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Title

SYSTEM AND METHOD FOR IMPROVED GENERAL OBJECT DETECTION USING NEURAL
NETWORKS

Statement under 37 CFR 1.55 or 1.78 for AlA (First Inventor to File) Transition Applications: No
PROTECTING YOUR INVENTION OUTSIDE THE UNITED STATES

Since the rights granted by a U.S. patent extend only throughout the territory of the United States and have no
effect in a foreign country, an inventor who wishes patent protection in another country must apply for a patent
in a specific country or in regional patent offices. Applicants may wish to consider the filing of an international
application under the Patent Cooperation Treaty (PCT). An international (PCT) application generally has the same
effect as a regular national patent application in each PCT-member country. The PCT process simplifies the filing
of patent applications on the same invention in member countries, but does not result in a grant of "an international
patent” and does not eliminate the need of applicants to file additional documents and fees in countries where patent
protection is desired.

Almost every country has its own patent law, and a person desiring a patent in a particular country must make an
application for patent in that country in accordance with its particular laws. Since the laws of many countries differ
in various respects from the patent law of the United States, applicants are advised to seek guidance from specific
foreign countries to ensure that patent rights are not lost prematurely.

Applicants also are advised that in the case of inventions made in the United States, the Director of the USPTO must
issue a license before applicants can apply for a patent in a foreign country. The filing of a U.S. patent application
serves as a request for a foreign filing license. The application's filing receipt contains further information and
guidance as to the status of applicant's license for foreign filing.

Applicants may wish to consult the USPTO booklet, "General Information Concerning Patents" (specifically, the
section entitled "Treaties and Foreign Patents") for more information on timeframes and deadlines for filing foreign
patent applications. The guide is available either by contacting the USPTO Contact Center at 800-786-9199, or it
can be viewed on the USPTO website at http://www.uspto.gov/web/offices/pac/doc/general/index.html.

For information on preventing theft of your intellectual property (patents, trademarks and copyrights), you may wish
to consult the U.S. Government website, http://www .stopfakes.gov. Part of a Department of Commerce initiative,
this website includes self-help "toolkits" giving innovators guidance on how to protect intellectual property in specific
countries such as China, Korea and Mexico. For questions regarding patent enforcement issues, applicants may
call the U.S. Government hotline at 1-866-999-HALT (1-866-999-4258).

LICENSE FOR FOREIGN FILING UNDER
Title 35, United States Code, Section 184
Title 37, Code of Federal Regulations, 5.11 & 5.15
GRANTED

The applicant has been granted a license under 35 U.S.C. 184, if the phrase "IF REQUIRED, FOREIGN FILING
LICENSE GRANTED" followed by a date appears on this form. Such licenses are issued in all applications where
the conditions for issuance of a license have been met, regardless of whether or not a license may be required as
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set forth in 37 CFR 5.15. The scope and limitations of this license are set forth in 37 CFR 5.15(a) unless an earlier
license has been issued under 37 CFR 5.15(b). The license is subject to revocation upon written notification. The
date indicated is the effective date of the license, unless an earlier license of similar scope has been granted under
37 CFR 5.13 or 5.14.

This license is to be retained by the licensee and may be used at any time on or after the effective date thereof unless
it is revoked. This license is automatically transferred to any related applications(s) filed under 37 CFR 1.53(d). This
license is not retroactive.

The grant of a license does not in any way lessen the responsibility of a licensee for the security of the subject matter
as imposed by any Government contract or the provisions of existing laws relating to espionage and the national
security or the export of technical data. Licensees should apprise themselves of current regulations especially with
respect to certain countries, of other agencies, particularly the Office of Defense Trade Controls, Department of
State (with respect to Arms, Munitions and Implements of War (22 CFR 121-128)); the Bureau of Industry and
Security, Department of Commerce (15 CFR parts 730-774); the Office of Foreign AssetsControl, Department of
Treasury (31 CFR Parts 500+) and the Department of Energy.

NOT GRANTED

No license under 35 U.S.C. 184 has been granted at this time, if the phrase "IF REQUIRED, FOREIGN FILING
LICENSE GRANTED" DOES NOT appear on this form. Applicant may still petition for a license under 37 CFR 5.12,
if a license is desired before the expiration of 6 months from the filing date of the application. If 6 months has lapsed
from the filing date of this application and the licensee has not received any indication of a secrecy order under 35
U.S.C. 181, the licensee may foreign file the application pursuant to 37 CFR 5.15(b).

SelectUSA

The United States represents the largest, most dynamic marketplace in the world and is an unparalleled location for
business investment, innovation, and commercialization of new technologies. The U.S. offers tremendous resources
and advantages for those who invest and manufacture goods here. Through SelectUSA, our nation works to
promote and facilitate business investment. SelectUSA provides information assistance to the international investor
community; serves as an ombudsman for existing and potential investors; advocates on behalf of U.S. cities, states,
and regions competing for global investment; and counsels U.S. economic development organizations on investment
attraction best practices. To learn more about why the United States is the best country in the world to develop
technology, manufacture products, deliver services, and grow your business, visit http:/www.SelectUSA.gov or call
+1-202-482-6800.
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Approved for use through 04/30/2017. OMB 0651-0032

U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE

Under the Paperwork Reduction Act of 1995, no persons are required to respond to a collection of information unless it contains a valid OMB control number.

. . Attorney Docket Number | PAILP001P
Application Data Sheet 37 CFR 1.76

Application Number

Title of Invention SYSTEM AND METHOD FOR IMPROVED GENERAL OBJECT DETECTION USING NEURAL NETWORKS

The application data sheet is part of the provisional or nonprovisional application for which it is being submitted. The following form contains the
bibliographic data arranged in a format specified by the United States Patent and Trademark Office as outlined in 37 CFR 1.76.

This document may be completed electronically and submitted to the Office in electronic format using the Electronic Filing System (EFS) or the
document may be printed and included in a paper filed application.

Secrecy Order 37 CFR 5.2:

O Portions or all of the application associated with this Application Data Sheet may fall under a Secrecy Order pursuant to
37 CFR 5.2 (Paper filers only. Applications that fall under Secrecy Order may not be filed electronically.)

Inventor Information:

Inventor 1
Legal Name

Prefix| Given Name Middle Name Family Name Suffix|

Brian Pierce

Residence Information (Select One) (® US Residency (O Non US Residency () Active US Military Service

City | SantaClara | State/Province | CA | Country of Residencd | us

Mailing Address of Inventor:

Address 1 3901 Lick Mill Blvd #327

Address 2

City | Santa Clara | State/Province CA
Postal Code 95054 | Countryi us

Inventor 2
Legal Name

Prefix| Given Name Middle Name Family Name Suffix|
Elliot English

Residence Information (Select One) (® US Residency (O Non US Residency () Active US Military Service

City | Stanford | State/Province | CA | Country of Residencd | us

Mailing Address of Inventor:

Address 1 PO Box 19261

Address 2

City | Stanford | State/Province CA
Postal Code 94309 | Countryi us

Inventor 1
Legal Name

Prefix| Given Name Middle Name Family Name Suffix|

Ankit Kumar
Residence Information (Select One) (® US Residency (O Non US Residency () Active US Military Service
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U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE

Under the Paperwork Reduction Act of 1995, no persons are required to respond to a collection of information unless it contains a valid OMB control number.

Attorney Docket Number | PAILPO0O1P

Application Data Sheet 37 CFR 1.76

Application Number

Title of Invention SYSTEM AND METHOD FOR IMPROVED GENERAL OBJECT DETECTION USING NEURAL NETWORKS

City | San Diego State/Province I CA I Country of Residencd | US

Mailing Address of Inventor:

Address 1 17258 Russet St

Address 2

City | San Diego I State/Province CA
Postal Code 92127 | Countryi us

Inventor 4
Legal Name

Prefix| Given Name Middle Name Family Name Suffix
Jonathan Su

Residence Information (Select One) (® US Residency (O Non US Residency () Active US Military Service

City | San Jose | State/Province | CA | Country of Residencd | us

Mailing Address of Inventor:

Address 1 1508 Pine Grove Way

Address 2

City | San Jose I State/Province CA
Postal Code I 95129 | Countryi us

All Inventors Must Be Listed - Additional Inventor Information blocks may be
generated within this form by selecting the Add button.

Correspondence Information:

Enter either Customer Number or complete the Correspondence Information section below.
For further information see 37 CFR 1.33(a).

[] An Address is being provided for the correspondence Information of this application.

Customer Number 19694

Email Address docket@kwanip.com

Application Information:

Title of the Invention SYSTEM AND METHOD FOR IMPROVED GENERAL OBJECT DETECTION USING NEURAL
NETWORKS

Attorney Docket Number| PAILP001P | Small Entity Status Claimed [X]

Application Type Provisional

Subject Matter Utility |

Total Number of Drawing Sheets (if any) 10 I Suggested Figure for Publication (if any) I |
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Attorney Docket Number | PAILPO0O1P

Application Data Sheet 37 CFR 1.76

Application Number

Title of Invention SYSTEM AND METHOD FOR IMPROVED GENERAL OBJECT DETECTION USING NEURAL NETWORKS

Filing By Reference:

Only complete this section when filing an application by reference under 35 US.C. 111(c) and 37 CFR 1.57(a). Do not complete this section if
application papers including a specification and any drawings are being filed. Any domestic benefit or foreign priority information must be
provided in the appropriate section(s) below (i.e., “Domestic Benefit/National Stage Information” and “Foreign Priority Information”).

For the purposes of a filing date under 37 CFR 1.53(b), the description and any drawings of the present application are replaced by this
reference to the previously filed application, subject to conditions and requirements of 37 CFR 1.57(a).

i
Application number of the previously Filing date (YYYY-MM-DD) Intellectual Property Authority or Country
filed application

Publication Information:
[J Request Early Publication (Fee required at time of Request 37 CFR 1.219)

Request Not to Publish. | hereby request that the attached application not be published under

O 35 U.S.C. 122(b) and certify that the invention disclosed in the attached application has not and will not be the
subject of an application filed in another country, or under a multilateral international agreement, that requires
publication at eighteen months after filing.

Representative Information:

Representative information should be provided for all practitioners having a power of attorney in the application. Providing
this information in the Application Data Sheet does not constitute a power of attorney in the application (see 37 CFR 1.32).

Either enter Customer Number or complete the Representative Name section below. If both sections are completed the customer
Number will be used for the Representative Information during processing.

Please Select One: (® Customer Number | (O US Patent Practitioner | (O Limited Recognition (37 CFR 11.9)

Customer Number 19694

Domestic Benefit/National Stage Information:

This section allows for the applicant to either claim benefit under 35 U.S.C. 119(e), 120, 121, 365(c), or 386(c) or indicate
National Stage entry from a PCT application. Providing benefit claim information in the Application Data Sheet constitutes
the specific reference required by 35 U.S.C. 119(e) or 120, and 37 CFR 1.78.

When referring to the current application, please leave the “Application Number” field blank.

