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Overview
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Overview of Claim 1

Flgure 3 301

Claim 1, ‘980 Patent

Preamble [1] | A computer implemented method for object detection
comprising:

Element 1[a] | providing a spatio-temporal model for an object to be
detected;

Element 1[b] | providing a video comprising a plurality of images
including the object;

Element 1[c] | measuring the object as a collection of components in
each image;

Element 1[d] | determining a probability that the object is in each
image; and

Element 1[e] | detecting the object in any image upon comparing the
probabilities for each image to a threshold for detecting
the object.

EX1001 (US 7,436,980) Claim 1, Figure 3 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 5
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“Spatio-Temporal Mode

|”

Sevay

-1 3. The computer implemented method

Claim 3

Should Have Its Plain and Ordinary Meaning

203

S

of claim 1, wherein the spatio-temporal
model is a graphical model comprising
nodes corresponding to each of the
collection of components and to the
object.

n 201

\

Components

Petitioner Reply at 5; EX1001 (US 7,436,980) Claim 3, Fig. 2A

Time

Object

FIGURE 2A
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PO’s Reliance on Lexicography Is Baseless

UNITED STATES PATENT AND TRADEMARK OFFICE

BEFORE THE PATENT TRIAL AND APPEAL BOARD

META PLATFORMS, INC.; INSTAGRAM, INC.; WHATSAPP LLC: META
PLATFORMS TECHNOLOGIES, LLC; AND GIPHY, INC.

Petitioners
V.
VL COLLECTIVEIP LLC

Patent Owner

Case IPR2023-00924
U.S. Patent 7.436,980

PATENT OWNER’S SUR-REPLY

B.  “spatio-temporal model”

Patent Owner’s Petitioners’

Term . :
— Construction Construction’

spatial model where an ‘ L
spatial model where an

unage’s analysis takes
mto account mformation
from preceding and/or
subsequent 1mages

object 1s detected 1 an
unage based on the
probabilities that the
object 1s 1n preceding
and/or subsequent 1mages

“spatio-temporal model”

The imventors repeatedly and unambiguously defined “spatio-temporal
model.” EX2007, 925. PO’s construction 1s based on this lexicography and ensures

that the claims capture the essence of the imvention.

——

Paper 44 (PO’s Sur-Reply) at 15

2 Petitioners do not formally propose this construction but apply 1t in their invalidity

analysis. Reply, 8-11 (citing Ex1052, §96-22, 23-35).

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 8



The 980 Does Not Clearly Define “Spatio-Temporal Model”

To act as its own lexicographer, a patentee must “clearly set forth a
definition of the disputed claim term” other than its plain and
ordinary meaning. CCS Fitness, Inc. v. Brunswick Corp., 288 F.3d
1359, 1366 (Fed. Cir. 2002). It is not enough for a patentee to simply
disclose a single embodiment or use a word in the same manner in
all embodiments, the patentee must “clearly express an intent” to
redefine the term. Helmsderfer v. Bobrick Washroom Equip., Inc.,

b 527 F.3d 1379, 1381 (Fed. Cir. 2008); see also Kara Tech. Inc. v.
Stamps.com, 582 F.3d 1341, 1347-48 (Fed. Cir. 2009).

/\/\/\/\/\/\/\/\/\/\/\/\/\

Thorner v. Sony Computer Entertainment America
669 F.3d 1362, 1365 (Fed. Cir. 2012)

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE
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PO’s Lexicography Arguments Fail

PO’s 1st argument (sur-reply at 17 and below) fails.

The patent repeatedly indicates that the function of the spatio-temporal model 1s to

detect an object, and to do so based on the probabilities that object 1s 1n earlier or

later images. EX2007, 926; EX1001, 1:28-33, 1:37-39, 1:48-52, 2:7-15, 2:59-60,

3:47-4:8, 4:34-52, 5:58-67, 7:45-55, 7:56-8:8, Figures 2A-2B.

Petitioners’ response

* There is no clearly set forth definition (or disavowal) in the 980 or its file history
that the spatio-temporal model is used to detect an object based on the
probabilities that the object is in earlier or later images.

* The 980 recites “spatio-temporal model” in various instances without expressing a
clear intent to narrow the scope of that term.

Paper 44 (PO’s Sur-Reply) at 17 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 10



PO’s Lexicography Arguments Fail

PO’s 2nd argument (sur-reply at 17 and below) fails.

The patent repeatedly explains that a

2% <<

spatio-temporal model has probabilistic connectivity, e.g., “edges,” “constraints,” or
“compatibilities” connecting the object in multiple frames. Id.; EX1001, 2:59-60,

3:47-4:8; 4:49-52; Figs. 2A and 2B; EX1003, 4-7 Figs. 2(a)-2(d).

Petitioners’ response

* Claims 1/9 require “a collection of components” without any requirement as to connectivity between
components
* Each of the passages cited by PO is directed to limitations recited in dependent claims 3/11.

» 2:59-60: a graphical model comprising nodes corresponding to each of the collection of components and to the object
» 3:47-4:8: the joint probability distribution of a spatio-temporal graphical model
» Figs. 2A and 2B: exemplary graphical models for a pedestrian and vehicle

Petitioner Reply at 5; Paper 44 (PO’s Sur-Reply) at 17 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 11



PO’s Lexicography Arguments Fail

PO’s 3rd argument (sur-reply at 19 and below) also fails.

The patent
demonstrates achievement of these things by comparing a 3-frame spatio-temporal

model with a single-frame (non-spatio-temporal) model that had “poor”

performance. EX2007, 928; EX1001, 7:56-8:3.

Petitioners’ response

* Claims 1/9 is a method for object detection (with or without smoothing). PO misconstrues
the “w-frame windowed smoothing algorithm” with w2 3 as a requirement of claims 1/9.

Paper 44 (PO’s Sur-Reply) at 19; Petitioner Reply at 2 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 12



Spatio-Temporal Models Vary in Complexity and Were Well Known

Stochastic Tracking of 3D Human Figures
Using 2D Image Motion

Hedvig Sidenbladh®  Michael . Black®  David J. Fleet?

! Royal Institute of Technology (KTH), CVAP/NADA, 5-100 44 Stockholm, Sweden
hedvigBnada . kth. se
? Xerox Palo Alto Research Center, 3333 Coyote Hill Rd., Palo Alto, CA 04304
{black,fleet}parc.xerox. com

SA

Abstract. A probabilistic method for tracking 3D articulated human
ited. Within a Bayesian
yearance, i robust

figures in monocular image sequences is pre
framework, we define a generative model of image :
likelihood function based on image graylevel differences, and a prior prob
ability distribution over pose and joint angles that models how humans

move. The posterior probability distribution over model parameters is
represented using a diserete set of samples and is propagated over time
using particle filtering. The approach extends previous work on parame
terized optical low estimation to exploit a complex 3D articulated mo
tion model. It also extends previons work on human motion tracking by
including a perspective camera model, by modeling limb self ocelusion,
and hy recovering 3D motion from a monocular sequence. The explicit
posterior probability distribution represents ambiguities due to image
matching, model singularities, and perspective projection. The method

relies only on a frame-to-frame assumption of brightness constancy and
hence is able to track people under changing viewpoints, in grayscale

image sequences, and with complex unknown backgrounds.

1 Introduction

We present a Bayesian approach to tracking 3D articulated human figures in
monocilar video sequences. The human body is represented by articulated cylin-
ders viewed under perspective projection. A generafive model is defined in terms
of the shape, appearance, and motion of the body, and a model of noise in the
pixel intensities. This leads to a likelihood function that specifies the probability
of observing an image given the model parameters. A prior probability distri-
bution over model parameters depends on the temporal dynamics of the body
and the history of body shapes and motions, With this likelihood funetion and
temporal prior, we formulate the posterior distribution over model parameters
at each time instant, given the observation history

The estimation of 3D human motion from a monocular sequence of 2D images
is challenging for a variety of reasons. These include the non-linear dynamics of
the limbs, ambiguities in the mapping from the 2D image to the 3D model, the

Stochastic Tracking of 3D Human Figures
Using 2D Image Motion

Hedvig Sidenbladh! ~ Michael J. Black?  David J. Fleet?

