a behavior model for a particular classifier,
such as any of the micro-level classifiers (218) or the macro-
level classifier (216). Accordingly, each historical flow is
tagged with the corresponding ground truth class label based
on the particular classifier that is configured to identify data
characteristics associated with a corresponding application
executing in the network. In this context, the training dataset
D is referred to as a ground truth training dataset. For
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example, if the historical flow is tagged by the classifier with
a ground truth class label representing a particular threat
class, the flow is considered, as the ground truth, to match data
characteristics associated with a malicious application
responsible for the threat class. For example, the flow may be
generated by such malicious application.

An example training dataset D is shown as dataset (360) in
FIG. 3D, where there are 9 (i.e., n=9) entries (i.e., rows (362a)
through (362i)) each corresponding to a historical flow hav-
ing a feature vector of 4 features (i.e., feature A (361a)
through feature D (361d)). Each entry in the dataset (360)
includes 4 feature values and a ground truth class label (361e).
For example, the entry (362a) includes feature values (repre-
sented as x, in TABLE 2) showing that the corresponding
historical flow has protocol type TCP, byte counts 1000, dura-
tion 20, and packet count 10. In addition, the entry (362a)
includes the ground truth class label Y (represented as y, in
TABLE 2) indicating that the corresponding historical flow is
classified as a match by the classifier. Further as shown in
FIG. 3D, the ground truth class label (361¢) for each of the 9
entries collectively forms a ground truth class label vector y
(361f) (represented as y=|y,], in TABLE 2). Said in other
words, y is a vector of n (i.e., 9) ground truth class labels each
from one of n (i.e., 9) entries in the training dataset (360).

Initially in Step 231 of FIG. 2B, a ground truth kernel
G=[G,] is constructed in an nxn matrix format by self mul-
tiplication of the ground truth class label vector y (3610. An
example ground truth kernel G is shown as the ground truth
kernel (375) in FIG. 3E.

In Step 232, n initial boosting weights (i.e., Wy(i),i=1 . ..
n) are generated, where the i-th initial boosting weight rep-
resents initially estimated importance of the i-th entry in D.
For example, each initial boosting weight may be assigned
equal value as 1/n. In addition, consistent with the assigned n
initial boosting weights, each matrix element G,, of the
ground truth kernel G is assigned an initial weight P,, to
initialize a weight matrix P as the initial weight matrix. For
example, each initial weight P,, may be assigned equal value
as 1/n”. An example initial weight matrix is shown in FIG. 3F
as the initial weight matrix (371) where n=9. In one or more
embodiments, the initial boosting weights relates to the initial
weight P, based on the formula W,(i)=2 P,

Steps 233-237 correspond to the iteration loop of the algo-
rithm listed in TABLE 2. In Step 233 for the t-th iteration, a
decision tree is generated from the training dataset D based on
a decision tree learning algorithm using n boosting weights
W,,,(@). For the first iteration t=I, the n initial boosting
weights W(i) are used. An example of such decision tree is
shown as the decision tree 1 (372) in FIG. 3E that is generated
using W (i) computed from the initial weight matrix (371). In
particular, FIG. 3E shows a flow diagram of the first iteration
ofthe algorithm listed in TABLE 2. The example decision tree
1 (372), generated from the example dataset (360) based on
the decision tree learning algorithm using W, (i), is a single
level binary classifying tree that maps each entry of the
example dataset (360) to a predicted class label (i.e., +1 or -1)
based on the feature value of the feature A (361a) in the each
entry. In addition, a predicted class label vector 1 (373) (rep-
resented as h in FIG. 3E or h, where t=1 in TABLE 2) is
generated to include 9 such predicted class labels mapped by
the decision tree 1 (373) to the 9 entries in the example dataset
(360). For example, for those entries having feature value
TCP for the protocol type (i.e., feature A (361a)), the mapped
class label is +1 in the predicted class label vector 1 (373). For
all other entries, the mapped class label is —1.

In Step 234, the n boosting weights W, , (i) are adjusted to
generate n adjusted boosting weights W (i) by comparing
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corresponding matrix elements G, and K, between the
ground truth kernel (375) and a predicted kernel (or simply
referred to as a kernel) K,=[K, ], (for the t-th iteration) con-
structed by self multiplication of the predicted class label
vector h, (i.e., K=h,*h,"). Specifically, a matrix element mis-
match in the comparison increases the estimated importance
of the corresponding one of the n entries where the matrix
element mismatch occurs. An example predicted kernel K, is
shown as the predicted kernel 1 (374) in FIG. 3E for the first
iteration. In one or more embodiments, the adjusted boosting
weights W (i) are generated as follows:

(i) Compute weights P; for each kernel matrix element K;

to adjust the weight matrix P:

P<P-exp(-G-K,) with normalization

(i) Compute adjusted boosting weights for each flow (i.e.,
each entry in D) after adjusting the weight matrix P:

W(=ZPy

The direct element by element multiplication G-K, effec-
tively performs the comparison of corresponding matrix ele-
ments G, and K. An example adjusted weight matrix P for
the t-th iteration 1s shown as weight matrix t (381) in FIG. 3F.
Note that the individual weights P,; shown in FIG. 3F are for
example only.