Prior Application Status

Filing or 371(c) Date
Application Number Continuity Type Prior Application Number (YYYY-MM-DD)

Additional Domestic Benefit/National Stage Data may be generated within this form
by selecting the Add button.
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Approved for use through 04/30/2017. OMB 0651-0032

U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE
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Attorney Docket Number | PAILPO0O1P

Application Data Sheet 37 CFR 1.76

Application Number

Title of Invention SYSTEM AND METHOD FOR IMPROVED GENERAL OBJECT DETECTION USING NEURAL NETWORKS

Foreign Priority Information:

This section allows for the applicant to claim priority to a foreign application. Providing this information in the application data sheet
constitutes the claim for priority as required by 35 U.S.C. 119(b) and 37 CFR 1.55. When priority is claimed to a foreign application
that is eligible for retrieval under the priority document exchange program (F’DX)| the information will be used by the Office to
automatically attempt retrieval pursuant to 37 CFR 1.55(i)(1) and (2). Under the PDX program, applicant bears the ultimate
responsibility for ensuring that a copy of the foreign application is received by the Office from the participating foreign intellectual
property office, or a certified copy of the foreign priority application is filed, within the time period specified in 37 CFR 1.55(g)(1).

Application Number Countryi Filing Date (YYYY-MM-DD) Access Codé' (if applicable)

Additional Foreign Priority Data may be generated within this form by selecting the
Add button.

Statement under 37 CFR 1.55 or 1.78 for AlA (First Inventor to File) Transition
Applications

This application (1) claims priority to or the benefit of an application filed before March 16, 2013 and (2) also

contains, or contained at any time, a claim to a claimed invention that has an effective filing date on or after March
[ 16, 2013.

NOTE: By providing this statement under 37 CFR 1.55 or 1.78, this application, with a filing date on or after March

16, 2013, will be examined under the first inventor to file provisions of the AlA.
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Approved for use through 04/30/2017. OMB 0651-0032
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. . Attorney Docket Number | PAILPO01P
Application Data Sheet 37 CFR 1.76

Application Number

Title of Invention SYSTEM AND METHOD FOR IMPROVED GENERAL OBJECT DETECTION USING NEURAL NETWORKS

Authorization or Opt-Out of Authorization to Permit Access:

When this Application Data Sheet is properly signed and filed with the application, applicant has provided written
authority to permit a participating foreign intellectual property (IP) office access to the instant application-as-filed (see
paragraph A in subsection 1 below) and the European Patent Office (EPO) access to any search results from the instant
application (see paragraph B in subsection 1 below).

Should applicant choose not to provide an authorization identified in subsection 1 below, applicant must opt-out of the
authorization by checking the corresponding box A or B or both in subsection 2 below.

NOTE: This section of the Application Data Sheet is ONLY reviewed and processed with the INITIAL filing of an
application. After the initial filing of an application, an Application Data Sheet cannot be used to provide or rescind
authorization for access by a foreign IP office(s). Instead, Form PTO/SB/39 or PTO/SB/69 must be used as appropriate.

1. Authorization to Permit Access by a Foreign Intellectual Property Office(s)

A. Priority Document Exchange (PDX) - Unless box A in subsection 2 (opt-out of authorization) is checked, the
undersigned hereby grants the USPTO authority to provide the European Patent Office (EPO), the Japan Patent Office
(JPO), the Korean Intellectual Property Office (KIPO), the State Intellectual Property Office of the People’s Republic of
China (SIPO), the World Intellectual Property Organization (WIPQ), and any other foreign intellectual property office
participating with the USPTO in a bilateral or multilateral priority document exchange agreement in which a foreign
application claiming priority to the instant patent application is filed, access to: (1) the instant patent application-as-filed
and its related bibliographic data, (2) any foreign or domestic application to which priority or benefit is claimed by the
instant application and its related bibliographic data, and (3) the date of filing of this Authorization. See 37 CFR 1.14(h)
(1).

B. Search Results from U.S. Application to EPO - Unless box B in subsection 2 (opt-out of authorization) is checked,
the undersigned hereby grants the USPTO authority to provide the EPO access to the bibliographic data and search
results from the instant patent application when a European patent application claiming priority to the instant patent
application is filed. See 37 CFR 1.14(h)(2).

The applicant is reminded that the EPO’s Rule 141(1) EPC (European Patent Convention) requires applicants to submit a
copy of search results from the instant application without delay in a European patent application that claims priority to
the instant application.

2. Opt-Out of Authorizations to Permit Access by a Foreign Intellectual Property Office(s)

A. Applicant DOES NOT authorize the USPTO to permit a participating foreign IP office access to the instant
[] application-as-filed. If this box is checked, the USPTO will not be providing a participating foreign IP office with
any documents and information identified in subsection 1A above.

B. Applicant DOES NOT authorize the USPTO to transmit to the EPO any search results from the instant patent
[1 application. If this box is checked, the USPTO will not be providing the EPO with search results from the instant
application.
NOTE: Once the application has published or is otherwise publicly available, the USPTO may provide access to the
application in accordance with 37 CFR 1.14.
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Attorney Docket Number | PAILPO0O1P

Application Data Sheet 37 CFR 1.76

Application Number

Title of Invention SYSTEM AND METHOD FOR IMPROVED GENERAL OBJECT DETECTION USING NEURAL NETWORKS

Applicant Information:

Providing assignment information in this section does not substitute for compliance with any requirement of part 3 of Title 37 of CFR
to have an assignment recorded by the Office.

Applicant 1

If the applicant is the inventor (or the remaining joint inventor or inventors under 37 CFR 1.45), this section should not be completed.
The information to be provided in this section is the name and address of the legal representative who is the applicant under 37 CFR
1.43; or the name and address of the assignee, person to whom the inventor is under an obligation to assign the invention, or person
who otherwise shows sufficient proprietary interest in the matter who is the applicant under 37 CFR 1.46. If the applicant is an
applicant under 37 CFR 1.46 (assignee, person to whom the inventor is obligated to assign, or person who otherwise shows sufficient
proprietary interest) together with one or more joint inventors, then the joint inventor or inventors who are also the applicant should be
identified in this section. -

(® Assignee (O Legal Representative under 35 U.S.C. 117 O Joint Inventor

(O Person to whom the inventor is obligated to assign. |O Person who shows sufficient proprietary interest

If applicant is the legal representative, indicate the authority to file the patent application, the inventor is:

Name of the Deceased or Legally Incapacitated Inventor: |

If the Applicant is an Organization check here. X

Organization Name Pilot Al Labs, Inc.

Mailing Address Information For Applicant:

Address 1 830 Stewart Dr., Suite 259

Address 2

City Sunnyvale State/Province CA
Countr)/ | us Postal Code 94085
Phone Number Fax Number

Email Address

Additional Applicant Data may be generated within this form by selecting the Add button.

Assignee Information including Non-Applicant Assignee Information:

Providing assignment information in this section does not substitute for compliance with any requirement of part 3 of Title
37 of CFR to have an assignment recorded by the Office.
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Attorney Docket Number | PAILPO0O1P

Application Data Sheet 37 CFR 1.76

Application Number

Title of Invention SYSTEM AND METHOD FOR IMPROVED GENERAL OBJECT DETECTION USING NEURAL NETWORKS

Assignee 1

Complete this section if assignee information, including non-applicant assignee information, is desired to be included on the patent
application publication. An assignee-applicant identified in the "Applicant Information” section will appear on the patent application
publication as an applicant. For an assignee-applicant, complete this section only if identification as an assignee is also desired on the
patent application publication.

If the Assignee or Non-Applicant Assignee is an Organization check here. X

Organization Name | Pilot Al Labs, Inc.

Mailing Address Information For Assignee including Non-Applicant Assignee:

Address 1 830 Stewart Dr., Suite 259

Address 2

City Sunnyvale State/Province CA
Countryi us Postal Code 94085
Phone Number Fax Number

Email Address

Additional Assignee or Non-Applicant Assignee Data may be generated within this form by
selecting the Add button.

Signature:

NOTE: This Application Data Sheet must be signed in accordance with 37 CFR 1.33(b). However, if this Application
Data Sheet is submitted with the INITIAL filing of the application and either box A or B is not checked in
subsection 2 of the “Authorization or Opt-Out of Authorization to Permit Access” section, then this form must
also be signed in accordance with 37 CFR 1.14(c).

This Application Data Sheet must be signed by a patent practitioner if one or more of the applicants is a juristic
entity (e.g., corporation or association). If the applicant is two or more joint inventors, this form must be signed by a
patent practitioner, all joint inventors who are the applicant, or one or more joint inventor-applicants who have been given
power of attorney (e.g., see USPTO Form PTO/AIA/81) on behalf of all joint inventor-applicants.

See 37 CFR 1.4(d) for the manner of making signatures and certifications.

Signature |/Joshua Chang/ Date (YYYY-MM-DD)| 2015-11-30

First Name | Joshua Last Name Chang Registration Number 70831

Additional Signature may be generated within this form by selecting the Add button.

EFS Web 2.2.12

AIRSPACE SYS. INC. EX2107, Page 10 (IPR2025-00629)



PTO/AIA/14 (11-15)

Approved for use through 04/30/2017. OMB 0651-0032

U.S. Patent and Trademark Office; U.S. DEPARTMENT OF COMMERCE

Under the Paperwork Reduction Act of 1995, no persons are required ta respond to a collection of information unless it contains a valid OMB control number.

. . Attorney Docket Number | PAILPO01P
Application Data Sheet 37 CFR 1.76

Application Number
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This collection of information is required by 37 CFR 1.76. The information is required to obtain or retain a benefit by the public which
is to file (and by the USPTO to process) an application. Confidentiality is governed by 35 U.S.C. 122 and 37 CFR 1.14. This
collection is estimated to take 23 minutes to complete, including gathering, preparing, and submitting the completed application data
sheet form to the USPTO. Time will vary depending upon the individual case. Any comments on the amount of time you require to
complete this form and/or suggestions for reducing this burden, should be sent to the Chief Information Officer, U.S. Patent and
Trademark Office, U.S. Department of Commerce, P.O. Box 1450, Alexandria, VA 22313-1450. DO NOT SEND FEES OR
COMPLETED FORMS TO THIS ADDRESS. SEND TO: Commissioner for Patents, P.O. Box 1450, Alexandria, VA 22313-1450.
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System and Method for Improved General Object Detection

Using Neural Networks

TECHNICAL FIELD

[0001] The present disclosure relates generally to machine learning algorithms, and

more specifically to object recognition and detection.
BACKGROUND

[0002] Systems have attempted to use various neural networks and computer learning
algorithms to identify objects within an image or a serics of images. However, existing
attempts to identify objects are not successful because the methods of pattern
recognition and estimating location of objects are inaccurate and non-general.
Furthermore, existing systems attempt to identify objects by some sort of pattern
recognition that is too specific, or not sufficiently adaptable, as the object changes
between images. Thus, there is a need for an enhanced method for training a neural
network to detect and identify objects of interest with increased accuracy by utilizing

improved computational operations.
SUMMARY

[0003] The following presents a simplified summary of the disclosure in order to
provide a basic understanding of certain embodiments of the present disclosure. This
summary is not an extensive overview of the disclosure and it does not identify
key/critical elements of the present disclosure or delineate the scope of the present
disclosure. Its sole purpose is to present some concepts disclosed herein in a simplified

form as a prelude to the more detailed description that is presented later.