! Royal Institute of Technology (KTH), CVAP/NADA, S 100 44 Stockholm, Sweden
hedvig@nada.kth.se
? Xerox Palo Alto Research Center, 3333 Coyote Hill Rd., Palo Alto, CA 94304 USA
{black,fleet}@parc.xerox.com

Temporal Models. Temporal models of body limb or joint motion also vary
in complexity; they include smooth motion [7], linear dynamical models [18],
non-linear models learned from training data using dimensionality reduction [3,
16,23], and probabilistic Hidden Markov Models (HMM’s) (e.g., [4]). In many
of these methods, image measurements are first computed and then the tempo-
ral models are applied to either smooth or interpret the results. For example,
Leventon and Freeman [16] proposed a Bayesian framework for recovering 3D
human motion from the motion of a 2D stick figure. They learned a prior dis-
tribution over human motions using vector quantization. Given the 2D motion
of a set of joints, the most plausible 3D motion could be found. They required a
pre-processing step to determine the 2D stick figure motion and did not tie the
3D motion directly to the image. Their Bayesian framework did not represent
multi-modal distributions and therefore did not maintain multiple interpreta-
tions.

——

EX1016 at 3; Petitioner’s Observations at 4; EX1054 (Saber Tr.) at 441:12-22

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 13



Spatio-Temporal Models Were Not Limited to Graphical Models

Patent Owner’s Q Would you describe Zhao as a temporal
Expert Witness

model within the scope of the definition provided

on Page 3 of Exhibit 10167

A So again, as I mentioned, Zhao has a

2 spatial model that has a probabilistic Bayesian,
Dr. Eli Saber you know, framework to it. The temporal part is a
deterministic motion estimation. So you can say
that it includes smooth motion, like reference 7

that you saw on that sentence.

Petitioner’s Observations at 4; EX1054 (Saber Tr.) at 441:12-22 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 14



Spatio-Temporal Models Change Configuration Over Time

Petitioners' Expert 14.  As a precursor to image by image processing steps, limitation
1[a]/9]a] provides a spatio-temporal model for an object, so each of the limitations
1[c]/9[c], 1][d]/9[d] and 1[e]/9]e] can be performed for each of the images
comprising the video, provided by limitation 1[b]/9[b]. A POSITA would have

understood that claims 1 and 9 are not limited to a graphical model, nor a two-layer

Dr. Chandra Bajaj graphical model, but a spatio-temporal model that consists of a set or collection of
components, each with spatial dimensions that are measurable, and with the ability

of this component collection model to change configuration in time.

Petitioner Reply 5; EX1052, 9114; EX2028 34:2-35:15 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 15
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1[c]: The Object Is Represented by a Collection of Components

a ’
CIEMD ey 200 FEa: The problem of describing and recognizing categories of

Preamble [1] | A computer implemented method for object detection objects (e.g., faces, people, cars) is important to computer
. vision applications. It is common to represent objects as
comprising:

collections of features with distinctive appearance, spatial

Element 1[a] | providing a spatio-temporal model for an object to be extent, and position. There is however a large variation in how

detected: many features are needed and how these features are detected
SlEElEn) and represented.

Element 1[b] | providing a video comprising a plurality of images
including the object;

Providing the spatio-temporal model for the object to be
detected comprises providing detectors for each of the col-
lection of components.

Element 1[c] | measuring the object as a collection of components in
each image;

Element 1[d] | determining a probability that the object is in each . N — .
Determining the probability that the objectis in each image

image; and comprises detecting the object in a current image according to
Element 1[e] | detecting the object in any image upon comparing the measurements of the object as a collection of components
babilities f hi t threshold for detecti determined from a prior image and a later image relative to the
probabilities Tor each image to a thresho or detecting current image.
the object.

. Unlike all previous approaches however we provide a auto-
matic probabilistic framework that explicitly models objects using components, integrates
temporal information, and allows for simultaneous tracking. :

EX1001 (US 7,436,980) Claim 1, 1:14-21, 1:37-39, 1:43-47; EX1003 ('980 provisional) at 5 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 17



The 980 Represents the Object as a Collection of Components

In an attempt to distinguish the "980 from Zhao, Dr. Saber acknowledged that the
Patent Owner’s ’980 represents the object as a collection of components:
Expert Witness

Q ...Can contours represent components?

A Contours are contours. So the contour of
this cup is not the same as the interior region of
that cup. So the contour is the contour. That's
what is being modeled in —-- that's what Zhao

relies on.

- The '980 looks at the object as a series
Dr. Eli Saber
of components. The component represents the
interior part of the object like a region, wversus
in Zhao you're looking at the contour. So they're

not the same thing.

Petitioner Observations at 2; EX1054 (Saber Tr.) at 490:2-12 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 18



Claims 1/9 Do Not Distinguish the Object from Its Components

16. Inlight of the 980 specification, a POSITA would have understood
that “a probability” that the object recited in 1[d]/9[d] 1s mn each image 1s
Petitioners' Expert _ _ _ o _
determined as a function of the respective probabilities of the “collection of
components” recited in 1[c]/9[c]. The *980 specification indicates by way of
example that a joint probability distribution for the spatio-temporal model with N
components 1s trained to determine whether an object 1s present in an 1mage. See

"980 Patent at 3:53-65 and 5:25-67. In order to detect the object in “any” one of

the plurality images as recited by 1[e]/9[e], the 980 Patent indicates that AdaBoost

can be used to boost the confidence that the “collection of components” are present

P in the image. Boosted detectors are trained for each component. For
Dr. Chandra Baj a) simplicity AdaBoost may be used without a cascade. Training
with a cascade would likely improve the computational effi-
ciency of the system. To reduce the number of false positives
produced by the detectors, a bootstrapping method iteratively
adds false positives that are collected by running the trained
strong classifier over the set of background images (e.g.,
those not containing the desired object) and the detectors are
retrained using the old positive and the new extended negative
sets.

Petitioner’s Observations at 2; EX1052, 916; EX1001 at 5:31-40 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 19



Petitioners' and Dr. Bajaj’s Treatment of 1[c] Remains Unchanged

UNITED STATES PATENT AND TRADEMARK OFFICE

BEFORE THE PATENT TRIAL AND AP

Accordingly,
META PLATFORMS,. INC.;: INSTAGR
WHATSAPP LLC: META PLATFORMS TECH . . . . . .
o measuring the object as a collection of components in each image was disclosed or
O moma | at least would have been obvious to a POSITA, as the model itself 1s represented as

U.S. PATENT NO. 7.436,98

aemrson | @ collection of loosely-connected limbs” —i.e., a collection of components and a

PETITION FOR INTER PARTES R

DECLARATION OF CHANDRAJIT BAJAJ, Pq
U.S. PATENT NO. 7,436,98

POSITA would have understood the collection of loosely-connected limbs to be

equivalent to a collection of components. EX1009 at 1.

——

EX1004, 9207; '980 Petition at 68-69 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 20



PO’s Argument that “Object” and “Components” Are Distinct Fails

PO’s 1st argument (sur-reply at 6 and below) fails.

This distinetness 1s confirmed by the specification. Figures 2A and 2B depict
the “object as a whole” 203 as a distinct entity from the collection of “components”
202. EXI1001, 4:18-48; EX2007, q15. Modeling objects separately from their
constituent components has a purpose: it “allows the inference process to reason
explicitly about the object as a whole” and assume “conditional independence of

components.” Id.; EX1001, 4:37-42. Furthermore, the joint probability distribution

Petitioners’ response

* Claims 1/9 are not limited to a spatio-temporal model comprising nodes corresponding to
each of the collection of components and to the object. Compare with claims 3/11.