In Step 235, a boosting weight for the t-th iteration is
generated based on a measure of mismatch between the
ground truth kernel G and the kernel K,, where the boosting
weight (denoted as «,) represents estimated importance of the
kernel K,. In one or more embodiments, the boosting weight
a, is computed as follows:

e, = Prl(K, £ G))
a; =05 log (1 — &)/ &)

In the context of FIG. 3E where t=1, €, (i.e., €, ) represents
probability of wrong prediction when comparing the ground
truth kernel (375) and the predicted kernel 1 (374). Accord-
ingly, 1-€, (i.e., 1-€,) represents probability of correct predic-
tion when comparing the ground truth kernel (375) and the
predicted kernel 1 (374).

In Step 236, a cumulative kernel K is updated by summing
the kernel from a previous iteration and the kernel of the
current iteration based on the corresponding boosting
weights. For example, the cumulative kernels at the end of
first, second, and third iterations are given by K=a,K,,
K=a,K,+a,K,, and K=o, K+, K, +0;K;, respectively.

In Step 237, a decision is made as to whether the iteration
reaches a maximum number of iterations T. If the answer is
no, the iteration count t is incremented to t+1 and the method
returns to Step 233 to generate another decision tree from the
training dataset based on the decision tree learning algorithm
using the n adjusted boosting weights W,(i). In one or more
embodiments, the maximum number of iterations T is pre-
determined. In one or more embodiments, the maximum
number of iterations T is dynamically determined as the num-
ber of iterations when the computed items in successive itera-
tions converge. For example, the iteration is considered
reaching the maximum number of iterations T when the dif-
ference between the weight matrix t and weight matrix t+1
becomes less than a pre-determined threshold. When the
maximum number of iterations T is reached, a final kernel is
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computed. For example if T=5, the cumulative kernel at the
end of the fifth iteration is given by K=o, K, +a, K, +a K+
oK, +asKs, where K is referred to as the final kernel.

FIG. 3G shows an example flow diagram for the iteration
t+1. As shown in FIG. 3G, the decision tree t+1 (382) is
generated from the n adjusted boosting weights W,(i) derived
from the weight matrix t (381) and is shown as a two level
binary classifying tree that maps each entry of the example
dataset (360) to a predicted class label (i.e., +1 or 1) based on
the feature values of the feature B (3615) and the feature C
(361c¢) in the each entry. In addition, a predicted class label
vector t+1 (383) is generated to include 9 such predicted class
labels mapped by the decision tree 1+1 (383) to the 9 entries
in the example dataset (360). For example, for those entries
having feature value >99 for the byte count (i.e., feature B
(3615)) and duration <=8 for the feature duration (i.e., feature
C (361¢)), the mapped class label is +1 in the predicted class
label vector t+1 (383). For all other entries, the mapped class
label is -1.

Similar to the description in Step 234, the n previous
adjusted boosting weights W (i) are further adjusted to gen-
erate n adjusted boosting weights W,, (i) by comparing cor-
responding matrix elements G; and K,; between the ground
truth kernel (375) and a predicted kernel K, ,=[K, ], (for the
(t+1)-th iteration) constructed by self multiplication of the
predicted class label vector h,,, (ie., K,,,=h,,,*h,, ;7). An
example predicted kernel K,,, is shown as the predicted ker-
nel t+1 (384) in FIG. 3G for the (t+1)-th iteration.

Returning to the discussion of Step 237, if the answer is yes
that t has reached the maximum number of iteration T, then
the method proceeds to Step 238 where a behavioral model is
generated based on the cumulative predicted kernel, referred
to as a final kernel K. In one or more embodiments, the
behavioral model is a SVM generated from the final kernel K.
For example, the SVM may be generated from the final Ker-
nel K using techniques known to those skilled in the art.

Once the behavioral model for the classifier of the ground
truth dataset is generated, the behavioral model is used by the
classifier to classify flows in the network traffic. Specifically,
aclass label for a new flow in the network traffic is determined
based on whether the new flow matches the behavioral model.
In one or more embodiments, any of the micro-level classifi-
ers (218) may use such a behavioral model generated using
the method of FIG. 2B. In one or more embodiments, the
macro-level classifier (216) may also use such a behavioral
model generated using the method of FIG. 2B.