[0004] In general, certain embodiments of the present disclosure provide techniques or
mechanisms for improved object detection by a neural network. According to various

embodiments, a method for object detection using a neural network is provided. The

PAILPOO1P
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method comprises a training mode and an inference mode. In yet another embodiment,
a system for neural network object detection is provided. The system includes one or
more processors, memory, and one or more programs stored in the memory. The one
or more programs comprises instructions to operate in a training mode and an inference
mode. In yet another embodiment, a computer readable storage medium is provided,
which stores one or more programs configured for execution by a computer. The one
or more programs comprises instructions to operate in a training mode and an inference

mode.

[0005] In the training mode, a dataset is passed into the neural network, and the neural
network is trained to accurately output a box size and a center location of an object of
interest. The box size corresponds to the smallest possible bounding box around the
object of interest and the center location corresponds to the location of the center of the
bounding box. In the inference mode, an image that is not part of the dataset is passed
into the neural network. The neural network automatically identifies an object of
interest and automatically draws a box around the identified object of interest. The box
drawn around the identified object of interest corresponds to the smallest possible
bounding box around the object of interest. The neural network comprises a
convolution-nonlinearity step and a recurrent step. In certain embodiments, the dataset
may comprise a plurality of images with known identified objects of interests.
According to various embodiments, parameters in the neural network may be updated
using a stochastic gradient descent during the training mode. In the inference mode of
certain embodiments, the neural network will automatically output exactly the same

number of boxes as the number of identifiable objects of interest.

[0006] According to various embodiments, the convolution non-linearity step may
comprise a convolution layer and a rectified linear layer. In other embodiments, each
layer in the convolution-nonlinearity step may take a third-order tensor as input and
output a modified third-order tensor. In further embodiments, the convolution-
nonlinearity step may comprise a plurality of convolution-nonlinearity layer pairs that
each comprise a convolution layer followed by a rectified linear layer. In other
embodiments, the convolution-nonlinearity step may consist of five convolution-
nonlinearity layer pairs that each comprises a convolution layer followed by a rectified

linear layer.
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[0007] According to various embodiments, the recurrent step may comprise a quadratic
recurrent layer. In other embodiments, the recurrent step may comprise a plurality of
recurrent layer pairs that cach comprises a quadratic recurrent layer followed by a
linear layer. In some embodiments, the quadratic recurrent layer may take as input two
first-order tensors and output a single first-order tensor. In various embodiments, the
output of a first quadratic recurrent layer may be used as input into a second quadratic
layer. In certain embodiments, the linear layer may output a first-order tensor with at
least one dimension. In some embodiments, the at least one dimension may include the
x and y coordinates of the center of the bounding box, the height of the bounding box,
the width of the bounding box, and a probability that the bounding box is accurate. In
some embodiments, the output of a quadratic recurrent layer may be used as input into
a subsequent quadratic recurrent layer unless a linear layer in the recurrent step outputs

a probability of less than 0.5 that the bounding box is accurate.

BRIEF DESCRIPTION OF THE DRAWINGS

[0008] The disclosure may best be understood by reference to the following description
taken in conjunction with the accompanying drawings, which illustrate particular

embodiments of the present disclosure.

[0009] Figure 1 illustrates a particular example of computational layers implemented in

a neural network in accordance with one or more embodiments.

[0010] Figure 2 illustrates another example of a neural network system that may detect

multiple types of objects, in accordance with one or more embodiments.

[0011] Figure 3 illustrates an example of object recognition by a neural network in

accordance with one or more embodiments.

[0012] Figure4 illustrates an example of a method for object detection by a neural

network, in accordance with one or more embodiments.
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[0013] Figure 5A illustrates an example of a convolution-nonlinearity step in a method
for training a neural network to detect objects of interest in accordance with one or

more embodiments.

[0014] Figure 5B illustrates an example of a recurrent step in the method for training a
ncural network to detect objects of interest in accordance with one or more

embodiments.

[0015] Figure 5C illustrates an example of a training step in the method for training a
neural network to detect objects of interest in accordance with one or more

embodiments.

[0016] Figure 6A illustrates an example of a convolution-nonlinearity step in a method
for object detection by a neural network to detect objects of interest in accordance with

one or more embodiments.

[0017] Figure 6B illustrates an example of a recurrent step in a method for object
detection by a neural network to detect objects of interest in accordance with one or

more embodiments.

[0018] Figure 7 illustrates one example of a neural network system that can be used in
conjunction with the techniques and mechanisms of the present disclosure in

accordance with one or more embodiments.

DETAILED DESCRIPTION OF PARTICULAR EMBODIMENTS

[0019] Reference will now be made in detail to some specific examples of the present
disclosure including the best modes contemplated by the inventors for carrying out the
present disclosure. Examples of these specific embodiments are illustrated in the
accompanying drawings. While the present disclosure is described in conjunction with
these specific embodiments, it will be understood that it is not intended to limit the
present disclosure to the described embodiments. On the contrary, it is intended to
cover alternatives, modifications, and equivalents as may be included within the spirit

and scope of the present disclosure as defined by the appended claims.
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[0020] For example, the techniques of the present disclosure will be described in the
context of particular algorithms. However, it should be noted that the techniques of the
present disclosure apply to various other algorithms. In the following description,
numerous specific details are set forth in order to provide a thorough understanding of
the present disclosure. Particular example embodiments of the present disclosure may
be implemented without some or all of these specific details. In other instances, well
known process operations have not been described in detail in order not to

unnecessarily obscure the present disclosure.

[0021] Various techniques and mechanisms of the present disclosure will sometimes be
described in singular form for clarity. However, it should be noted that some
embodiments include multiple iterations of a technique or multiple instantiations of a
mechanism unless noted otherwise. For example, a system uses a processor in a variety
of contexts. However, it will be appreciated that a system can use multiple processors
while remaining within the scope of the present disclosure unless otherwise noted.
Furthermore, the techniques and mechanisms of the present disclosure will sometimes
describe a connection between two entitics. It should be noted that a connection
between two entities does not necessarily mean a direct, unimpeded connection, as a
variety of other entities may reside between the two entities. For example, a processor
may be connected to memory, but it will be appreciated that a variety of bridges and
controllers may reside between the processor and memory. Consequently, a connection

does not necessarily mean a direct, unimpeded connection unless otherwise noted.

[0022] Overview

[0023] According to various embodiments, a method for object detection using a neural
network is provided. The method comprises a training mode and an inference mode.
In the training mode, a dataset is passed into the neural network, and the neural network
is trained to accurately output a box size and a center location of an object of interest.
The box size corresponds to the smallest possible bounding box around the object of
interest and the center location corresponds to the location of the center of the bounding
box. In the inference mode, an image that is not part of the dataset is passed into the
neural network. The neural network automatically identifies an object of interest and

automatically draws a box around the identified object of interest. The box drawn
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around the identified object of interest corresponds to the smallest possible bounding
box around the object of interest. The neural network comprises a convolution-

nonlinearity step and a recurrent step.

[0024] Example Embodiments

[0025] According to various embodiments, a system for general object detection may
use a labeled dataset to train the parameters of a neural network so that the neural
network can accurately output the box size and the center location for one or more
objects of interests located in new images that the neural network was not trained on.
Examples of objects of interests may include, but are not limited to, individual faces,
heads, or other body parts, cars, animals, trees, etc. In some embodiments, a labeled
dataset may include a collection of images where, for each image, the following
information is provided as pixel coordinates: the center location, height, and width of
the smallest possible bounding box around cach object of interest within the image. In
other embodiments, other information may be provided for each object of interest. In

other embodiments, the information may be provided in other various formats.

[0026] According to various cmbodiments, the ncural nctwork may opcratc in two
modes. The first mode may be a “training” mode in which the initial parameters, which
start from random values, are slowly updated by comparing predicted boxes output by
the neural network with the information of the labeled dataset. In some embodiments,
the initial parameters updated, or trained, by stochastic gradient descent, which slowly
updates the initial random values of parameters such that the neural network outputs
increasingly accurate center location, height, and width for the minimum bounding box
around cach object of interest within an image. The second mode may be an
“inference” mode in which the neural network applies the updated parameters to predict
objects of interest and output the center location, height, and width for the minimum
bounding box around each of the predicted objects of interest. In some embodiments,
the neural network may identify objects of interest within a series of images with a
desired accuracy rate in real-time. In some embodiments, real-time may comprise a

rate of approximately 25 frames-per-second.
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[0027] According to various embodiments, the neural network may include a
convolution-nonlinearity step and a recurrent step that are implemented in both the
training mode and the inference mode. In some embodiments, the convolution-
nonlinearity step transforms the pixels of images into feature tensors that the neural
network may use for object detection. In some embodiments, the recurrent step
translates the feature tensors from the convolution-nonlinearity step into the boxes
identifying the objects of interest. Each step comprises a number of different
computational layers. A “layer” refers to a mathematical function which has one or
more input tensors and one or more output tensors. In some embodiments, a layer may
include one or more tensors of parameters which are updated, or trained, using a
stochastic descent algorithm. Such computational layers may include convolutional
layers, rectified-linear layers, and linear layers. In other embodiments, other various
layers may be implemented in the neural network. In an embodiment, the neural
network additionally uses a quadratic recurrent layer. In various embodiments, the
neural network combines sequential layers in a novel combination for the task of object
detection. In some embodiments, the neural network may be trained to recognize a
more general pattern for an object type to identify an object from any angle in any
sense. In an embodiment, the network may be built from a sequence of layers, with the
output from one layer feeding in as the input to the next layer, as further described in

Figure 1.

[0028] Figure 1 illustrates a particular example of computational layers implemented in
a neural network 100 in accordance with one or more embodiments. According to
various embodiments, neural network 100 includes convolution-nonlinearity step 150
and recurrent step 160. In some embodiments, both steps are implemented by neural
network 100 in the training mode and in the inference mode. In some embodiments,
convolution-nonlinearity step 150 includes a plurality of layers including convolution
layers 104-A, 106-A, 108-A, 110-A, and 112-A, with respective outputs 104-OA, 106-
OA, 108-OA, 110-OA, and 112-OA. Convolution-nonlinearity step 150 may further
include rectified linear layers 104-B, 106-B, 108-B, 110-B, and 112-B, with respective
outputs 104-OB, 106-OB, 108-OB, 110-OB, and 112-OB. In some embodiments,
recurrent step 160 of ncural network 100 includes a plurality of layers including

quadratic recurrent layers 124-A, 126-A, and 128-A, with respective outputs 124-OA,
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126-OA, 128-OA. Recurrent step 160 may further include linear layers 124-B, 126-B,
and 128-B, with respective outputs 124-OB, 126-OB, and 128-OB.