Petitioner Reply at 5; Paper 44 (PQO’s Sur-Reply) at 6 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 21



PO’s Argument that “Object” and “Components” Are Distinct Fails

PO’s 2nd argument (sur-reply at 6 and below) fails.

Furthermore, the joint probability distribution
described at 3:47-4:7 expressly includes distinct states of the object (“0O”)
(X9 ... X2) and each component (“C”) (Xs°, Xo* .. XN . X20 XS X7V Id. Tt
also includes multiple probabilistic constraints (potential functions) that distinguish

between the object and components: 1);; (X! ,on) for object-to-object constraints;

Petitioners’ response

* Claims 1/9 only claim “probabilities” of the collection of components—and
not a joint probability distribution as claimed in dependent claim 8/16

Paper 44 (PO’s Sur-Reply) at 6 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 22



PO’s Reliance on Claim Differentiation Is Misplaced

As we have previously held, “each claim in a patent is presumptively
different in scope.” RF Del., Inc. v. Pac. Keystone Techs., Inc., 326 F.3d
1255, 1263 (Fed.Cir.2003). Thus, in a situation where dependent
claims have no meaningful difference other than an added limitation,
the independent claim is not restricted by the added limitation in the

dependent claim.
J ﬂ- b. 4 e S e

Trustees of Columbia Univ. in City of New York v. Symantec Corp.
811 F.3d 1359, 1364 (Fed. Cir. 2016)

i ——

Petitioner Observations at 2. DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 23



PO’s Argument that “Object” and “Components” Are Distinct Fails

PO’s 3rd argeument (below)—that Petitioners' construction violates the doctrine of claim
differentiation—also fails.

Also, because dependent claims 3/11 expressly distinguish between an
“object” and a “collection of components,” independent claims 1/9 must be broad

enough to encompass embodiments in which they are distinct. Littelfuse, Inc. v.

Mersen USA EP Corp., 29 F.4th 1376, 1380 (Fed. Cir. 2022).

Petitioners’ response:

* Claims 1/9 are not limited to a graphical model (EX1052, 9114), so dependent claims 3/11
are narrower (different) in scope than claims 1/9, satisfying the claim differentiation
doctrine.

Petitioner Reply at 5; Paper 44 (PO’s Sur-Reply) at 10 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 24



Overview

oz United States Patent 0y Patent No.: US 7,436,980 B2
Sigal et al. (45) Date of Patent: Oct. 14, 2008

2 C I i C i
(541 GRAPHICAL OBJECT MODELS FOR T200.266 BX* 42007 Ozeretal . 31T L] a I m o n St r u Ct I o n

PETECTION AND TRACKING FOREIGN PATENT DOCUMENTS

(73) T Leonid Sigal, Provid, RI(US}; Ying EP 1217872 A2 62002
Zhu, Monmouth Junction, NI (US); - —
Dorin Comaniciu, Princeton Jet., NJ OTHER PUBLICATIONS
(us) M. Isand. Fampas: Realwalued graphical models for compuier
X vision, CVPR, wol. 1, pp. 613-620, 2003,
(73) Assignes: Siemens Corporate Rescarch, Inc., K. Okuma, A. Teleghani, N. de Freitas, J. Little and D, Lowe. A
Princeton, NI{US) boosted particle filter: Multi-targer detection and tracking, FCCV,
004,
() Motice:  Subject to any disclaimer, the term of this L. Sigal, 8. Bhatin, 8. Roth, M. Black and M, [sard. Tracking loose-
patent is extended or adjusted under 35 lEl:m:-T Irml:\ld\ (‘I’:’PR.\iﬂtFit | & Willdes ¥ .
U.S.C 1534(b) by 621 days. - Sudderth, A. Thler, W. Freeman and A. Willsky. Nenpazarmetrie
(b} by beliel propagation, MIT Laboratery For Information amd Decision
. 2 Systems Technical Report P-2351 {Det. 15, 2002),
(21) Appl Na.2 17135210 P Violuand M. Jenes. Rapid ohject ion usinga boosted i
(221 Filed: May 23, 2005 of simple fenturss, CYPR. 2001,
: b 3,

P Viola, M, Jones and I} Snow. Detecting pedestrians using patterns
of motion and appearance, 1CCY, pp. 734741, 2005,

(65) Prior Publication Data
US 20050286738 A1 Dec. 29, 2005 {Continued) . egeg e .
st Pinary Bt Tum ¥ L c. 1/9]e]: comparing the probabilities for each image
Related U.S. Application Data (74) ditarney, Agent, o Firnr—Donald B, Paschbueg; . Chau (] °
Provisional applivation No. 60/S574.799, filed on May & Assaciates, LLC
T, 3
27, 2004, [57) ABSTRACT

(60,

31 Ink Cl
on &m%ﬁ (2006.01) A eomputer implemented method for object detestion

(52) U.S.CL 382103 ineludes providing a spatio-termpocal model for an abject 10
eld - be detected, providing a video including a plurality of images
(38) Field of Classlficatlon Scarl 1;;&?5’:1?3 including the ohject, and measuring the object as a collection

of compenents in each image. The method [urther includes
determining a prehability that the object is in each image, and
[&13] References Clted detecting the chject in any image upon comparing the prob-
abilities for each image to a threshold for detecting the object,

See application file for complete search history,

LS. PATENT DOCUMENTS
6597801 BL 2003 Cham e al. 16 Claims, 5 Drawing Sheets

PROVIDING A SPATIO-TEMPORAL MODEL FOR AN QBUECT ‘

22 I

PROVIZING A VIDEQ COMPRISIMG IMAGES INCLUD®G THE
OMECT

303 !
MEASURING THE CBUECT AS ACOLLECTION OF
COMPONENTS IN EACH IMAGE
o [

DETERMINING A PROBABILITY THAT THE DBJECT 15 IN EACH
IMAGE

i [

] DETECTING THE DRIECT INAM IMAGE UPGN COMPASING THE

PROBABILITIES FOR THE IMAGE TO ATHRESHILD FOR
DETECTING THE OBJECT

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 25



1[e] Does Not Require a Multi-Image Analysis for Detecting the Object

501

Claim 1, 980 Patent

Preamble [1] | A computer implemented method for object detection

PROVIDING A SPATIO-TEMPORAL MODEL FOR AN OBJECT

comprising: 502
Element 1[a] | providing a spatio-temporal model for an object to be PROVIDING A VIDEO GOMPRISING IMAGES INCLUDING THE
detected;

Element 1[b] | providing a video comprising a plurality of images 53

: H H o MEASURING THE OBJECT AS A COLLECTION OF
InCIUdlng the ObJeCt’ COMPONENTS IN EACH IMAGE

Element 1[c] | measuring the object as a collection of components in

504

each image;
DETERMINING A PROBABILITY THAT THE OBJECT IS IN EACH
Element 1[d] | determining a probability that the object is in each G
image; and 5<{5_\
i i i i i DETECTING THE OBJECT IN AN IMAGE UPON COMPARING THE
Element 1[e] detectlrjg' ’fhe object |n'any image upon comparing the ECTING THE OBIECTINEHNIEEURON COMPARING
probabilities for each image to a threshold for DETECTING THE OBJECT
detecting the object. FIGURE 5

EX1001 (US 7,436,980) Claim 1, Figure 5 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 26



1[e] Does Not Require a Multi-Image Analysis for Detecting the Object

35. With regard to elements 1[d]/9[d] “determining a probability that the
Petitioners' Expert
object 1s in each image” and 1[e]/9[e] “detecting the object in any image upon

comparing the probabilities for each image to a threshold for detecting the object,”

the image processing 1s similar and accomplished individually for a current image

frame, and sequentially for all image frames of the video, an image frame at a time.

That 1s, under the w=1 scenario, steps 1/9[c], [d] and [e] 1s performed 1mage frame

Dr. Chandra Bajaj

by image frame of the video image sequence, without any fusion from previous or
future 1mage frames, using the multi-component object probabilities for detecting

the presence of the object in each image frame.