The behavioral model generated using the method of FIG.
2B may be used in conjunction with the method of FIG. 2A to
advantageously detect malware to address the following chal-
lenges:

(1) Large number of classes: A unique aspect of this prob-
lem is that the number of classes to be detected is very large
(potentially up to millions of malware classes). As many of
the sophisticated classifiers proposed in the literature were
designed to handle a small number of classes, they are not
scalable to the enormous number of classes encountered in
this domain. For example, assuming there are 500k varieties
of malware, a 1-versus-all multi-class approach requires
applying half a million classifiers (each uniquely tuned to
detect a specific malware class), whereas a 1-versus-1
approach would require invocation of more than 100 billion
classifiers, which is clearly impractical.

(ii) Need for new class detection: Even though the number
of possible classes is extremely large, not all classes are
present at the time the classifier is initially trained. Since
conventional classifiers assume the availability of training
examples for each class during classifier construction, they
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are not designed for new class discovery. The problem is
further compounded by the fact that the classifiers have to be
deployed in an adversarial learning environment, where the
hackers and virus developers continuously strive to design
new malicious exploits that will out-maneuver and degrade
the performance of existing classifiers.

(iii) Missing values: The features used to characterize the
network flows may contain missing values. Missing values
may arise due to the absence of information about a particular
feature value or inapplicability of the feature to a given net-
work flow. Failure to effectively handle the missing value
problem often yields suboptimal classifiers. Though numer-
ous strategies for handling missing values are available,
results suggest that most of the conventional approaches are
ineffective when applied to the malware detection problem.

(iv) Imbalanced class representation: In addition to the
large number of classes, the class distribution is also highly
skewed, with most of the flows belonging to a few of the most
dominant classes. The imbalanced distribution makes a clas-
sifier more biased towards detecting the prevalent classes
while completely misses the large number of rare classes.
Though there are general approaches developed to address
this problem (e.g., sampling and cost-sensitive learning), they
have severe limitations when applied to datasets that contain
a large number of classes and some hidden classes that are
previously unknown.

(v) Noise in the training data: Building a supervised clas-
sifier for malware detection requires the availability of
labeled training data. Currently, the data is labeled using
signature-based IDS using rules provided by a third party.
Since the rules do not provide a complete coverage of all types
of malware, training instances labeled as good are unreliable
and may include some previously unknown malware types.
Furthermore, some activities that are considered malicious by
one third party organization may be regarded as non-mali-
cious by others. The presence of noisy class labels may lead to
model overfitting, which will have an adverse impact on the
overall performance of a classifier.

FIGS. 3B and 3C show a data flow diagram A (340) and
data flow diagram B (350), respectively, in accordance with
one or more embodiments of the invention. Those skilled in
the art, having the benefit of this detailed description, will
appreciate the components shown in FIGS. 3B and 3C may
differ among embodiments of the invention, and that one or
more of the components may be optional. Although specific
numbers of components are shown in FIGS. 3B and 3C,
different number of each component may be included. In one
or more embodiments of the invention, one or more of the
components shown in FIGS. 3B and 3C may be omitted,
repeated, supplemented, and/or otherwise modified from that
shown in FIGS. 3B and 3C. Accordingly, the specific arrange-
ment of components shown in FIGS. 3B and 3C should not be
construed as limiting the scope of the invention. In one or
more embodiments of the invention, the data flows depicted
in FIGS. 3A and 3B may be practiced using system (200) of
FIG. 1B and the corresponding method described with
respect to FIG. 2A.

As shown in FIG. 3B, the data flow diagram A (340)
includes host module (301) that corresponds to the host mod-
ule (101) of FIG. 1A and is configured to generate payload
based signatures for different malicious activities for provid-
ing to IDS/IPS (302) to detect malicious flows. The IDS/IPS
(302) corresponds to IDS/IPS (106) of FIG. 1A or the pattern
matching engine (202) of FIG. 1B. This is essentially an
offline process and whenever a new threat signature is gener-
ated by the host module (301), IDS/IPS (302) is provided with
the new additional signatures.
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The input to the data flow diagram A (340) is the sequence
of IP packets as being captured by the IDS/IPS (302) and the
flow parser (303). These packets are then processed by the
flow parser (303), which aggregates packets into flows. It
computes a set of N different statistical layer 3/layer 4 infor-
mation for each flow (i.e., F7Z4TURES=If . f 1™) aswell
as extracts layer 7 payload associated with each of these flows