[0029] Convolution-nonlinearity Step

[0030] In various embodiments, convolution-nonlinearity step 150 of neural network
100 involves one or more convolution-nonlinearity operations. In some embodiments,
each convolution-nonlinearity operation may include inputting the third-order tensor of
the image pixels of an image into a pair of computational layers (or “convolution-
nonlinearity layer pairs”) comprising a convolution layer and a rectified-linear layer.
The first of such convolution-nonlinearity layer pairs is convolution-nonlinearity pair
104 which includes convolution layer 104-A and rectified linear layer 104-B. In some
embodiments, the first input of neural network 100 is image pixels 102. Image pixels
102 may be fed into convolution layer 104-A as a third-order tensor with three
dimensions including the “height”, “‘width”, and “channels” of image 102. The input of
image pixels 102 may be denoted as x ijm (the three subscripts show that the tensor is
a third order tensor with one subscript representing cach dimension of the tensor).
Convolutional layers, such as convolutional layer 104-A may be denoted as layer
number / and have a third-order tensor as input (denoted as x®; ;m) and a third-order
tensor as output (denoted as x{+1); jn). Convolutional layers also comprise two
parameter variables, including a fourth order tensor (denoted as W® . .., and a first
order tensor (denoted as b®,)). The equation to compute the output of a convolution

layer [ given the input is:
x(Hl)Un = ZmzazbW([)nmabx(l)(l—a)(j—b)m + b(l)n

[0031] Using this equation, convolution layer 104-A processes the third order tensor
input x™;;,,, of image pixels 102 and produces a third order tensor output 104-OA
denoted as x®, jn- In some embodiments, convolutional layers, such as convolutional
layer 104-A, may exhibit desired properties for training ncural networks for image
processing tasks, such as object detection. Specifically, the parameters W® .., act
as a filter over the input, such that each pixel in the output third-order tensor x¢+1; in

depends only on the neighboring pixels from the input third-order tensor x, jm- In
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other embodiments, other types of computational layers may be used instead of the

convolution layer previously described.

[0032] The second computational layer in convolution-nonlinearity layer 104 is layer
104-B, which comprises a rectified-linear layer, which is a non-linear layer. In some
embodiments, non-linear layers, such as rectified-linear layer 104-B, may be included
in neural network 100 to allow learning of complicated functions. Excluding non-
linear layers, such as layer 104-B, may cause a neural network, such as neural network
100, to be saturated and reduced to a single, simplified, lincar layer. The rectificd-
linear nonlinearity layer is chosen over other types of nonlinear layers to avoid
saturation. Saturation may occur when a layer, or type of layer, in a neural network
continues to output the same numerical value, such as “1,” even though the inputs into
that layer, or type of layer, are changing. For example, a neural network that includes
one or more sigmoid function layers may experience saturation when the values of
parameters in layers preceding the sigmoid function layers become too large. In
contrast, a rectified-linear layer, such as layer 104-B, does not experience saturation
during training. Given an input tensor for a rectified-linear layer I (denoted by x®; in)
and an output tensor (denoted by xU*1), ;) the equation for the “rectified-linear layer

is:
x(l+1)ijn = max(0, x(l)ijn)

[0033] In Figure 1, rectified linear layer 104-B processes the third order tensor x(z)i jn
of output 104-OA and produces a third order tensor output 104-OB denoted as x 3, In-
Output 104-OB is then fed into the next successive convolution-nonlinearity layer pair
106, which includes convolution layer 106-A and rectified linear layer 106-B with
respective outputs 106-OA and 106-OB. The final output of each convolution-
nonlinearity layer pair is similarly fed into the next successive convolution-nonlinearity
pair. Convolution-nonlinearity pair 108 includes convolution layer 108-A and rectified
linear layer 108-B with respective outputs 108-OA and 108-OB. Convolution-
nonlinearity pair 110 includes convolution layer 110-A and rectified linear layer 110-B
with respective outputs 110-OA and 110-OB. Convolution-nonlinearity pair 112

includes convolution layer 112-A and rectified linear layer 112-B with respective
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outputs 112-OA and 112-OB. These computational layer pairs within convolution-
nonlinearity step 150 allow neural network 100 to transform the input pixels 102 into
an output that includes features that are better suited for performing the task of object
detection. After the input information is fed through each convolution-nonlinearity
layer pair, and also subsequently fed through the remainder of neural network 100, a
stochastic gradient descent algorithm is implemented to update the parameters within
each of the computational layers using the predictions made by neural network 100 and

the given labels from the dataset.

[0034] As depicted in Figure 1, the convolution-nonlinearity step 150 of neural
network 100 is composed of five convolution-nonlinearity layer pairs, 104, 106, 108,
110, and 112. In other embodiments, there may be more or less convolution-
nonlinearity layer pairs than shown in Figure 1. Each convolution-nonlinearity layer
pair transforms the input (into each layer pair) into a higher-level feature tensor
comprising a high-dimensional vector representation of the original image pixels 102.
The higher-level feature tensor outputs are used for performing the task of object
detection (the higher-level tensor is the output tensor of the second layer in cach layer
pair). For example, output 106-OB, denoted as x(; jp» 18 the input into convolution-
nonlinearity pair 108. Convolution-nonlinearity pair 108 transforms tensor 106-OB
into a higher-level output tensor 108-OB, denoted as x;;,. The more convolution-
nonlinearity layer pairs in convolution-nonlinearity step 150, the more accurate will be
the predictions made by neural network 100 in detecting objects in new images.
However, an increase in the number of convolution-nonlinearity pairs will also increase
in the difficulty of training of neural network 100 during the training mode. For
example, a hundred convolution-nonlinearity pairs would yield the potential for a
deeper and very accurate system. Howecever, such a decper ncural network with more
computational layers is more difficult to train, requiring a larger dataset to fully train
the network to perform predictions with the desired accuracy. Additionally, adding
more convolution-nonlinearity pairs would increase computing time for neural network

100 to perform predictions.

[0035] In a certain embodiment, five convolution-nonlinearity layer pairs may yield
sufficient accuracy for tracking objects of interest for particular application, such as
drone control for following objects of interest, that require estimating relative physical
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distance of objects in an image. In such embodiments, computer chips and processing
times may be optimized such that a neural network 100 with five convolution-

nonlinearity layer pairs may detect objects within a series of images in real-time.
[0036] Recurrent Step

[0037] According to various embodiments, recurrent step 160 follows convolution-
nonlinearity step 150. In some embodiments, recurrent step 160 comprises one or more
computational layers that may translate the high-dimensional vector representation of
image pixels 102 from the final high-level feature tensor output, such as output 112-OB
from convolution-nonlinearity step 150, into boxes for the objects of interest located in
each image. In some embodiments, recurrent step 160 involves one or more recurrent
layers, such as quadratic recurrent layers 124-A, 126-A, and 128-A, with respective
outputs 124-OA, 126-OA, 128-OA. In other embodiments, recurrent step 160 may
alternatively or additionally include one or more linear recurrent layers. A quadratic
recurrent layer has a similar structure to a linear recurrent layer, including the same
number of inputs (2), outputs (1), and number of parameter tensors (2), but the actual
equation for computing the output given such inputs is different. In the following
explanation comparing a quadratic recurrent layer and a linear recurrent layer, notation
for variables will be shared. When referring to a variable that is shared by both types of

layers, the term “recurrent layer” will be used to refer to both types of layers.

[0038] A recurrent layer has two input tensors (denoted as x; and h(© ), both of which
are first order. A higher order tensor, such as a third order tensor, may be converted to
a lower order tensor as all the dimensions can be combined into a single dimension.
For example, all values in a third-order tensor may be listed in a singular vector form.
In Figure 1, output 112-OB, which is a third-order tensor depicted as x™*),;;, may be
converted to a first-order tensor at box 114. The translated first-order tensor may be
depicted as x™V;. The second input tensor, K9}, is derived from the output of a
previous quadratic recurrent layer of neural network 100. The first quadratic recurrent
layer of recurrent step 160, such as layer 124-A, may utilize an initial zero value for the
h{®; input tensor, that may be depicted as h(®;. The recurrent layers also provide one

output tensor, denoted as h*1 . such as output 124-OA (denoted as h™, in Figure
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1). As previously mentioned, such output tensor 124-OA may be used as the second
input tensor for a subsequent recurrent layer, such as 126-A. The recurrent layers also
include two parameter tensors. The order of the parameter tensors is different between
the linear recurrent layer and the quadratic recurrent layer. The linear recurrent layer
parameter tensors are second order, and are denoted as Uy; and Vi ;. The quadratic
recurrent layer parameter tensors are third order, and are denoted as U,y and Vyy; as
shown in 124-A and 126-A. The equation for computing the output of a linear

recurrent layer is:
D = X, (Ux) + ZVih®)
[0039] The equation for computing the output of a quadratic recurrent layer is:
D = 505 (X Ui xi) + EnZ (RO Vg ;RO

[0040] Because a quadratic recurrent layer, such as layers 124-A and 126-A, has
parameter tensors with higher orders than the parameter tensors of a linear recurrent
layer, a neural network 100 that utilizes quadratic recurrent layers may have a higher
capacity to solve complicated tasks, such as object detection. The use of quadratic
recurrent layers improves the accuracy of a ncural network 100 and allows ncural
network 100 to have improved learning capabilities during a training mode by allowing
a higher maximum accuracy value. For example, the final accuracy of neural network
100 with quadratic recurrent layers after being fully trained using a given dataset of
images would be higher than that of neural network 100 with linear recurrent layers
instead of quadratic recurrent layers, given the same dataset. Furthermore, a quadratic
recurrent layer also provides more accurate predictions in inference mode by providing
a quadratic approximation, as opposed to a linear approximation provided by a linear
recurrent layer. The inputs (x; and h(t)l-) of a quadratic recurrent layer multiply cach
other while also multiplying the parameter tensors (Upyyand V). This multiplication
with itself allows for a more complex function, which yields more accurate box

predictions.

[0041] As previously mentioned, output 104-OA of quadratic recurrent layer 104-A is

also input into a standard linear layer, such as linear layer 124-B. Similarly, the output
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106-OA of quadratic recurrent layer 106-A is fed into a subsequent quadratic recurrent
layer 128-A, as well as linear layer 126-B. In some embodiments, linear layers, such as
124-B, may be utilized as a final layer which takes in tensor input 124-OA and outputs
a first order tensor 124-OB with a dimension of five. In some embodiments, the input

tensor is denoted as h®, the output tensor is denoted as y® I and the parameter

tensors are denoted as Tj; and s;. The equation for the output 124-OB of linear layer

124-B is:
y; = 2i(Tiihy) + s

[0042] In some embodiments, the five dimensions of an output y® J of a linear layer,

such as output 124-OB, may refer to: the (x, y) coordinates of the center of the box, the
height of the box, the width of the box, and a probability that the box (location and
size) which neural network 100 has predicted is accurate. This probability allows
neural network 100 to assign a confidence to the output boxes. During training mode in
certain embodiments, neural network 100 is trained to have a probability of 1 for any
box which matches a label, and a probability of 0 for any boxes it outputs which do not
correspond to a label. In some embodiments, if the probability is greater than or equal
to 0.5, neural network 100 interprets the box as a correct prediction. In some
cmbodiments, if the probability is lcss than 0.5, ncural nctwork 100 ignorcs the

prediction as incorrect.