Petitioner Reply, II.A; EX1052, 935 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 27



The '980 and its Provisional Expressly Indicate That w Is an Odd Integer > 1

Boosted Graphical Models for Object Detection
and Tracking

We use w-frame windowed smoothing algorithm for our tracking and object detection,
i where w 1s an odd integer > 1 (see Fig. 2¢d). There are two ways one can do windowed
e smoothing, what we call an object-detection centric way, and the tracking centric way. In an
’ object-detection centric way we re-initialize all nodes every time we shift a window, hence
the temporal integration is only applied in the window of size w. In the tracking centric
way we only initialize the nodes associated with a new frame, which tends to force temporal
consistency from before ¢ — (w—1)/2. While tracking-centric way tends to converge faster
and produce more consistent results over time, it also less sensitive to objects entering and
leaving the scene. Note that with w = 1, the algorithm resembles single frame component-

T o based fusion [8].

ures orocclusions, whilk object detection can be made more eliable by considering the

While it is possible to perform inference over the spatio-
temporal model defined for the entire image sequence, there
are many applications for which this is notan option due to the
lengthy off-line processing needed. A w-frame windowed
smoothing algorithm is used where w is an odd integer =1.
There are two ways one can do windowed smoothing: in an
object-detection centric way or a tracking centric way. In the
former all nodes are re-initialized every time a window is
shifted, hence the temporal integration is only applied in the
window of size w. In the tracking centric way only the nodes
associated with a new frame are initialized, which tends to
enforce temporal consistency from before t-(w-1)/2. While
the tracking-centric way tends to converge faster and produce
more consistent results over time, it is also less sensitive to
objects entering and leaving the scene. Note that with w=1,
the algorithm resembles single frame component-based
fusion.

az United States Patent (10) Patent
si

EX1001 at 7:6-22; EX1003 at 9 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 28



Any Criticism of the w=1 Scenario Does Not Rise to the Level of Disavowal

Mere criticism of a particular embodiment encompassed in the plain
meaning of a claim term is not sufficient to rise to the level of clear
disavowal. Epistar Corp. v. Int’l Trade Comm’n, 566 F.3d 1321, 1335
(Fed.Cir.2009) (holding that even a direct criticism of a particular technique
did not rise to the level of clear disavowal). In Spine Solutions, Inc. v.
Medtronic Sofamor Danek USA, Inc., we explained that even where a
particular structure makes it “particularly difficult” to obtain certain benefits
ey s of the claimed invention, this does not rise to the level of disavowal of the
structure. 620 F.3d 1305, 1315 (Fed.Cir.2010).

rm— /\/\/\/\/\/\_/\/\/\/\/\/\/—

Thorner v. Sony Computer Entertainment America LLC,
— 669 F.3d 1362, 1366 (Fed. Cir. 2012)
[ —

Petitioner’s Observations DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 29



Belief Propagation Is Still Applicable When w=1

PO’s 1%t argument:
Petitioners' Expert The detection inference is defined as an estimation of “belief” in a model
over a w-frame window. POR at 25.

Dr. Bajaj’s response:

29.  In this single image frame processing without windowing (i.e., the

w=1 scenario), BP 1s performed between the likelithoods of multiple components

present within the image frame for their spatial location and spatial connectivity of

Dr. Chandra Bajaj

the multi-component spatio-temporal model. That is, even when w=1, BP is still
applicable to the detection and determination of the likelihood probabilities of the

multiple components of the model in each image frame.

Paper 26 (POR) at 25; Petitioner Reply at 2; EX1052, 129 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 30



980 Object Detection Can Be Accomplished When w=1

PO’s 2nd argument:

the 980 teaches that “object detection” is “formulated as an inference” in a “spatio-temporal model” that covers
more than “a single frame” because it is “extended over time” and therefore includes instances of the object at a
“current time” and “earlier” or “later” times. POR at 24-25.

Petitioners' response:

» The '980 indicates that in order to integrate temporal constraints the spatial
graphical models are extended over time to an arbitrary length temporal
window. 4:34-36.

» The 980 expressly indicates that the temporal window can be set to w=1 frames.
‘980, 7:10.

» Claims 1/9 are not limited to a graphical model

» Claims 1/9 do not require w-frame windowed smoothing, w>3

Paper 26 (POR) at 24-25; EX1001 at 7:22; EX1003 at 9 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE
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The 980 Model Is a Temporal Model When w=1

Patent Owner’s
Expert Witness

Dr. Eli Saber

PO’s Argument: Dr. Saber begrudgingly acknowledged that the
configuration of the ‘980 model changes frame-to-frame when w=1:

¢ Has it changed -- has the configuration of Q How --
the model changed from frame to frame for W A Let me finish. You go to the next frame,
equals 17 you again have a spatial model. You ripped off
ATTORNEY EKLEM: Objection to form. the temporal. That's not what's being practiced
A For W equals 1, you have a frame. You in the '980.
have a model for that frame. That model has now Q Are those two spatial models you just
been reduced to just a spatial model. You have no mentioned, do they have different configurations?
temporal elements. Your formulation here, you've A Well, they have to -- they have to model
just ripped off a section of that formulation. what's in the frame.

» A POSITA would have understood that a spatial model
which changes configuration over time is a spatio-temporal
model.

Petitioner’s Observations 3; EX1054 (Saber Tr.) at 467:12-468:7; EX1052, 914 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE
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Overview

oz United States Patent 0y Patent No.: US 7,436,980 B2
Sigal et al. (45) Date of Patent: Oct. 14, 2008
(34) GRAPHICAL OBJECT MODELS FOR T20.266 BX* 2007 Ozeretal. 382017
ETEC N AN ACKIN . .
PETECTION AND TRACKING FOREIGN PATENT DOCUMENTS
(73) T Leonid Sigal, Provid, RI(US}, Ying EP 1217572 A2 62002
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(us) M. Isand. Fampas: Realwalued graphical models for compuier
. vision, CVPR, val. 1, pp. 613-620, 2003,
(73) Assignes: Siemens Corporate Rescarch, Inc., K. Okuma, A. Teleghani, N. de Freitas, J. Little and D, Lowe. A
Princeton, NI{US) boosted particle filter: Multi-targer detection and tracking, FCCV,
004,
() Motice:  Subject to any disclaimer, the term of this L. Sigal, 8. Bhatin, 8. Roth, M. Black and M, [sard. Tracking loose-
patent is extended or adjusted under 35 gm;’x-f Irmlrltk ('I:’P&\fﬂgt | A Willsky, N .
U.S.C. 1534(k) by 621 L - Sudderth, A. Thler, W. Freeman and A. Willsky. Nenpazarmetrie
by by 691 s befiel propagation. MIT Laboratory for Information and Decision
. Systems Techrical Report P-2351 (Det. 15, 2002),
(21) Appl Na.2 17135210 P Violuand M. Jenes. Rapid ohject ion usinga boosted i
Ciled: " of simple fentures, CYPIL 2001,
(22) Filed: May 23,2008 P Viola, M, Jones and I} Snow. Detecting pedestrians using patterns
(%) Prior Publication Data of motion and appearance, 1CCY, pp. 734741, 2005,
3
US 20050286738 A1 Dec. 29,2005 {Continued)
o Primary Evaininer—Tom Y Lu
Related U.S. Application Data (74) ditarney, Agent, o Firnr—Donald B, Paschbueg; . Chau
(60)  Provisional application No. 60r574.799, filedon May & Assaciates, LLC
T, .
27, 2004 (57) ADBSTRACT

31 Ink Cl
on &m%ﬁ (2006.01) A computer implemented method for object detection
(52) US.CL ., ssygy  includes providing a spatio-termporal sadel for an abject to