F 7942y The flow payloads are then passed through the
IDS/IPS (302) that has already loaded all the layer 7 payload
based signatures for different threats generated by the host
module (301). Notice that the set of signatures will be updated
regularly by the host module (301) whenever any newly dis-
covered signature becomes available. When a flow matches
any of the signatures (referred to as a positive match), the
IDS/IPS (302) tags the flow as known/bad; in case the flow
does not match any of the signatures (referred to as a negative
match), then the flow is tagged unknown. This type of tagging
is referred to as macro-level tagging using only two types of
tags, the known/bad tag and the unknown tag. Furthermore, in
case of a positive match, the IDS/IPS (302) will append to the
macro-level tag an extra inner tag that reflects the specific
type of threat the flow has matched. This type of tagging is
referred to as micro-level tagging, denoted as F,#"={1,, } in
FIG. 3B. For example, a flow matching the Conficker-Worm-
version-A signature will be tagged by the IDS/IPS (302) with
macro-level tag <known/bad> and micro-level tag <cw-v.a>,
ie., FH%"=lknown,bad,cw-v.a}. For each processed flow,
the vector of layer 3/layer 4 statistical features
FFEATURES_Lf .., f,}is also extracted. The flow is then
stored in the flow payload storage (311). For each flow, the
flow payload storage (311) stores the payloads, layer 3/layer
4 feature information, and the corresponding label (i.e.,
macro-level tag, micro-level tag), which are used as a training
example for the supervised statistical model generator (307).
Specifically, supervised statistical model generator (307)
operates in offline manner to extract statistical models based
on the layer 3/layer 4 features to capture both the coarse
behavior separating known/bad flows from unknown flows as
well as the specific behavior of each type of threat within the
known/bad flows. As discussed in reference to FIG. 1B above,
the coarse behavior is captured in a group behavioral model
for macro-level profiling while the specific behavior of each
type of threat is captured in a threat specific behavioral model
for micro-level profiling. In particular, these layer 3/layer 4
flow feature based models correspond to the statistical model
(215) of FIG. 1B.

The online statistical classifier (304) uses all the flow-
feature based models generated by the supervised statistical
model generator (307) for identifying different threats in real
time. Based on these models, the online statistical classifier
(304) generates a macro-level label (known/bad or unknown)
for each flow classified and a micro-level label for the flow
with the bad label. In a training phase, the results of the online
statistical classifier (304) are calibrated with the layer 7 sig-
nature matching by the IDS/IPS (302). In addition, the online
statistical classifier (304) also generates a “suspicious” flag
for any flow that is classified as bad but not classified with any
of the micro-labels with some level of confidence. All the
output of the online statistical classifier (304) is stored in the
database (305) with flow ids.

Return to the discussion of the supervised statistical model
generator (307) that works on flows stored in the flow payload
storage (311). It uses all the flow-features (not payloads) with
the corresponding threat labels and generates two types of
statistical models reflecting two different levels of granularity
in the grouping. When the supervised statistical model gen-
erator (307) generates the macro-level model, it generates a
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model to separate all the flows with known/bad label and the
flows with unknown label. Such a model will label all the new
flows with the macro-label known/bad (or unknown) which
are similar to the previous known/bad (or unknown) flows.
The second level of grouping is achieved by expanding the
known/bad flows into J distinct malware classes, where each
class j=1, . . ., Jrepresents a specific type of threat that has
produced at least a flow with a positive match. For both the
macro-class and micro-class classification, the supervised
statistical model generator (307) uses machine learning algo-
rithms on the group of provided statistical features to create
statistical models that retain the hidden properties of each of
the constructed groups. For the macro-level grouping, this
module produces one statistical model that separates the
known/bad flows and the unknown flows. For the micro-level
grouping, the supervised statistical model generator (307)
produces J statistical models for identifying each of the j=1, .
.., ] threats.

At each regular time [t], the statistical models and the
associated malware tags (i.e., My={<M,L>}_,”) are pro-
vided to an online statistical classifier (304) that uses the
newly generated models to discover threat patterns in incom-
ing flows. For example, when threats hide themselves in
encrypted flows, payload-based signatures are known to be
inadequate. If these threats or similar threats have been ana-
lyzed in the past in non-encrypted flows, a correct statistical
model representative of their behavior exists and can be used
to detect such threats hiding behind encrypted flows. Further-
more, in the case of zero-day threats (i.e., threats never seen
before and thus no signature or statistical model was available
at the time of the training), they can still be detected if their
behavior still falls in the statistical model of known/bad traf-
fic. In the latter case, the online statistical classifier (304) will
use the label “suspicious” to tag these flows (L=<"s">) and
store the associated flow identifiers for further analysis. When
enough suspicious flows have been observed, then an off-line
process is initiated to resolve the number of distinct threat
classes these flows may belong to. This off-line process is
performed by the unsupervised statistical model generator
(308) that uses unsupervised machine learning techniques to
identify the number of hidden threat clusters present in the set
of suspicious flows (i.e., suspicious clusters of cardinality I).
For each cluster, the suspicious flows that behave similarly in
terms of communication pattern are identified and stored in
one of the flow-buckets B,_,”i=1, . . ., I. Each flow-bucket is
then forwarded to the threat tagger (309) that extracts the flow
identifiers, retrieves the correspondent flow payloads from
the flow payload storage (311), and analyzes the flow pay-
loads to automatically extract the threat payload signature.
The threat tagger (309) corresponds to the signature generator
(214) depicted in FI1G. 1B above. Signatures for each newly
discovered flow-bucket is then forwarded, e.g., via the mod-
ule (301), to the IDS/IPS (302) that will start using them for
tagging/labeling incoming flows.