[0043] In certain embodiments, recurrent step 160 may include multiple recurrent layer
pairs, such as recurrent layer pair 124, comprising a quadratic recurrent layer and linear
layer. As previously described, the output of cach quadratic rccurrent layer is fed into
the linear layer of the recurrent layer pair and a subsequent quadratic recurrent layer in
a subsequent recurrent layer pair. For example, output 124-OA of quadratic recurrent
layer 124-A is fed into a subsequent quadratic recurrent layer 126-A, as well as linear
layer 124-B. Recurrent layers are termed ‘“recurrent” because the output is fed back
into the layer as one of the two inputs. A recurrent step 160 is implemented for one
object type, such as people, vehicles, trees, etc., and multiple recurrent steps 160 may
be implemented for each image. Each recurrent layer pair in a recurrent step 160, such

as layer pair 124, corresponds to a single box being output for an identified object of a
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single object type in an image. Subsequent boxes are output by quadratic recurrent
layer-linear layer pairs until neural network 100 outputs a probability of a box that is
less than 0.5, at which point, neural network 100 determines that there are no more
boxes to be output. If neural network 100 fails to output a box for any object of
interest, whether identified or not, neural network 100 is treated as if it output a box of
size 0 with coordinates (0, 0), and probability 0. If there are objects of another type
detected, neural network 100 then implements another recurrent step 160 for objects of

that type.

[0044] In some embodiments, recurrent layers, such as quadratic recurrent layers and
linear recurrent layers, may be well suited to tasks of generating a number of outputs,
such as boxes, that vary from one image to the next. For example, one image may
include only one object of interest, and therefore only one box to be output by neural
network 100. Another image may include fifty objects of interest, and therefore fifty
boxes may be output by neural network 100. However, a recurrent layer, such as
quadratic recurrent layer 124-A, may include a state vector in its output 124-OA, which
is then fed into a subsequent recurrent layer 126-A. Such a state vector may be trained
to keep track of which boxes necural network 100 has already output, and learns to
output the boxes one at a time, without repeating a box. Other types of layers, such as
linear layers, may have a fixed number of outputs and must output a fixed number of
boxes For example, a linear layer may be designed to output a tensor with five hundred
dimensions corresponding to the five dimensions of each output box. This means that
that linear layer must output one hundred boxes and cannot identify more than one
hundred objects in each image. A linear layer may be designed to output a tensor with
a very large number of tensors, but it may be impractical due to increased
computational time. This may also lead to inaccuracies when there are fewer objects in
an image because a linear layer with five hundred outputs must output one hundred

boxes for each image despite the number of actual objects.

[0045] In some embodiments, a neural network, such as neural network 100, may be
able to detect multiple types of objects. Examples of the various types of objects that
may be detected include, but are not limited to: people, faces, vehicles, trees, etc. In
various embodiments, substantial sharing of parameters occurs between different
layers. In some embodiments, some layers may share parameters between different
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types of objects, while other layers may have distinct sets of parameters for each type
of object. Figure 2 is an illustration of another example of a neural network 200 that
may detect multiple types of objects, in accordance with one or more embodiments.
Neural network 200 includes image pixels 202, convolution-nonlinearity step 250,
recurrent step 260-A, recurrent step 260-B, recurrent step 260-C, output 260-OA,
output 260-OB, and output 260-OC. In some embodiments, image pixels 202 may be
input as third-order tensors into convolution-nonlinearity step 250, similar to image
pixels 102 in Figure 1. In some embodiments, convolution-nonlinearity step 250 may
be convolution-nonlinearity step 150 in Figure 1 and comprise the same or similar
computational layers. Parameter tensors within convolution-nonlinearity step 250 are
shared between object types. For example, there is only one tensor W™, .. used in a
convolution layer, such as convolution layer 104-A, regardless of how many different

types of objects are being detected by neural network 200.

[0046] The output of convolution-nonlinearity step 250 may be third-tensor output 112-
OB in Figure 1. This output may then be converted to a first-order tensor, as described
at box 114 in Figure 1, and input into recurrent steps 260-A, 260-B, and 260-C. Each
recurrent step 260-A, 260-B, and 260-C may comprise the same or similar
computational layers as recurrent step 160 in Figure 1, and may output box data 260-
OA, 260-OB, and 260-OC, respectively. Each output 260-OA, 260-OB, and 260-OC
corresponds to one or more boxes that identify one type of object. For example, output
260-OA may comprise output boxes, such as outputs 124-OB, 126-OB, and 128-OB,
which detect persons. Output 260-OB may comprise output boxes that detect cars.
Output 260-OC may comprisc output boxcs that dctcct any other typc of object.
Parameter tensors are shared within each recurrent step, but are not shared between
recurrent steps. For example, each quadratic recurrent layer of each recurrent step may
include a tensor parameter U,,y;, as described in Figure 1. There may be one tensor
parameter, such as U®PeTs°™ . used in a quadratic recurrent layer of a recurrent step
260-A, and another tensor parameter, such as U©% . in a quadratic recurrent layer
of recurrent step 260-B. All boxes output for predicted objects of interest that are
people will be output by recurrent step 260-A, and all quadratic recurrent layers within
recurrent step 260-A will share tensor parameter U®@eTs°™ .. All boxes output for

predicted objects of interest that are cars will be output by recurrent step 260-B, and all
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quadratic recurrent layers within recurrent step 260-B will share tensor parameter
u«ar) ... However, no quadratic recurrent layer in recurrent step 260-A will use
tensor parameter U .. and no quadratic recurrent layer in recurrent step 260-B
will use tensor parameter U®e7se™_ .. This is true for all other parameter tensors

within each recurrent step, such as Up;and Vi ; used in quadratic recurrent layers, and

Tj; and s; used in linear layers.

[0047] Figure 3 illustrates an example of output boxes around objects of interest
generated by a neural network 300, in accordance with one or more embodiments. In
somc cmbodiments, ncural nctwork 300 may bc a ncural nctwork such as ncural
network 100 or neural network 200, and may include the same or similar computational
layers. According to various embodiments, the pixels of image 302 are input into
neural network 300 as a third-order tensor, such as image pixels 102 or image pixels
202. Once the pixels of image 302 have been processed by the computational layers
within neural network 300, neural network 300 outputs a first order tensor with five
dimensions corresponding to the smallest bounding box around the object of interest,
including the x and y coordinates of the center of the bounding box, the height of the
bounding box, the width of the bounding box, and a probability that the bounding box
is accurate. As depicted in Figure 3, neural network 300 has output boxes 304, 306,
and 308. Boxes 304 and 306 cach identify the face of a person and may be boxes from
output 260-OA that is output by a single recurrent step, such as recurrent step 260-A.
Box 308 identifies a car and may be a box from output 260-OB that is output by a
separate recurrent step, such as recurrent step 260-B. In various embodiments, a neural
network, such as neural networks 100, 200, and 300, may output boxes in both the

training mode and the inference mode.

[0048] In training mode, the output boxes predicted by a neural network for an image
may be compared to information of that image in a labeled dataset, which include the
center location, height, and width of the smallest possible bounding box around each
object of interest for that image. In some embodiments, the information is provided as
pixel coordinates. For each predicted output box on an image, neural network 100 may
compute the errors between the predicted output box’s center, height, width, and

probability and that of the labeled box’s center, height, width, and probability in the
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dataset. The probability of each labeled box in an image of the labeled dataset will
always be 1.0. The parameters within the computational layers of neural network 100
are then updated with a stochastic gradient descent algorithm combined with a standard
back-propagation technique that slowly update the initial random values of the
parameters such that neural network 100 outputs increasingly accurate center location,
height, and width for the minimum bounding box around each object of interest within
an image. The general equation for updating parameters within neural network 100 by
stochastic gradient using the back-propagation algorithm is as follows: A parameter
tensor, W(")i ;j» may represent a second order tensor of parameters at some iteration (n)
within the training mode. The gradient of the parameter tensor which may be
computed using the algorithm’s output box coordinates and the labeled box

coordinates, is denoted as V[/I/L.En) (at the same iteration n). Then, the new parameters

for the iteration (n + 1) are computed as:
(n+1) _ (n) (n)
W;; =W;” —aVW;

where a is the learning rate, which is a scalar hyper-parameter of the training mode
algorithm. The specific value of « is application dependent. In some embodiments, the
value of @ may be 0.0005. The gradients mentioned above may be computed in the
standard manner for stochastic gradient descent. In a further embodiment, neural
network 100 may be implemented in a system of training a neural network to detect

objects of interest utilizing data augmentation and data generation algorithms.

[0049] In some embodiments, this process is used to train neural network 100 until the
predictions for new images no longer improve. In other embodiments, this process may
be used to train neural network 100 until neural network 100 is deemed sufficiently
trained. In some embodiments, determining when neural network 100 is sufficiently
trained includes withholding a subset of images of the labeled dataset. Throughout the
training mode, an image from the withheld subset is periodically inputted into neural
network 100 to determine the accuracy of predicted output boxes for that image. Once
neural network 100 consistently identifies objects at a predefined threshold accuracy on
the subset of images, neural network may be deemed sufficiently trained. In various

embodiments, the specific value of the predefined threshold may vary and may be
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dependent on various applications. For example, for the application of drone control
for following objects of interest, a threshold of 90% accuracy may be used. Once
neural network 100 is deemed to be sufficiently trained, neural network 100 may be
used to perform predictions in the inference mode. Neural network 100 may output

boxes on predicted objects of interest on new images which are unlabeled.

[0050] According to various embodiments, neural network 100 may be used for real-
time detection on a sequence of images from a streaming video. As used herein, “real-
time” is dcfincd as running at a sufficient framc-ratc such that a human docs not
perceive any interruption or “choppiness” between images in a video feed. The human
visual system has been measured to process approximately ten to twelve separate
images per second such that it perceives each image individually. In an embodiment,
neural network 100 may be able to process images at a rate of approximately 25
frames-per-second, which may appear as a fluid video stream. In other embodiments, a
neural network my obtain image inputs from any type of video recording device, such
as a smartphone. In further embodiments, neural network may be implemented in a
system for tracking objects of interest, calculating relative distances of objects of
interests, and drone control for following objects of interest. In yet further
embodiments, neural network 100 may be implemented in a system for gesture

recognition and virtual reality rendering.

[0051] Figure 4 illustrates an example of a method 400 for object detection by a neural
network, in accordance with one or more embodiments. In certain embodiments, the
neural network may be neural network 100. Neural network 100 may comprise a
convolution-nonlinearity step 401 and a recurrent step 402. In some embodiments
convolution-nonlinearity step 401 may be convolution-nonlinearity step 150 with the
same or similar computational layers. In some embodiments, recurrent step 402 may
be recurrent step 160 with the same or similar computational layers. In other
embodiments, neural network 100 may comprise multiple recurrent steps 402, such as
recurrent steps 260-A, 260-B, and 260-C in neural network 200. Neural network 100

may operate in a training mode 403 and an inference mode 413.