, p ling a video including a plurality ofimages
(38) Fleld of Classification Seareh 1;;&?5’:1?3 including the ohject, and measuring the object as a collection ro u n S
See application file et search history. of compenents in each image. The method [urther includes L]
application [ile lor complete search hislory. determining a prehability that the object is in each image, and

[&13] References Clted detecting the chject in any image upon comparing the prob-
abilities for each image to a threshold for detecting the object,

o A OMINTS a. Claims 1-16: Obvious in view of Zhao

s

PROVIDING A SPATIO-TEMPORAL MODEL FOR AN QRIECT ‘
22 I

PROVIDING A VIDED COMPRISING IMAGES INCLUDRG THE

ORIECT
S [
MEASURING THE CEUECT AS ACOLLECTION OF
COMPONENTS IN EACH IMAGE

s I

DETERMINING A PROBABILITY THAT THE DBJECT 15 IN EACH
IMAGE

i [

] DETECTING THE DRIECT INAM IMAGE UPGN COMPASING THE

PROBABILITIES FOR THE IMAGE TO ATHRESHILD FOR
DETECTING THE OBJECT

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 33



Prior Art - Zhao (EX1006)

» Zhao is a dissertation submitted to the
Dressed Human Modeling, Detection, RObOtiCS |n5titUte Of Ca rnegie Menon
and Parts Localization U N iv e rS ity

Liang Zhao
CMU-RI-TR-01-19

» Primary reference in Ground |

The Robotics Institute
Carnegie Mellon University
Pittsburgh, PA 15213

» Secondary reference in Grounds Il and Il

Submitted in partial fulfillment of the requirements

e » Publicly available no later than September
23,2002

(S) 2001 Liang Zhao

This research was partially sponsored by PennDOT Agreement No. 62N111 Project
TA-34 executed under the Federal Technical Assistance Grant Program 001-008-701-99-7
and SAIC.

Meta 1006

————

Petition (Paper 3) at 5; EX1006 (Zhao) DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 34



Ground |;: Obvious in View of Zhao

Claim 1, 980 Patent

Preamble [1] | A computer implemented method for object

et G Zhao’s dynamic human model is a
Element 1[a] | providing a spatio-temporal model for an object |  spatio-temporal model” when

to be detected; that term is accorded:
Element 1[b] | providing a video comprising a plurality of images

including the object; 1. Its plain and ordinary meaning;
Element 1[c] | measuring the object as a collection of and

components in each image;

Element 1[d] | determining a probability that the object is in each 7. PO’s construction in D. Del.
image; and

Element 1[e] | detecting the object in any image upon comparing
the probabilities for each image to a threshold for The *980 patent’s spatio-temporal model 1s a graphical
detecting the object.

model with nodes that correspond to each of the collection

of components and to the object.

EX1001 (US 7,436,980) Claim 1; Petition at 12. DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 35



Spatio-Temporal Model -- Plain and Ordinary Meaning

l image

Contour Detection Contour Alignment

and Decomposition

Dressed Human Modeling, Detection, detected contours updated contours

and Parts Localization

Liang Zhao . . -
Part Identification Contour Updating

= | =

CMU-RI-TR-01-19

The Robotics Institute
Carnegie Mellon University

Pittsburgh, PA 15213

Human Detection

July 26, 2001
Human Model

Submitted in partial fulfillment of the requirements Figu]_'e 1.9: Flow chart of the RCR algorithm
Jfor the degree of Doctor of Philosophy

First, the TRS-invariant

(S) 2001 Liang Zhao

This escach was partially sponsored by PeunDOT Agresaent No. G2N111 Project probabilistic representation can be used to model other object categories as well. Second,
TA-34 executed under the Federal Technical Assistance Grant Program 001-008-701-99-7
and SAIC. the Bayesian similarity measure can be used to classify other objects and to perform shape

retrieval. Third, the RCR algorithm 1s useful for vision tasks such as object tracking as well

Meta 1006
p.1

S ——— by incorporating motion information into the model.

Petition at 26, 85; EX1006 at 26 (Fig. 1.9), 99 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 36



Spatio-Temporal Model -- Plain and Ordinary Meaning

gl

Figure 5.5: The change of angle at the knee with time

GEODE
GEGLE
GOOEE
CEOED
BEOOD
EEADE

Petition at 77-79; EX1006 at 91-94 (Fig. 5.5, 5.6)

» Zhao, Figures 5.5 and 5.6 illustrate the effect of incorporating
temporal motion information in Zhao’s system and demonstrates

the change of angle at a subject’s knee with time.

Another problem is that the left and right limbs tend to be confused in a side-view. Motion
information obtained from previous frames can be used to predict the orientations of the

limbs and to solve the ambiguity. Fig. 5.6 presents a full cycle of a walking person. In

the first half cycle, no motion information 1s used to resolve the ambiguity with limbs’
orientations, while in the second half of the cycle, the prediction from previous frames
(constant angular velocity 1s assumed) 1s used to get better results of body part localization.
Fig. 5.5 illustrates how the left knee angle changes with time. The motion information is
not used from frames 1 to 30, but is from frames 31 to 190. Therefore, the left and right legs

are switched sometimes during the first part. From frames 31 to 190, an obvious pattern of

walking cycle can be observed.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE
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Saber: Zhao's Modeling Constitutes Spatio-Temporal Modeling

Q¢ —— does Zhao teach a temporal body model?

Patent Owner’s
Expert Witness

A See, I don't know what you mean by model
that changes configuration over time. That's why
Dr. Bajaj is incorrect in his -- in his
definition.

This model in Zhao, yes, the human is
moving from frame to frame so that the human is
changing from frame to frame. The probabilistic
modeling that Zhao does on a given frame, he does

that -- Zhao does that spatially.

There's deterministic motion estimation
Dr. Eli Saber from frame to frame. There's no probabilistic
modeling. There's no temporal model as in the
context of the '980. His model is strictly motion
deterministic moticon model.

So his temporal modeling is deterministic

motion modeling.

Petitioner’s Observations 4; EX1054 (Saber Tr.) at 426:9-427:4 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 38



Saber Acknowledges That Zhao’s Model Is a Spatio-Temporal Model

Patent Owner’s Q Would you describe Zhao as a temporal
Expert Witness

model within the scope of the definition provided
on Page 3 of Exhibit 10167

ATTORNEY EKLEM: Objection to form and
scope.

A So again, as I mentioned, Zhao has a

spatial model that has a probabilistic Bayesian,

Dr. Eli Saber you know, framework to it. The temporal part is a
deterministic motion estimation. So you can say
that it includes smooth motion, like reference 7

that you saw on that sentence.

Petitioner’s Observations 4; EX1054 (Saber Tr.) at 441:12-22 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 39



Consistent with PO’s Position in Dist. Ct. Briefing —Zhao Uses a Graphical Model

B nErs | Expert 84. Further, in my opinion a POSITA would have found this element
disclosed or at least obvious, as the Zhao object model 1s a graphical model with
nodes corresponding to an object and a collection of its components. Zhao

explains, “[e]ach human body model consists of six main body parts (the head, the

torso, two arms and two legs) and twelve subparts of the four limbs. The body

Dr. Chandra Bajaj parts are constrained to connect to each other at the joints.” EX1006 at 42. The
model is defined as a graphical model that’s comprised of “ribbons” for these body

parts, as shown 1n Figure 2.6(a):

Petition at 18; EX1004, 984 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 40



Consistent with PO’s D. Del. Briefing—Zhao Uses a Graphical Model

(a) (b)
torso
Dressed Human Modeling, Detection, / \
and Parts Localization head left upper arm lett thigh  rightthigh  right upper arm
Liang Zhao
CMU-RI-TR-01-19
left lower arm left calf right calf right lower arm
The Robotics Institute
Carnegie Mellon University
Pittsburgh, PA 15213 _ \f/
uly 26, R o .
e (x.y) \ o left hand lett foot right foot right hand
origin
Submitted in partial fulfillment of the requirements
Jfor the degree of Doctor of Philosophy
: . < 29 1.°
Figure 2.6: (a) Body part model (b) “connect-to” hierarchy

(S) 2001 Liang Zhao

This research was partially sponsored by PennDOT Agreement No. 62N111 Project
TA-34 executed under the Federal Technical Assistance Grant Program 001-008-701-99-7

i e The body parts are modeled with ribbons ! [114, 115]
as shown in Fig. 2.6(a).