Although successful in extracting the payload signature of
the newly discovered malware, the threat tagger (309) will not
be able to retrieve the associated label (marked <L.=?>). In
order to overcome this limitation, the threat tagger (309)
shares specific information with the host module (301). More
specifically, any executable found by the threat tagger (309)
in any of the flow in a flow-bucket is forwarded to the host
module (301) for retrieving the unknown threat label. In case
no executable can be found, the threat tagger (309) provides
the host module (301) with labels of the set of known/bad
threats with which the new threat shares the highest level of
behavioral structure. The host module (301) then compares
whether such behavioral similarity is shared at the state
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machine level as well. If so, the host module (301) generates
an internal label to track the new threat until a formal label
available, e.g., formally recognized by the malware research
community.

As shown in FIG. 3C, the data flow diagram B (350)
includes essentially the same components as the data flow
diagram A (340) depicted in FIG. 3B with the exception that
the data flow arrows are arranged to emphasize a serial con-
figuration for ease of physical implementation. For example,
an arrow between modules of the data flow diagram B (350)
represent output data generated by a source module that may
or may not be appended to at least a portion of input data
passed through the source module. As shown, the host module
(351), IDS/IPS (352), flow parser (353), statistical classifier
(354), output database (355), flow data storage (361), super-
vised statistical model generator (357), unsupervised statis-
tical model generator (358), threat tagger (359), and situation
awareness module (360) correspond to the host module (301),
IDS/IPS (302), flow parser (303), statistical classifier (304),
database (305), flow payload storage (311), supervised sta-
tistical model generator (307), unsupervised statistical model
generator (308), threat tagger (309), and situation awareness
module (310) depicted in FIG. 3B above. Accordingly, the
data flow operations depicted in FIG. 3A are essentially the
same as those depicted in FIG. 3B above. Further, the GUI
(356) corresponds to the GUI (212) depicted in FIG. 1B
above.

Embodiments of the invention may be implemented on
virtually any type of computer regardless of the platform
being used. For example, as shown in FIG. 4, a computer
system (400) includes one or more processor(s) (402), asso-
ciated memory (404) (e.g., random document access memory
(RAM), cache memory, flash memory, etc.), a storage device
(406) (e.g., a hard disk, an optical drive such as a compact disk
drive or digital video disk (DVD) drive, a flash memory stick,
etc.), and numerous other elements and functionalities typical
of today’s computers (not shown). The computer (400) may
also include input means, such as a keyboard (408), a mouse
(410), or a microphone (not shown). Further, the computer
(400) may include output means, such as a monitor (412)
(e.g., a liquid crystal display (LCD), a plasma display, or
cathode ray tube (CRT) monitor) for example to display vari-
ous results such as the feature vectors, the principal compo-
nents, the application space, the signatures, etc. The computer
system (400) may be connected to a network (not shown)
(e.g., a local area network (LAN), a wide area network
(WAN) such as the Internet, or any other similar type of
network) with wired and/or wireless segments via a network
interface connection (not shown). Those skilled in the art will
appreciate that many different types of computer systems
exist, and the aforementioned input and output means may
take other forms. Generally speaking, the computer system
(400) includes at least the minimal processing, input, and/or
output means necessary to practice embodiments of the
invention.

Further, those skilled in the art will appreciate that one or
more elements of the aforementioned computer system (400)
may be located at a remote location and connected to the other
elements over a network. Further, embodiments of the inven-
tion may be implemented on a distributed system having a
plurality of nodes, where each portion of the invention (e.g.,
various modules of FIG. 1) may be located on a different node
within the distributed system. In one embodiments of the
invention, the node corresponds to a computer system. Alter-
natively, the node may correspond to a processor with asso-
ciated physical memory. The node may alternatively corre-
spond to a processor with shared memory and/or resources.
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Further, software instructions for performing embodiments
of the invention may be stored on a computer readable
medium such as a compact disc (CD), a diskette, a tape, a file,
or any other computer readable storage device.
While the invention has been described with respect to a
limited number of embodiments, those skilled in the art,
having benefit of this disclosure, will appreciate that other
embodiments can be devised which do not depart from the
scope of the invention as disclosed herein. Accordingly, the
scope of the invention should be limited only by the attached
claims.
What is claimed is:
1. A method for profiling network traffic of a network,
comprising:
obtaining a training dataset having n entries each compris-
ing a plurality of feature values and a ground truth class
label, wherein the plurality of feature values correspond
to a plurality of features of a historical flow in the net-
work traffic, wherein the historical flow is tagged with
the ground truth class label based on data characteristics
associated with a corresponding application executing
in the network;
constructing a ground truth kernel in a nxn matrix format
by self multiplication of a ground truth class label vector,
wherein the ground truth class label vector comprises n
ground truth class labels each from one of the n entries in
the training dataset;
generating n initial boosting weights each corresponding to
one of the n entries in the training dataset, wherein each
of the n initial boosting weights represents estimated
importance of a corresponding one of the n entries;