[0052] When operating in the training mode 403, neural network 100 passes a dataset

into neural network at 405. In some embodiments, the dataset may comprise a plurality
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of images with known identified objects of interest. In further embodiments, the
images of the dataset may be labeled with the information including the center location,
height, and width of the smallest possible bounding box around each known identified
object of interest for that image. In some embodiments, passing the dataset into the
neural network may comprise inputting the pixels of each image, such as image pixels
102, in the dataset as third-order tensors into a plurality of computational layers, such
as those described in Figure 1. In some embodiments, the computational layers may be
layers within convolution-nonlinearity step 401 or 150, such as convolution layer 104-
A and rectified linear layer 104-B. In some embodiments, the computational layers
may comprise convolution-nonlinearity layer pairs, such as convolution-nonlinearity
layer pair 104, 106, 108, 110, and 112. In some embodiments, the computational layers
of convolution-nonlinearity step 401 transform the input pixels into features comprising
high-dimensional vector representations that are utilized in object detection. In some
embodiments, the output of convolution-nonlinearity step 401 is input into further
computational layers within recurrent step 402 or 160, such as quadratic recurrent layer
124-A and linear layer 124-B. In some embodiments, the computational layers in
recurrent step 402 may comprise recurrent layer pairs, such as recurrent layer pair 124,
126, and 128. In some embodiments, the computational layers of recurrent step 402
translate the high-dimensional vector representation features into output boxes for
predicted objects of interest in the image identified by neural network 100. In some
embodiments, neural network 100 may continue to output boxes for predicted objects
of interest until the probability that the box is accurate is less than a predetermined
threshold probability. In some embodiments, the predetermined threshold probability
may be 0.5.

[0053] At 407, neural network 100 is trained to accurately output a box size 409 and a
center location 411 of an object of interest. In some embodiments, box size 409
corresponds to the smallest possible bounding box around the object of interest. In
some embodiments, center location 411 corresponds to the location of the center of the
bounding box. In some embodiments, training neural network 100 includes comparing
the predicted output boxes to the information labeled in the dataset and computing the
crrors by between the predicted output boxes and the labeled information. Training
neural network 100 may further include updating the parameters within the

computational layers of convolution-nonlinearity step 401 and recurrent step 402 with a
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stochastic gradient descent algorithm combined with a standard back-propagation
technique that slowly change the initial random values of the parameters such that
neural network 100 outputs increasingly accurate center location, height, and width for
the minimum bounding box around each object of interest within an image. In some
embodiments, neural network is trained until neural network 100 is determined to be
sufficiently trained. In some embodiments, a subset of labeled images within the
dataset are withheld and input into neural network 100 to determine the accuracy of
predicted output boxes for that image. Once neural network achieves a predefined
threshold accuracy on the subset of images, neural network may be deemed sufficiently
trained. In various embodiments, the specific value of the predefined threshold may

vary and may be dependent on various applications.

[0054] Once neural network 100 is deemed to be sufficiently trained, neural network
100 may be used to perform predictions in the inference mode 413. When operating in
the inference mode 413, an image 417 is passed into the neural network at 415. The
image 417 is not part of the dataset from step 405. In some embodiments, the pixels of
image 417 are input into necural network 100 as third-order tensors, such as image
pixels 102. In some embodiments, the image pixels are input into a plurality of
computational layers within convolution-nonlinearity step 401 and recurrent step 402 as

described in step 405.

[0055] The computational layers of neural network 100 transform the tensor inputs to
automatically identify an object of interest at 419. As previously described, the
computational layers of convolution-nonlinearity step 401 transform the input pixels
into features comprising high-dimensional vector representations that are utilize in
object detection. At step 421, a box 423 is automatically drawn around each object of
interest identified by neural network 100. The box 423 drawn around the identified
object of interest corresponds to the smallest possible bounding box around the object
of interest. As previously described, the computational layers of recurrent step 402
translate the high-dimensional vector representation features into output boxes for
predicted objects of interest in the image identified by neural network 100. In some
embodiments, neural network 100 may continue to output boxes for predicted objects
of interest until the probability that the box is accurate is less than 0.5, as in training
mode 403.
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[0056] Figures 5A, 5B, and 5C illustrate an example of a method 500 for training a
neural network to detect objects of interest in accordance with one or more
embodiments. Figure 5A illustrates an example of a convolution-nonlinearity step in
method 500. Figure 5B illustrates an example of a recurrent step in method 500.
Figure 5C illustrates an example of a training step of method 500. According to
various embodiments, an image 502 is passed from a dataset as a third-order tensor into
the neural network at 501. In some embodiments, the neural network may be neural
network 100. In some embodiments, image 502 may be one image 502 in a dataset
comprising multiple images 502. In some embodiments, image 502 may be image
pixels 102. In some embodiments, image 502 includes one or more known identified
objects of interest that are labeled. In some embodiments, image 502 is labeled with
information including the center location, height, and width of the smallest possible
bounding box around each object of interest for that image. In some embodiments, the
labeled information is stored in the dataset. In some embodiments, neural network may
comprise a convolution-nonlinearity step 503, a recurrent step 504, and a training step
550. In some embodiments, convolution-nonlinearity step 503 may be convolution-
nonlinearity step 150 and may include the same or similar computational layers as
described in Figure 1. In some embodiments, recurrent step 504 may be recurrent step

160 and may include the same or similar computational layers as described in Figure 1.

[0057] At 505, the third-order tensor is input into a convolution-nonlinearity layer pair
507 in the convolution-nonlinearity step 503. In some embodiments, convolution-
nonlinearity layer pair 507 may be convolution-nonlinearity layer pair 104 and may
comprise a convolution layer, such as convolution layer 104-A, followed by a rectified
linear layer, such as rectified linear layer 104-B. At 509, a modified third-order tensor

is output by convolution-nonlinearity layer pair 507.

[0058] In some embodiments, the modified third-order tensor may be input into a
subsequent convolution-nonlinearity layer pair 507 which outputs a further modified
third-order tensor, repeating steps 505 and 509. If there is a subsequent convolution-
nonlinearity layer pair 507 within convolution-nonlinearity step 503, then the modified
third-order tensor output from step 509 is input into the subsequent convolution-
nonlinearity layer pair 507 at 505. In some embodiments, the subsequent convolution-
nonlinearity layer pair 507 may be convolution-nonlinearity layer pairs 106, 108, 110,

PAILPOO1P
22

AIRSPACE SYS. INC. EX2107, Page 33 (IPR2025-00629)



and 112. In various embodiments, convolution-nonlinearity step 503 may comprise
any number of convolution-nonlinearity layer pairs 507. In some embodiments, the
convolution-nonlinearity layer pairs 507 within convolution-nonlinearity step 503
transform the input tensor into features comprising high-dimensional vector
representations that may be utilized in object detection. The more convolution-
nonlinearity layer pairs 507 that are utilized, the better conditioned for the task of
object detection each output modified third-order tensor will be at 509. However, with
more convolution-nonlinearity layer pairs 507, more labeled images may be required to
train neural network 100 to a desired accuracy. Additionally, more computational time
may be required to input tensors through more convolution-nonlinearity layer pairs 507.
Once there are no more subsequent convolution-nonlinearity layer pairs 507, a final
modified third-order tensor is output at 509. At 511, neural network 100 converts the
final modified third-order tensor into a converted first-order tensor. In various
embodiments, a higher order tensor, such as a third order tensor, may be converted to a
lower order tensor as all the dimensions can be combined into a single dimension. For

example, all values in a third-order tensor may be listed in a singular vector form.

[0059] At 513, the converted first-order tensor enters recurrent step 504, shown in
Figure 5B, where the converted first-order tensor is input into a quadratic recurrent
layer. In some embodiments, the quadratic recurrent layer may be quadratic recurrent
layer 124-A. A modified first-order tensor 515 is output by the quadratic recurrent
layer. In some embodiments, the modified first-order tensor may be output 124-OA.
At 517, neural network 100 inputs the modified first-order tensor 124-OA into a linear
layer. In some embodiments, the linear layer may be linear layer 124-B. In various
embodiments, recurrent step 504 may comprise one or more recurrent layer pairs, such
as recurrent layer pair 124, which include a quadratic recurrent layer, such as 124-A,
and a linear layer, such as 124-B. At 519, the linear layer outputs a modified first-order
tensor. In some embodiments, the modified first order tensor may be output 124-OB.
In some embodiments, modified first-order tensor 124-OB may include five dimensions
521 that correspond to the x and y coordinates of the center of a bounding box 525, the
height of the bounding box 525, the width of the bounding box 525, and a probability

that the bounding box 525 is accuratc.
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[0060] If modified first-order tensor 124-OB indicates that the probability that the
bounding box is accurate is greater than or equal to 0.5 then neural network 100 will
output a bounding box 525 around the predicted object of interest at 523. The
bounding box 525 may be sized and located based on the dimensions 521 contained in
first-order tensor 124-OB. In some embodiments, bounding box 525 is the smallest
possible bounding box that would fully encompass the object of interest. Additionally,
neural network 100 begins identifying a second predicted object by inputting the
modified first-order tensor 124-OA output from the previous quadratic recurrent layer
(step 515) and the converted first order tensor output from the last convolution-
nonlinearity layer pair (step 511) into a subsequent quadratic recurrent layer at 527 to
repeat steps 515 to 521. In some embodiments, the subsequent quadratic recurrent
layer may be quadratic recurrent layer 126-A. At 515, the subsequent quadratic
recurrent layer 126-A outputs another modified first-order tensor, such as output 126-
OA. The neural network goes through steps 517 and 519 again to output a modified
first-order tensor, such as output 126-OB with five dimensions 521. If the probability
within dimensions 521 of output 126-OB is greater than or equal to 0.5, neural network
100 will repeat step 523 to output a bounding box 525 around a second predicted object
of interest. Neural network 100 will also repeat step 527 to identify a third predicted
object of interest. Steps 515, 517, 519, 523 and 527 will be repeated by neural network
100 until the modified first-order tensor at output at step 519 indicates that the

probability that the bounding box is accurate is less than 0.5.

[0061] If, on the other hand, dimensions 521 of modified first-order tensor 126-OB
indicate that the probability is less than 0.5, neural network 100 will not output a
bounding box 525 around the second predicted object of interest and cease outputting
any more bounding boxes 525 onto the image. Furthermore, modified-first order tensor
126-OA output by the previous quadratic recurrent layer 126-A in step 515 will not be

input into a subsequent quadratic recurrent layer at 527.