Meta 1006
p.1

————

Petition at 28; EX1006 at 42 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 41



Consistent with PO’s D. Del. Briefing—Zhao Models the body and components

Accordingly, Zhao’s object model, which is a “coarse-
Petitioners' Expert
to-fine” model, includes “levels between the whole body [i.e., the object] and the
major body parts to include the merged body parts [ie., the collection of

components],” as illustrated in Figure 2.8 of Zhao:

Dr. Chandra Bajaj -

Figure 2.8: Assembling the human models

Petition at 20; EX1004, 985, Fig. 2.8 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 42



Ground |;: Obvious in View of Zhao

Claim 1, 980 Patent

Preamble [1] | A computer implemented method for object
detection comprising:

» Zhao uses a Bayesian similarity
measure to determine a

Element 1[a] | providing a spatio-temporal model for an object to

o e probability that an object is in
Element 1[b] | providing a video comprising a plurality of images each Image
including the object;
Element 1[c] | measuring the object as a collection of > A Cont_our C corresponds toa
components in each image; person if

Element 1[d] | determining a probability that the object is in
each image; and

P(person|C) > threshold.

Element 1[e] | detecting the object in any image upon comparing
the probabilities for each image to a threshold for
detecting the object.

Petition at 25; EX1006 at 64 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 43



1[d]: Zhao Determines a Probability That the Object Is in Each Image

Dressed Human Modeling, Detection,

and Parts Localization
Liang Zhao

CMU-RI-TR-01-19

The Robotics Institute
Carnegie Mellon University

Pittsburgh, PA 15213

July 26, 2001

Submitted in partial fulfillment of the requirements

Jfor the degree of Doctor of Philosophy

(S) 2001 Liang Zhao

This research was partially sponsored by PennDOT Agreement No. 62N111 Project
TA-34 executed under the Federal Technical Assistance Grant Program 001-008-701-99-7
and SAIC.

Meta 1

3.3 Bayesian Similarity Measure and Body Part Identifi-

cation

A part-based similarity measure evaluates the resemblance between a contour and a model
based on the best match between their body parts. This section presents the definition of
a Bayesian Sunilarity Measure derived from the probabilistic human model, and illustrates
how to use this measure to guide the matching between a set of decomposed ribbons and a

set of model body parts through coarse-to-fine model assembling.

———

Petition at 26; EX1006 at 54, 56

The conditional probability I?(person|H) is estimated based on the number and types
of the identified body parts. The more body parts being identified, the more likely the
extracted contour 1s a person. And the presence of a fine level body part indicates a higher
likelihood of the presence of a person than that of a coarse level body part does. According

to the above observation, the following formula is designed to estimate I°(person|H ):

P(person|H) = Z d;w; (3.7)

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE

44



Ground |;: Obvious in View of Zhao

Claim 1, 980 Patent

Preamble [1] | A computer implemented method for object
detection comprising:

Element 1[a] | providing a spatio-temporal model for an object to
be detected;

According to the assumption made in section 3.3.1, P(H*)/P(person) is a constant. Thus,

Element 1[b] | providing a video comprisin

) _ , the decision rule can be further simplified as: the contour (' corresponds to a person 1f
including the object;

Element 1[c] | measuring the object as a c{ P(C|H*, person)P(person|H") > threshold (3.17)
components in each image;

— — where the left hand side of Eq. (3.17) 1s just the similarity measure defined in Eq. (3.5).
Element 1[d] | determining a probability th

image; and

Element 1[e] | detecting the object in any image upon
comparing the probabilities for each image to a
threshold for detecting the object.

é

BSM(C) 2 G(H*), (3.5)

Petition at 26-27; EX1006 at 55, 65; Reply at 11; EX1004, 994 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 45



Zhao’s Testing Confirm that Zhao’s Model Is Temporal

5.2.2 Experimental Results

. , The body parts of a person are located in a coarse-to-fine manner using the RCR algorithm.
Dressed Human Modeling, Detection,

and Parts Localization ———

Liang Zhao
CMU-RI-TR-01-19 l image

Contour Detection Contour Alignment

The Robotics Institute - -
and DeCOITlpOSlthH

Carnegie Mellon University

Pittsburgh, PA 15213

July 26, 2001 detected contours updated contours

Submitted in partial fulfillment of the requirements

Jfor the degree of Doctor of Philosophy Part Identlﬁcat](}n Contour Updatlng

| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
|

(S) 2001 Liang Zhao | Y :
| |
| |
| |
| |
| |
| |
| |
| |
| |

This research was partially sponsored by PennDOT Agreement No. 62N111 Project
TA-34 executed under the Federal Technical Assistance Grant Program 001-008-701-99-7 Human Detection

and SAIC.

T Human Model

Meta 1006
p.1

S —
Figure 1.9: Flow chart of the RCR algorithm

Petition at 22-23; EX1006 at 91, Fig. 1.9 46




Zhao’s Object Detection Tested on Video

» Figure 5.7 demonstrates that covered body parts can still be
located accurately using the dynamically assembled human
model, the Bayesian similarity measure, and the coarse-to-fine

Dressed Human Modeling, Detection, localization a pproac h.

and Parts Localization

Liang Zhao
CMU-RI-TR-01-19

The Robotics Institute
Carnegie Mellon University

Pittsburgh, PA 15213

July 26, 2001

Submitted in partial fulfillment of the requirements

Jfor the degree of Doctor of Philosophy

(S) 2001 Liang Zhao

This research was partially sponsored by PennDOT Agreement No. 62N111 Project
TA-34 executed under the Federal Technical Assistance Grant Program 001-008-701-99-7
and SAIC.

Meta 1006
p.1
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Ground |;: Obvious in View of Zhao

» Zhao teaches that motion information
obtained from previous image-frames
Preamble 4 | The computer implemented method can be used to detect the objectin a
of claim 1, current image-frame.

Element 4[a] | wherein determining the probability that

> . —
the object is in each image comprises Analyzmg data in Image frames from

detecting the object in a current image VIC!GO by using me_asure.ments from
according to measurements of the object adjacent frames, mcludmg previous

as a collection of components determined and later frames, was widespread and
from a prior image and a later image commonly understood in image

relative to the current image.

processing.

EX1001 (US 7,436,980) Claim 4; Petition at 29; EX1004, 1194-95, 107-109; EX1052, 91 36-39 48



Zhao’s Object Detection Is Based on Measurements from a Previous Frame

(d)

(a) (b) (c)
head
t outlieﬁ arm k
leg leg
Dressed Human Modeling, Detection,

and Parts Localization
body
& outlier @

outlier

Liang Zhao
CMU-RI-TR-01-19

The Robotics Institute
Carnegie Mellon University

Pittsburgh, PA 15213

head

upper
trunk
lower
trunk

outlier

July 26, 2001

Submitted in partial fulfillment of the requirements

Jfor the degree of Doctor of Philosophy

Figure 5.4: Body part localization: (a) images (b) foreground object detected from back-
(S) 2001 Liang Zhao
ground subtraction (c¢) identified body parts (d) updated/predicted locations and outlines of

This research was partially sponsored by PennDOT Agreement No. 62N111 Project

TA-34 executed under the Federal Technical Assistance Grant Program 001-008-701-99-7 the body parts (e) edge image S (i) a]igned body parts.
and SAIC.

ets 1006 the first half cycle, no motion information 1s used to resolve the ambiguity with limbs’

p.1

[ — orientations, while in the second half of the cycle, the prediction from previous frames

(constant angular velocity 1s assumed) 1s used to get better results of body part localization.