generating, by a processor of a computer system, a first
decision tree from the training dataset based on a deci-
sion tree learning algorithm using the n initial boosting
weights, wherein the first decision tree maps each entry
of the training dataset to a corresponding one in n first
predicted class labels based on the plurality of feature
values in the each entry, wherein a first predicted class
label vector comprises the n first predicted class labels
mapped by the first decision tree to the n entries in the
training dataset;
adjusting the n initial boosting weights to generate n
adjusted boosting weights by comparing corresponding
matrix elements between the ground truth kernel and a
first kernel constructed by self multiplication of the first
predicted class label vector, wherein a first matrix ele-
ment mismatch increases the importance of the corre-
sponding one of the n entries where the first matrix
element mismatch occurs;
generating, by the processor, a second decision tree from
the training dataset based on the decision tree learning
algorithm using the n adjusted boosting weights,
wherein the second decision tree maps the each entry of
the training dataset to a second predicted class label
based on the plurality of feature values in the each entry,
wherein a second predicted class label vector comprises
n second predicted class labels mapped by the second
decision tree to the n entries in the training dataset;

generating, by the processor, a behavioral model based at
least on the first predicted class label vector and the
second predicted class label vector; and

determining a class label for a new flow in the network

traffic based on whether the new flow matches the
behavioral model.

2. The method of claim 1, further comprising:

generating, based on a first measure of mismatch between

the ground truth kernel and the first kernel, a first boost-
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ing weight representing estimated importance of the first
predicted class label vector;

generating, based on a second measure of mismatch
between the first kernel and a second kernel constructed
by self multiplication of the second predicted class label
vector, a second boosting weight representing estimated
importance of the second predicted class label vector;
and

generating a cumulative kernel by summing the first kernel
and the second kernel based on the first boosting weight
and the second boosting weight;

wherein the behavioral model is generated from the cumu-
lative kernel.

3. The method of claim 1, further comprising:

adjusting the n adjusted boosting weights to generate n
further adjusted boosting weights by comparing corre-
sponding matrix elements between the first kernel and a
second kernel constructed by self multiplication of the
second predicted class label vector, wherein a second
matrix element mismatch increases the importance of
the corresponding one of the n entries where the second
matrix element mismatch occurs; and

generating, by the processor, a third decision tree from the
training dataset based on the decision tree learning algo-
rithm using the n further adjusted boosting weights,
wherein the third decision tree maps the each entry of the
training dataset to a third predicted class label based on
the plurality of feature values in the each entry, wherein
a third predicted class label vector comprises n third
predicted class labels mapped by the third decision tree
to the n entries in the training dataset,

wherein generating the behavioral model is further based at
least on the third predicted class label vector.

4. The method of claim 1, wherein the behavioral model

comprises a support vector machine (SVM).

5. The method of claim 1, further comprising:

obtaining a signature library comprising a plurality of sig-
natures corresponding to a plurality of behavioral mod-
els comprising the behavioral model;

generating, based on a pre-determined criterion, a group
behavioral model associated with the signature library,
wherein the group behavioral model represents a com-
mon behavior of a plurality of historical flows identified
from the network traffic, wherein each of the plurality of
signatures correlates to a subset of the plurality of his-
torical flows;

selecting a flow in the network traffic for including in a
target flow set, wherein the flow matches the group
behavioral model without matching any of the plurality
of behavioral models;

analyzing the target flow set to generate a new signature;
and adding the new signature to the signature library.

6. The method of claim 5, further comprising:

updating the group behavioral model and the target flow set
in response to adding the new signature to the signature
library.

7. The method of claim 5,

wherein each of the plurality of signatures, and a corre-
sponding behavioral model thereof, are associated with
a malicious activity, and

wherein the group behavioral model comprises a threat
model.