[0062] In some embodiments, neural network 100 implements recurrent step 504 for
each object type, such as people, cars, faces, trees, etc. For example, a recurrent step
504 may be recurrent step 260-A which outputs boxes 260-OA for all predicted objects
of interest that are people. Another recurrent step 504 may be recurrent step 260-B
which outputs boxes 260-OB for all predicted objects of interest that are cars. All
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quadratic recurrent layers within recurrent step 260-A may share tensor parameters,
such as tensor parameter U®¢™°™_ .. All quadratic recurrent layers within recurrent
step 260-B may share tensor parameters, such as tensor parameter U (C‘")mkl—. In some
embodiments, neural network 100 implements one convolution-nonlinearity step 503
for all predicted objects of interest, and all computational layers within convolution-

nonlinearity step 503 may share tensor parameters.

[0063] Once ncural nctwork 100 has identificd all predicted objects of interest of all
types and output bounding boxes 525 for each predicted object of interest, neural
network 100 begins training step 550 (shown in Figure 5C) to train the parameters of
each computational layer used in convolution-nonlinearity step 502 and recurrent step
504. At 529, neural network 100 compares the five dimensions of each output box 525
to the labeled data of the known identified objects of interest within image 502. Neural
network 100 calculates any errors and then updates the parameters of each
computational layer used in convolution-nonlinearity step 503 and recurrent step 504
by using a stochastic gradient descent algorithm paired with a back propagation

algorithm at 531.

[0064] Method 500 ends at 533 for the current image 502 input into the neural network
and a subsequent image 502 from the labeled dataset is passed into neural network 100
at 501 to be used to train the parameters of neural network 100. In some embodiments,
neural network 100 may implement method 500 for each labeled image 502 in the
dataset until the predictions indicated by dimensions 521 no longer improve. In other
embodiments, neural network 100 may implement method 500 for labeled images 502
in the dataset until neural network 100 consistently identifies objects in each image at a
predetermined accuracy threshold. As previously described, in some embodiments, a
subset of images 502 are withheld and not passed into neural network 100. At any
point in the training of neural network 100, a withheld image 502 from the withheld
subset may be passed into neural network 100 at 501 to determine the accuracy of
predicted output boxes 525 for the withheld image 502. Once neural network 100
achieves a predefined threshold accuracy on the subset of images, neural network may
be deemed sufficiently trained. In various embodiments, the specific value of the
predefined threshold may vary and may be dependent on various applications. For

cxample, for the application of drone control for following objects of interest, a
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threshold of 90% accuracy may be desired. This means that once neural network 100
can consistently identify 90% or more of the objects within a given image, neural
network 100 may be deemed sufficiently trained. Neural network 100 may then be
used to output boxes on predicted objects of interest on new unlabeled images 502 in

the inference mode by implementing method 600 as will be described below.

[0065] Figures 6A and 6B illustrates an example of a method 600 for object detection
by a neural network, in accordance with one or more embodiments. Figure 6A
illustrates an cxamplc of a convolution-nonlincarity stcp in mcthod 600. Figurc 6B
illustrates an example of a recurrent step in method 600. According to various
embodiments, an image 602 is passed from a dataset as a third-order tensor into the
neural network at 601. In some embodiments, the neural network may be neural
network 100. In various embodiments, method 600 may be implemented as the
inference mode of neural network 100. In some embodiments, image 602 may be
image pixels 102. In some embodiments, image 602 is not part of a labeled dataset
which contain information for one or more known identified objects of interest that are
labeled. In some embodiments image 602, unlike image 502, is not labeled with
information including the center location, height, and width of the smallest possible
bounding box around each object of interest for that image 602. In some embodiments,
neural network may comprise a convolution-nonlinearity step 603 and a recurrent step
604. In some embodiments, convolution-nonlinearity step 603 may be convolution-
nonlinearity step 150 and may include the same or similar computational layers as
described in Figure 1. In some embodiments, recurrent step 604 may be recurrent step

160 and may include the same or similar computational layers as described in Figure 1.

[0066] At 605, the third-order tensor is input into a convolution-nonlinearity layer pair
607 in the convolution-nonlincarity step 603. In some embodiments, convolution-
nonlinearity layer pair 607 may be convolution-nonlinearity layer pair 104 and may
comprise a convolution layer, such as convolution layer 104-A, followed by a rectified
linear layer, such as rectified linear layer 104-B. At 609, a modified third-order tensor

is output by convolution-nonlinearity layer pair 607.

[0067] In some embodiments, the modified third-order tensor may be input into a

subsequent convolution-nonlinearity layer pair 607 which outputs a further modified
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third-order tensor, repeating steps 605 and 609. If there is a subsequent convolution-
nonlinearity layer pair 607 within convolution-nonlinearity step 603, then the modified
third-order tensor output from step 609 is input into the subsequent convolution-
nonlinearity layer pair 607 at 605. In some embodiments, the subsequent convolution-
nonlinearity layer pair 607 may be convolution-nonlinearity layer pairs 106, 108, 110,
and 112. In various embodiments, convolution-nonlinearity step 603 may comprise
any number of convolution-nonlinearity layer pairs 607. In some embodiments, the
convolution-nonlinearity layer pairs 607 within convolution-nonlinearity step 603
transform the input tensor into features comprising high-dimensional vector
representations that may be utilized in object detection. The more convolution-
nonlinearity layer pairs 607 that are utilized, the better conditioned for the task of
object detection each output modified third-order tensor will be at 609. However, more
computational time may be required to input tensors through more convolution-
nonlinearity layer pairs 607. Once there are no more subsequent convolution-
nonlinearity layer pairs 607, a final modified third-order tensor is output at 609. At
611, neural network 100 converts the final modified third-order tensor into a converted
first-order tensor. In various embodiments, a higher order tensor, such as a third order
tensor, may be converted to a lower order tensor as all the dimensions can be combined
into a single dimension. For example, all values in a third-order tensor may be listed in

a singular vector form.

[0068] At 613, the converted first-order tensor enters recurrent step 604, shown in
Figure 6B, where the converted first-order tensor is input into a quadratic recurrent
layer. In some embodiments, the quadratic recurrent layer may be quadratic recurrent
layer 124-A. A modified first-order tensor 615 is output by the quadratic recurrent
layer. In some embodiments, the modified first-order tensor may be output 124-OA.
At 617, neural network 100 inputs the modified first-order tensor 124-OA into a linear
layer. In some embodiments, the linear layer may be linear layer 124-B. In various
embodiments, recurrent step 604 may comprise one or more recurrent layer pairs, such
as recurrent layer pair 124, which include a quadratic recurrent layer, such as 124-A,
and a linear layer, such as 124-B. At 619, the linear layer outputs a modified first-order
tensor. In some cmbodiments, the modificd first order tensor may be output 124-OB.
In some embodiments, modified first-order tensor 124-OB may include five dimensions

621 that correspond to the x and y coordinates of the center of a bounding box 625, the
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height of the bounding box 625, the width of the bounding box 625, and a probability
that the bounding box 625 is accurate.

[0069] If modified first-order tensor 124-OB indicates that the probability that the
bounding box is accurate is greater than or equal to 0.5 then neural network 100 will
output a bounding box 625 around the predicted object of interest at 623. The
bounding box 625 may be sized and located based on the dimensions 621 contained in
first-order tensor 124-OB. In some embodiments, bounding box 625 is the smallest
possible bounding box that would fully cncompass the objcct of intcrest. Additionally,
neural network 100 begins identifying a second predicted object by inputting the
modified first-order tensor 124-OA output from the previous quadratic recurrent layer
(step 615) and the converted first order tensor output from the last convolution-
nonlinearity layer pair (step 611) into a subsequent quadratic recurrent layer at 627 to
repeat steps 615 to 621. In some embodiments, the subsequent quadratic recurrent
layer may be quadratic recurrent layer 126-A. At 615, the subsequent quadratic
recurrent layer 126-A outputs another modified first-order tensor, such as output 126-
OA. The neural network goes through steps 617 and 619 again to output a modified
first-order tensor, such as output 126-OB with five dimensions 621. If the probability
within dimensions 621 of output 126-OB is greater than or equal to 0.5, neural network
100 will repeat step 623 to output a bounding box 625 around a second predicted object
of interest. Neural network 100 will also repeat step 627 to identify a third predicted
object of interest. Steps 615, 617, 619, 623 and 627 will be repeated by neural network
100 until the modified first-order tensor at output at step 619 indicates that the

probability that the bounding box is accurate is less than 0.5.

[0070] In some embodiments, neural network 100 implements recurrent step 604 for
cach object type, such as people, cars, faces, trees, etc. For example, a recurrent step
604 may be recurrent step 260-A which outputs boxes 260-OA for all predicted objects
of interest that are people. Another recurrent step 604 may be recurrent step 260-B
which outputs boxes 260-OB for all predicted objects of interest that are cars. All
quadratic recurrent layers within recurrent step 260-A may share tensor parameters,

such as tensor parameter U®@e7sem)

ki- All quadratic recurrent layers within recurrent
step 260-B may share tensor parameters, such as tensor parameter U (mr)mki. In some
embodiments, neural network 100 implements one convolution-nonlinearity step 603
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for all predicted objects of interest, and all computational layers within convolution-

nonlinearity step 603 may share tensor parameters.

[0071] If, on the other hand, dimensions 621 of modified first-order tensor 126-OB
indicate that the probability is less than 0.5, neural network 100 will not output a
bounding box 625 around the second predicted object of interest and cease outputting
any more bounding boxes 625 onto the image. Furthermore, modified-first order tensor
126-OA output by the previous quadratic recurrent layer 126-A in step 615 will not be
input into a subscquent quadratic recurrent layer at 627. Mcthod 600 cnds at 629 for
the current image 602 input into the neural network and a subsequent image 602 is
passed into neural network 100 at 601 to have possible objects predicted and identified
by neural network 100. According to various embodiments, neural network 100 may
implement method 600 to detect objects in a sequence of images in real-time. For
example, neural network 100 may be configured to process images at a rate of

approximately 25 frames-per-second, which may appear as a fluid video stream.

[0072] Figure 7 illustrates one example of a neural network system 700, in accordance
with one or more embodiments. According to particular embodiments, a system 700,
suitable for implementing particular embodiments of the present disclosure, includes a
processor 701, a memory 703, an interface 711, and a bus 715 (e.g., a PCI bus or other
interconnection fabric) and operates as a streaming server. In some embodiments,
when acting under the control of appropriate software or firmware, the processor 701 is
responsible for processing inputs through various computational layers and algorithms,
such as convolution layer 104-A, rectified linear layer 104-B, quadratic recurrent layer
124-A, linear layer 124-B, and other computational layers in convolution-nonlinearity
step 150 and recurrent step 160. In other embodiments, the processor is responsible for
updating the parameters of each computational layer within the convolution-linearity
step 150 and recurrent step 160 using algorithms including a stochastic gradient descent
algorithm and a back propagation algorithm. Various specially configured devices can
also be used in place of a processor 701 or in addition to processor 701. The interface
711 is typically configured to send and receive data packets or data segments over a

network.
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[0073] Particular examples of interfaces supports include Ethernet interfaces, frame
relay interfaces, cable interfaces, DSL interfaces, token ring interfaces, and the like. In
addition, various very high-speed interfaces may be provided such as fast Ethernet
interfaces, Gigabit Ethernet interfaces, ATM interfaces, HSSI interfaces, POS
interfaces, FDDI interfaces and the like. Generally, these interfaces may include ports
appropriate for communication with the appropriate media. In some cases, they may
also include an independent processor and, in some instances, volatile RAM. The
independent processors may control such communications intensive tasks as packet

switching, media control and management.