Petition at 29, EX1006 at 91-92 49




Using Measurements from Later Images Would Have Been Obvious

Generating Spatiotemporal Models from

Examples Hence we assume an observed set of matched, aligned shape vectors consisting of

nodal (or point) positions observed over short intervals of time. e.g. a set of shape vectors

(k) A 'l P - .
. X ach consisting of n control points.
Adam Baumberg and David Hogg ¢ £ P

. S_chool of Computer Studies x(0) — (Pl Pl ... P PP
University of Leeds, Leeds LS2 9JT, U.K. Py
amb@scs.lecds.ac.uk with x(?), x(1)| x(2) gbservations of the nodes at time ¢ = 0, At, 2At. From this data set
a set of nodal displacements u(*) is extracted by subtracting off the mean shape vector.
Abstract The corresponding nodal velocities (*) and nodal accelerations (*) are then calculated

by finite difference approximations.

Physically based vibration modes have been shown to provide a useful mech-
anism for describing non-rigid motions of articulated and deformable objects. — |

The approach relies on assumptions being made about the elastic properties of

an object to generate a compact set of orthogonal shape parameters which can .

then be used for tracking and data approximation. We present a method for au- » |t was We” known to extra pOIate from adjace nt
tomatically generating an equivalent physically based model using a training . . o

set of examples of the object deforming, tuning the elastic properties of the ob- fra me S, an d dCCoO rd N g I y, d etermine p ro b d b I | |ty
ject to reflect how the object actually deforms. The resulting model provides . P .

a low dimensional shape description that allows accurate temporal extrapola- t h att h eo bJ ectisineac h Ima ge b ase d on a

tion _based on the training motions. Resu.]ts: are shown in whl.ch the methoc-i is p riorim age an d a Iate rim age re I ative to t h e
applied to an automatically acquired training set of the outline of a walking )

pedestrian. current image.

Petition at 29; Petitioner Reply at 11-12; EX1011 at 3 50



Using Measurements from Later Images Would Have Been Obvious

39. Figure 5 of Ex1011 shows the approximation of a spatio-temporal

. (k) . . . .
,. i shape model walking sequence (bottom row (b)) * ', given the input video image
Petitioners' Expert P &5¢4 ( (b)) = g p g

sequence (top row (a)), through measurement estimations of shape displacements
in each image frame (k), and finite difference estimations of velocity ‘™",

acceleration 1" between 3 adjacent image frames * = 0. A%, 2At and with temporal

consistency along the entire walking sequence.

v | L LAAAAAMAL )

(a) input walk sequence

NARAAAAAAALL

(b) approximated sequence (24 parameters)

Petitioner Reply at 11-12; EX1052, 939; EX1011, Figure 5 51



Using Measurements from Later Images Would Have Been Obvious

Attractive People: Assembling Loose-Limbed
Models using Non-parametric Belief Propagation

Leonid Sigal

= There are several advantages of this approach compared with traditional particle
N | filtering: the complexity of the search task 1s linear rather than exponential in the number
T 0 71 0of body parts; bottom-up initialization information can be incorporated in every frame; and

forward-backward smoothing, either over a time-window or an entire sequence, 1s straight-
Abstract
The detection and pase estimafion af people in im| fomrardo

cha Heng:gb}rh varia bf..:v of human appeard
naiural scenes, and the high dimensionality f

gl: To cope with these probi
graphical model in which the rel cmshp 5 between the body parts are
represented by conditional probability dishibuiions. We formulate the
pose estimation problem as one of probabilistic fmnrgamragmp?u
cal model whe; mﬂi mndmvmab!e.: rw.sp nd to the individual limb
and o I B use the lim b.furedesmbw‘

b,LMmmsla al vectors encodin gpoce Ewamd liscretization
practical and the random variables in oa‘elmim‘bemnﬂ oS-
vahied. To approximate bebfpmp gﬂ[‘mn in such a graph we exploit

i el bl e » The 980 inventors admit that using measurements

cues and 15 robust to ocelusion of body parts and scene clutter:

— from adjacent frames, including previous and later

Recent approaches to persom detection and tracking exploit articulated body medels
in which the body is viewed as a kinematic tree in 2D [14], 25D [16, 23], or 3D

.

AT b L frames, was straightforward
mensions. The high dimensionality of the resulting statespace has mom'atedthedevl ) d
opment of specialized stochastic search algerithms that either exploit the highty redundant

dynamics of typical human motions [19], or use hierarchical sampling schemes to exploit
the tree-structured nature of the model [5, 15] These schemes have been effective for
tracking pecple wearing increasingly complex lthmgmmcrea_t.l.ugly omplex cluttered
backgrounds [21]. There are however a number of impcrtant shortcomings of these ap-

Meta 1015
p-1

————

Petitioner Reply at 11-12; EX1015 at 7; EX1052, 937. 52



Ground |;: Obvious in View of Zhao

Claim 8, 980 Patent

Preamble 8 | The computer implemented method > The joint probgbility used by Zha? !S
of claim 1, representable in the form of the joint

probability distribution formulated by
claim 8. EX1004, q121.

Element 8[a] | wherein a joint probability distribution for
the spatio-temporal model with N
components is:

» The ’980 joint probability distribution
| o represents a typical factorized

iﬂ AR probability distribution P(....) for a
T wutwe. ] Jomtr. 5] T et s graphical model G of an object O.

ik

C C [ C C C
P(X$, X0 Xty o XM, XPL X0 X L XY ) =

EX1001 (US 7,436,980) Claim 8; Petition at 34-35; EX1004 11231; EX1052, 9182 53



Zhao’s Joint Probability Is Representable in the Form of Claim 8

’ L] (] o e ]
— » Zhao’s joint probability for a graphical model of
a human body:
Dressed Human Modeling, Detection, The conditional probability P(person|H) is estimated based on the number and types
and Parts Localization of the identified body parts. The more body parts being identified, the more likely the
iang Zhao
CMLLI.RETZR-01-1 5 extracted contour 1s a person. And the presence of a fine level body part indicates a higher

likelihood of the presence of a person than that of a coarse level body part does. According

The Robories lustitute to the above observation, the following formula is designed to estimate P(person|H ):

Carnegie Mellon University

Pittsburgh, PA 15213
P(person|H) = E d;w; 3.7)
July 26, 2001
55 75 .84 92 1
Submitted in partial fulfillment of the requirements
Jfor the degree of Doctor of Philosophy
(S) 2001 Liang Zhao l

This research was partially sponsored by PennDOT Agreement No. 62N111 Project
TA-34 executed under the Federal Technical Assistance Grant Program 001-008-701-99-7
and SAIC.

Meta 1006
p.1

Figure 3.1: Examples of the calculated /’(person|H ) given the degeneration factor v = .9

————

and the contour parts matching the model parts exactly

Petition at 42, EX1006 at 56; EX1052, 956 54




To aAppEAR AT 2003 IEEE CONFERENCE ON COMPUTER VISION AND PATTERN RECOGNITION

Nonparametric Belief Propagation

Erik B. Sudderth. Alexander T. Ihler, William T. Freeman, and Alan S. Willsky
Department of Electrical Engineering and Computer Science
Massachusetts Institute of Technology
esuddert@mit.edu, ihler@mit edu, wifi@ai mit.edu, willsky@mit.edu

Abstract

In many applications of graphical models arising in
computer vision, the hidden variables of interest are most
naturally specified by contimious, non-Gaussian distribu-
fions. There exist inference algorithms for discrete approx-
imations to these confinuous distribufions, buf for the high-
dimensional variables fypically of interest, discrete infer-
ence becomes infeasible. Stochastic methods such as parti-
cle filters pravide an appealing alternative. However, axist-
ing technigues fail to exploit the rich strucnure of the graph-
ical models describing mamy vision problems

Drawing on ideas from regularized particle filters and
belief propagartion (BF), this paper develops a nonpara-
metric beligf propagation (NBPJ algorithm applicable to
general graphs. Each NBF iteration uses an efficient sam-
pling procedure to update kernel-based approximations to
the frue, i likelihoods. The ithm can acco-
modate an exiremely broad class of potential functions, in-
cluding nonparamenic representations. Thus, NEP extends
particle filiering metheds 1o the more general vision prob-
lems thar graphical models can describe. We apply the NBP

to ifer  intervelati in a parts-
based face model, allowing location and reconstruction of
occluded features.