8. A system for profiling network traffic of a network,

comprising:

a processor;

memory storing instructions, when executed by the proces-
sor comprising functionality for:
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obtaining a training dataset having n entries each com-
prising a plurality of feature values and a ground truth
class label, wherein the plurality of feature values
correspond to a plurality of features of a historical
flow in the network traffic, wherein the historical flow
is tagged with the ground truth class label based on
data characteristics associated with a corresponding
application executing in the network;
constructing a ground truth kernel in anxn matrix format
by self multiplication of a ground truth class label
vector, wherein the ground truth class label vector
comprises n ground truth class labels each from one of
the n entries in the training dataset;
generating n initial boosting weights each correspond-
ing to one of the n entries in the training dataset,
wherein each of the n initial boosting weights repre-
sents estimated importance of a corresponding one of
the n entries;
generating a first decision tree from the training dataset
based on a decision tree learning algorithm using the
n initial boosting weights, wherein the first decision
tree maps each entry of the training dataset to a cor-
responding one in n first predicted class labels based
on the plurality of feature values in the each entry,
wherein a first predicted class label vector comprises
the n first predicted class labels mapped by the first
decision tree to the n entries in the training dataset;
adjusting the n initial boosting weights to generate n
adjusted boosting weights by comparing correspond-
ing matrix elements between the ground truth kernel
and a first kernel constructed by self multiplication of
the first predicted class label vector, wherein a first
matrix element mismatch increases the importance of
the corresponding one of the n entries where the first
matrix element mismatch occurs;
generating a second decision tree from the training
dataset based on the decision tree learning algorithm
using the n adjusted boosting weights, wherein the
second decision tree maps the each entry of the train-
ing dataset to a second predicted class label based on
the plurality of feature values in the each entry,
wherein a second predicted class label vector com-
prises n second predicted class labels mapped by the
second decision tree to the n entries in the training
dataset;
generating a behavioral model based at least on the first
predicted class label vector and the second predicted
class label vector; and
determining a class label for a new flow in the network
traffic based on whether the new flow matches the
behavioral model.
9. The system of claim 8, the instruction when executed by
the processor further comprising functionality for:
generating, based on a first measure of mismatch between
the ground truth kernel and the first kernel, a first boost-
ing weight representing estimated importance of the first
predicted class label vector;
generating, based on a second measure of mismatch
between the first kernel and a second kernel constructed
by self multiplication of the second predicted class label
vector, a second boosting weight representing estimated
importance of the second predicted class label vector;
and
generating a cumulative kernel by summing the first kernel
and the second kernel based on the first boosting weight
and the second boosting weight;
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wherein the behavioral model is generated from the cumu-
lative kernel.

10. The system of claim 8, the instruction when executed

by the processor further comprising functionality for:

adjusting the n adjusted boosting weights to generate n
further adjusted boosting weights by comparing corre-
sponding matrix elements between the first kernel and a
second kernel constructed by self multiplication of the
second predicted class label vector, wherein a second
matrix element mismatch increases the importance of
the corresponding one of the n entries where the second
matrix element mismatch occurs; and

generating, by the processor, a third decision tree from the
training dataset based on the decision tree learning algo-
rithm using the n further adjusted boosting weights,
wherein the third decision tree maps the each entry of the
training dataset to a third predicted class label based on
the plurality of feature values in the each entry, wherein
a third predicted class label vector comprises n third
predicted class labels mapped by the third decision tree
to the n entries in the training dataset,

wherein generating the behavioral model is further based at
least on the third predicted class label vector.

11. The system of claim 8, wherein the behavioral model

comprises a support vector machine (SVM).

12. The system of claim 8,

a signature library comprising a plurality of signatures
corresponding to a plurality of behavioral models com-
prising the behavioral model,

a statistical model generator executing on the processor
and configured to generate, based on a pre-determined
criterion, a group behavioral model associated with the
signature library, wherein the group behavioral model
represents acommon behavior of a plurality of historical
flows identified from the network traffic, wherein each
of the plurality of signatures correlates to a subset of the
plurality of historical flows;

a statistical classifier executing on the processor and con-
figured to select a flow in the network traffic for includ-
ing in a target flow set, wherein the flow matches the
group behavioral model without matching any of the
plurality of behavioral models; and

a signature generator executing on the processor and con-
figured to:
analyze the target flow set to generate a new signature;

and
add the new signature to the signature library.

13. The system of claim 12,

wherein the statistical model generator is further config-
ured to update the group behavioral model in response to
adding the new signature to the signature library, and

wherein the statistical classifier is further configured to
update the target flow set in response to adding the new
signature to the signature library.

14. The system of claim 12,

wherein each first data characteristics of the plurality of
signatures is associated with a malicious activity gener-
ated by the corresponding application, and

wherein the group behavioral model comprises a threat
model.