[0074] According to particular example embodiments, the system 700 uses memory
703 to store data and program instructions for operations including training a neural
network, such as method 500, and object detection by a neural network, such as method
600. The program instructions may control the operation of an operating system and/or
one or more applications, for example. The memory or memories may also be

configured to store received metadata and batch requested metadata.

[0075] Because such information and program instructions may be employed to
implement the systems/methods described herein, the present disclosure relates to
tangible, or non-transitory, machine readable media that include program instructions,
state information, etc. for performing various operations described herein. Examples of
machine-readable media include hard disks, floppy disks, magnetic tape, optical media
such as CD-ROM disks and DVDs; magneto-optical media such as optical disks, and
hardware devices that are specially configured to store and perform program
instructions, such as read-only memory devices (ROM) and programmable read-only
memory devices (PROMs). Examples of program instructions include both machine
code, such as produced by a compiler, and files containing higher level code that may

be executed by the computer using an interpreter.

[0076] While the present disclosure has been particularly shown and described with
reference to specific embodiments thereof, it will be understood by those skilled in the
art that changes in the form and details of the disclosed embodiments may be made
without departing from the spirit or scope of the present disclosure. It is therefore

intended that the present disclosure be interpreted to include all variations and
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equivalents that fall within the true spirit and scope of the present disclosure. Although
many of the components and processes are described above in the singular for
convenience, it will be appreciated by one of skill in the art that multiple components
and repeated processes can also be used to practice the techniques of the present

disclosure.
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CLAIMS:

What is claimed is:

1. A method for object detection using a neural network, the method comprising;:
in a training mode:
passing a dataset into the neural network; and
training the neural network to accurately output a box size and a center
location of an object of interest, wherein the box size
corresponds to the smallest possible bounding box around the
object of interest and the center location corresponds to the
location of the center of the bounding box; and
in an inference mode:
passing an image into the neural network, wherein the image is not part
of the datasct;
automatically identifying an object of interest; and
automatically drawing a box around the identified object of interest,
wherein the box drawn around the identified object of interest
corresponds to the smallest possible bounding box around the
object of interest;
wherein the neural network comprises a convolution-nonlinearity step and a

recurrent step.

2. The method of claim 1, wherein the dataset comprises a plurality of images with

known identified objects of interest.

3. The method of claim 1, wherein the convolution-nonlinearity step comprises a

convolution layer and a rectified linear layer.

4. The method of claim 1, wherein each layer in the convolution-nonlinearity step

takes a third-order tensor as input and outputs a modified third-order tensor.

5. The method of claim 1, wherein the convolution-nonlinearity step comprises a
plurality of convolution-nonlinearity layer pairs, cach convolution-nonlinearity layer

pair comprising a convolution layer followed by a rectified linear layer.
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6. The method of claim 1, wherein the convolution-nonlinearity step consists of
five convolution-nonlinearity layer pairs, each pair comprising a convolution layer

followed by a rectified linear layer.

7. The method of claim 1, wherein the recurrent step comprises a quadratic

recurrent layer.

8. The method of claim 1, wherein the recurrent step comprises a plurality of
recurrent layer pairs, each recurrent layer pair comprising a quadratic recurrent layer

followed by a linear layer.

9. The method of claim 7, wherein the quadratic recurrent layer takes as input two

first-order tensors and outputs a single first-order tensor.

10. The method of claim 8, wherein the output of a first quadratic recurrent layer is

used as input into a second quadratic recurrent layer.

11. The method of claim 8, wherein the linear layer outputs a first-order tensor with

at least one dimension.

12. The method of claim 11, wherein the at least one dimension includes the x and y
coordinates of the center of the bounding box, the height of the bounding box, the
width of the bounding box, and a probability that the bounding box is accurate.

13. The method of claim 12, wherein the output of a quadratic recurrent layer is
used as input into a subsequent quadratic recurrent layer unless a linear layer in the

recurrent step outputs a probability of less than 0.5 that the bounding box is accurate.

14. The method of claim 1, wherein, during the training mode, parameters in the

neural network are updated using a stochastic gradient descent.

15. The method of claim 1, wherein, during the inference mode, the neural network
will automatically output exactly the same number of boxes as the number of

identifiable objects of interest.

16. A system for neural network object detection, comprising:
One Or More processors;

memory; and
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one or more programs stored in the memory, the one or more programs
comprising instructions to operate in a training mode and an inference
mode;
wherein in the training mode, the one or more programs comprise instructions
to:
pass a dataset into the neural network;
train the neural network to accurately output a box size and a center
location of an object of interest, wherein the box size
corresponds to the smallest possible bounding box around the
object of interest and the center location corresponds to the
location of the center of the bounding box;
wherein in the inference mode, the one or more programs comprise instructions
to:
pass an image into the neural network, wherein the image is not part of
the dataset;
automatically identify an object of interest;
automatically draw a box around the identified object of interest,
wherein the box drawn around the identified object of interest
corresponds to the smallest possible bounding box around the
object of interest; and
wherein the neural network comprises a convolution-nonlinearity step and a

recurrent step.

17. The system of claim 16, wherein the dataset comprises a plurality of images

with known identified objects of interest.

18. The system of claim 16, wherein the convolution-nonlinearity step comprises a

convolution layer and a rectified linear layer.

19. The system of claim 16, wherein each layer in the convolution-nonlinearity step

takes a third-order tensor as input and outputs a modified third-order tensor.

20. The system of claim 16, wherein the convolution-nonlinearity step comprises a
plurality of convolution-nonlincarity laycr pairs, cach convolution-nonlincarity laycr

pair comprising a convolution layer followed by a rectified linear layer.
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21. The system of claim 16, wherein the convolution-nonlinearity step consists of
five convolution-nonlinearity layer pairs, each pair comprising a convolution layer

followed by a rectified linear layer.

22. The system of claim 16, wherein the recurrent step comprises a quadratic

recurrent layer.

23. The system of claim 16, wherein the recurrent step comprises a plurality of
recurrent layer pairs, each recurrent layer pair comprising a quadratic recurrent layer

followed by a linear layer.

24. The system of claim 22, wherein the quadratic recurrent layer takes as input two

first-order tensors and outputs a single first-order tensor.

25. The system of claim 23, wherein the output of a first quadratic recurrent layer is

used as input into a second quadratic recurrent layer.

26. The system of claim 23, wherein the linear layer outputs a first-order tensor

with at least one dimension.

27. The system of claim 26, wherein the at least one dimension includes the x and y
coordinates of the center of the bounding box, the height of the bounding box, the
width of the bounding box, and a probability that the bounding box is accurate.

28. The system of claim 27, wherein the output of a quadratic recurrent layer is
used as input into a subsequent quadratic recurrent layer unless a linear layer in the

recurrent step outputs a probability of less than 0.5 that the bounding box is accurate.

29. The system of claim 16, wherein, during the training mode, parameters in the

neural network are updated using a stochastic gradient descent.

30. The system of claim 16, wherein, during the inference mode, the neural network
will automatically output exactly the same number of boxes as the number of

identifiable objects of interest.

31. A computer readable storage medium storing one or more programs configured
for execution by a computer, the one or more programs comprising instructions to

operate in a training mode and an inference mode;
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wherein in the training mode, the one or more programs comprise instructions
to:
pass a dataset into the neural network;
train the neural network to accurately output a box size and a center
location of an object of interest, wherein the box size
corresponds to the smallest possible bounding box around the
object of interest and the center location corresponds to the
location of the center of the bounding box;
wherein in the inference mode, the one or more programs comprise instructions
to:
pass an image into the neural network, wherein the image is not part of
the dataset;
automatically identify an object of interest;
automatically draw a box around the identified object of interest,
wherein the box drawn around the identified object of interest
corresponds to the smallest possible bounding box around the
object of interest; and
wherein the neural network comprises a convolution-nonlinearity step and a

recurrent step.

32. The system of claim 16, wherein the dataset comprises a plurality of images

with known identified objects of interest.

33. The system of claim 16, wherein the convolution-nonlinearity step comprises a

convolution layer and a rectified linear layer.

34. The system of claim 16, wherein each layer in the convolution-nonlinearity step

takes a third-order tensor as input and outputs a modified third-order tensor.

35. The system of claim 16, wherein the convolution-nonlinearity step comprises a
plurality of convolution-nonlinearity layer pairs, each convolution-nonlinearity layer

pair comprising a convolution layer followed by a rectified linear layer.

36. The system of claim 16, wherein the convolution-nonlinearity step consists of
five convolution-nonlinearity layer pairs, each pair comprising a convolution layer

followed by a rectified linear layer.
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37. The system of claim 16, wherein the recurrent step comprises a quadratic

recurrent layer.

38. The system of claim 16, wherein the recurrent step comprises a plurality of
recurrent layer pairs, each recurrent layer pair comprising a quadratic recurrent layer

followed by a linear layer.

39. The system of claim 22, wherein the quadratic recurrent layer takes as input two

first-order tensors and outputs a single first-order tensor.

40. The system of claim 23, wherein the output of a first quadratic recurrent layer is

used as input into a second quadratic recurrent layer.

41. The system of claim 23, wherein the linear layer outputs a first-order tensor

with at least one dimension.

42. The system of claim 26, wherein the at least one dimension includes the x and y
coordinates of the center of the bounding box, the height of the bounding box, the
width of the bounding box, and a probability that the bounding box is accurate.

43. The system of claim 27, wherein the output of a quadratic recurrent layer is
used as input into a subsequent quadratic recurrent layer unless a linear layer in the

recurrent step outputs a probability of less than 0.5 that the bounding box is accurate.

44. The system of claim 16, wherein, during the training mode, parameters in the

neural network are updated using a stochastic gradient descent.

45. The system of claim 16, wherein, during the inference mode, the neural network
will automatically output exactly the same number of boxes as the number of

identifiable objects of interest.
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ABSTRACT

SYSTEM AND METHOD FOR IMPROVED GENERAL OBJECT
DETECTION USING NEURAL NETWORKS

In general, certain embodiments of the present disclosure provide methods and systems
for object detection by a neural network comprising a convolution-nonlinearity step and
a recurrent step. In a training mode, a dataset is passed into the neural network, and the
neural network is trained to accurately output a box size and a center location of an
object of interest. The box size corresponds to the smallest possible bounding box
around the object of interest and the center location corresponds to the location of the
center of the bounding box. In an inference mode, an image that is not part of the
dataset is passed into the neural network. The neural network automatically identifies
an object of interest and draws a box around the identified object of interest. The box
drawn around the identified object of interest corresponds to the smallest possible

bounding box around the object of interest.
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