15. A non-transitory computer readable medium, embody-
ing instructions to profile network traffic of a network, the
instructions when executed by the computer comprising
functionality for:

obtaining a training dataset having n entries each compris-
ing a plurality of feature values and a ground truth class
label, wherein the plurality of feature values correspond
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to a plurality of features of a historical flow in the net-
work traffic, wherein the historical flow is tagged with
the ground truth class label based on data characteristics
associated with a corresponding application executing
in the network;
constructing a ground truth kernel in a nxn matrix format
by self multiplication of a ground truth class label vector,
wherein the ground truth class label vector comprises n
ground truth class labels each from one of the n entries in
the training dataset;
generating n initial boosting weights each corresponding to
one of the n entries in the training dataset, wherein each
of the n initial boosting weights represents estimated
importance of a corresponding one of the n entries;

generating a first decision tree from the training dataset
based on a decision tree learning algorithm using the n
initial boosting weights, wherein the first decision tree
maps each entry of the training dataset to a correspond-
ing one in n first predicted class labels based on the
plurality of feature values in the each entry, wherein a
first predicted class label vector comprises the n first
predicted class labels mapped by the first decision tree to
the n entries in the training dataset;

adjusting the n initial boosting weights to generate n

adjusted boosting weights by comparing corresponding
matrix elements between the ground truth kernel and a
first kernel constructed by self multiplication of the first
predicted class label vector, wherein a first matrix ele-
ment mismatch increases the importance of the corre-
sponding one of the n entries where the first matrix
element mismatch occurs;

generating a second decision tree from the training dataset

based on the decision tree learning algorithm using the n
adjusted boosting weights, wherein the second decision
tree maps the each entry of the training dataset to a
second predicted class label based on the plurality of
feature values in the each entry, wherein a second pre-
dicted class label vector comprises n second predicted
class labels mapped by the second decision tree to the n
entries in the training dataset;

generating a behavioral model based at least on the first

predicted class label vector and the second predicted
class label vector; and

determining a class label for a new flow in the network

traffic based on whether the new flow matches the
behavioral model.

16. The non-transitory computer readable medium of claim
15, the instructions when executed by the computer further
comprising functionality for:

generating, based on a first measure of mismatch between

the ground truth kernel and the first kernel, a first boost-
ing weight representing estimated importance of the first
predicted class label vector;

generating, based on a second measure of mismatch

between the first kernel and a second kernel constructed
by self multiplication of the second predicted class label
vector, a second boosting weight representing estimated
importance of the second predicted class label vector;
and

generating a cumulative kernel by summing the first kernel

and the second kernel based on the first boosting weight
and the second boosting weight;

wherein the behavioral model is generated from the cumu-

lative kernel.

17. The non-transitory computer readable medium of claim
15, the instructions when executed by the computer further
comprising functionality for:

IPR2023-01053
CrowdStrike EX1026 Page 29



US 8,418,249 B1

29

adjusting the n adjusted boosting weights to generate n
further adjusted boosting weights by comparing corre-
sponding matrix elements between the first kernel and a
second kernel constructed by self multiplication of the
second predicted class label vector, wherein a second
matrix element mismatch increases the importance of
the corresponding one of the n entries where the second
matrix element mismatch occurs; and

generating a third decision tree from the training dataset
based on the decision tree learning algorithm using the n
further adjusted boosting weights, wherein the third
decision tree maps the each entry of the training dataset
to a third predicted class label based on the plurality of
feature values in the each entry, wherein a third predicted
class label vector comprises n third predicted class
labels mapped by the third decision tree to the n entries
in the training dataset,

wherein generating the behavioral model is further based at
least on the third predicted class label vector.

18. The non-transitory computer readable medium of claim
15, wherein the behavioral model comprises a support vector
machine (SVM).

19. The non-transitory computer readable medium of claim
15, the instructions when executed by the computer further
comprising functionality for:

obtaining a signature library comprising a plurality of sig-
natures corresponding to a plurality of behavioral mod-
els comprising the behavioral model;
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generating, based on a pre-determined criterion, a group
behavioral model associated with the signature library,
wherein the group behavioral model represents a com-
mon behavior of a plurality of historical flows identified
from the network traffic, wherein each of the plurality of
signatures correlates to a subset of the plurality of his-
torical flows;

selecting a flow in the network traffic for including in a

target flow set, wherein the flow matches the group
behavioral model without matching any of the plurality
of behavioral models;

analyzing the target flow set to generate a new signature;

adding the new signature to the signature library; and

updating the group behavioral model and the target flow set
in response to adding the new signature to the signature
library.

20. The non-transitory computer readable medium of claim
19, the instructions when executed by the computer further
comprising functionality for:

wherein each of the plurality of signatures, and a corre-

sponding behavioral model thereof, are associated with
a malicious activity, and

wherein the group behavioral model comprises a threat

model.

IPR2023-01053
CrowdStrike EX1026 Page 30