1. Introduction

Graphical models provide a powerful. general frame-
work for developing statistical models of computer vi-
sion problems [7.8,10]. However, graphical formmla-
tions are only useful when combined with efficient algo-
rithms for inference and leaming. Computer vision prob-
lems are particularly challenging because they often mvolve
high—dimensional, confinuous vanables and complex, mul-
timodal distributions. For example, the articulated models
used in many tracking applications have dozens of degrees
of freedom to be estimated at each time step [17]. Realis-
tic graphical models for these problems must represent out-
liers, bimodalities, and other non—Gaussian statistical fea-
tures. The corresponding optimal inference procedures for
these models typically involve integral equations for which
no closed form solution exists. Thus. it is necessary to de-

(=m0 = =0

Markew Chain

Graphical Models
Figure 1. Particle filters assume variables are related by a

Markov chain. The NBP algorithm extends particle filter-
ing iques to arbitrarily graphical models.

velop families of approximate representations, and corre-
sponding methods for updating those approximations

The simplest method for approximating intractable
continuous—valued graphical models is discretization. Al-
though exact inference in general discrete graphs is NP
‘hard, approximate inference algonithms such as loopy belief
propagation (BF) [16, 21, 23, 24] produce excellent empiri-
cal results in many cases. Certain vision problems, includ-
ing stereo vision [20]. are well suited to discrete formula-
tiens. For problems involving high—di | variables,
however, exhaustive discretization of the state space 15 in-
tractable. In some cases. domain—specific heuristics may
be used to dynamically exclude those configurations which
appear unlikely based upon the local evidence [2.7]. In
‘more challenging applications, however, the local evidence
at some nodes may be inaccurate or misleading, and these
approximations will heavily distort the resulting estimates.

For temporal inference problems, particle filters [3, 10]
‘have proven to be an effective, and influential, alternative to
discretization. They provide the basis for several of the most
effective visual tracking algorithms [15,17]. Particle fil-
ters apy c densities non trically as
a collection of representative elements. Although it is possi-
ble to update these approximations deterministically using
local linearizations [1]. most implementations use Monte
Carlo metheds to stochastically update a set of weighted
point samples. The stability and robusmess of particle fil-
ters can often be improved by regulanzation methods [5,
Chapter 12] in which smoothing kemels [18] explicitly rep-
resent the uncertainty associated with each point sample.

Meta 1012
p.1

———

Petitioner Reply at 13; EX1052, 968; EX1012 at 2

Zhao’s Joint Probability Is Representable in the Form of Claim 8

2. Undirected Graphical Models

An undirected graph G is defined by a set of nodes V),
and a corresponding set of edges £. The neighborhood of a
node s € Vis definedas I'(s) = {t | (s,t) € £}. Graphical
models associate each node s € )V with an unobserved, or
hidden, random variable z ., as well as a noisy local obser-
vation ys. Letx = {zs | s € V}andy = {ys | s € V}
denote the sets of all hidden and observed variables, respec-
tively. For simplicity, we consider models with pairwise
potential functions, for which p (z, y) factorizes as

1
p(m,y) — VA H st (xS:mt) H Vs (m.S:JS) (D

(s, )€€ seV

» Sudderth teaches the same joint probabilistic distribution formulas of
claims 8/16, using the same belief propagation approach as the ‘980
Patent.

» A POSITA would have understood that the joint probability
distribution of Zhao would be representable in the form recited by
claim 8. EX1052, 99121 and 122.
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————

Petition (Paper 3) at 5; EX1007 (Steffens)

» Steffens was filed December 4, 1998,
and issued on October 9, 2001

» Primary reference in Ground |
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Ground |l: Steffens in View of Zhao

Claim 1, ‘980 Patent

Preamble | A computer implemented method for object

[1] detection comprising:

Element providing a spatio-temporal model for an

1[a] object to be detected;

Element providing a video comprising a plurality of

1[b] images including the object;

Element measuring the object as a collection of

1[c] components in each image;

Element | determining a probability that the object is

1[d] in each image; and

Element | detecting the object in any image upon

1[e] comparing the probabilities for each image
to a threshold for detecting the object.

EX1001 (US 7,436,980) Claim 1; Petition at 8, 36; EX1007

» Both Steffens and Zhao use a spatio-temporal
model and similarity measures to detect an
object in a video. Petition at 8.

» Steffens does not expressly teach that its
similarity measures include probabilistic
frameworks for identifying objects. Petition at
36.

» A POSITA would have been motivated to use
Zhao’s probabilistic “Bayesian Similarity
Measure” in Steffens. /d.
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Steffens Detects an Object Using Similarity Measures

@"” » Steffens describes “identifying the object
|2 based on a similarity” between an image and
T a corresponding model.
The facial landmarks and features of the head may be
[ it lacementor |46 located using an elastic graph matching technique shown in
e uassorhed e FIG. 9. In the elastic graph matching technique, a captured
image (block 140) is transformed into Gabor space using a
L aw wavelet transformation (block 142) which is described
gyl below in more detail with respect to FIG. 10. The trans-
e formed image (block 144) is represented by 40 complex
values, representing wavelet components, per each pixel of
150 the original image. Next, a rigid copy of a model graph,
?ﬁﬁnﬂ:ﬂm which is described in more detail below with respect to FIG.
- 12, is positioned over the transformed image at varying
s model node positions to locate a position of optimum
st el similarity (block 146). The search for the optimum similarity
position and lcalization o e . .
ofthe bt mathing poins may be performed by positioning the model graph in the
upper left hand corner of the image, extracting the jets at the
nodes, and determining the similarity between the image
graph and the model graph.

Petition at 36; EX1007 at 7:51-67, Fig. 9 59



Zhao Uses a Probabilistic Similarity Measure

Dressed Human Modeling, Detection,

and Parts Localization
Liang Zhao
CMU-RI-TR-01-19

The Robotics Institute
Carnegie Mellon University
Pittsburgh, PA 15213

July 26, 2001

Submitted in partial fulfillment of the requirements

Jfor the degree of Doctor of Philosophy

(S) 2001 Liang Zhao

This research was partially sponsored by PennDOT Agreement No. 62N111 Project
TA-34 executed under the Federal Technical Assistance Grant Program 001-008-701-99-7
and SAIC.

Meta 1006
p.1

» Zhao expressly describes a probabilistic
similarity measure.

» Like Steffens, Zhao describes a method where
an object is identified based on a similarity
between an image and a corresponding model.

————

Petition at 40, EX1006 at 54

3.3 Bayesian Similarity Measure and Body Part Identifi-

cation

A part-based similarity measure evaluates the resemblance between a contour and a model
based on the best match between their body parts. This section presents the definition of
a Bayesian Similarity Measure derived from the probabilistic human model, and illustrates
how to use this measure to guide the matching between a set of decomposed ribbons and a

set of model body parts through coarse-to-fine model assembling.
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Steffens Does Not Employ a Fundamentally Different Framework than Zhao

Steffens’ multi-component, Zhao’s multi-component,
graphical model graphical model
O body
///"/s e
head (J Qupper lower
WadleN A

hand forearm arm
thigh calf foot

Figure 1.7: Generating merged body parts

» Although Steffens focuses more on the human face for facial recognition,
both Steffens and Zhao concern object detection in video images based
on spatio-temporal models and similarity matching.

Paper 32 (Reply) at 16; EX1007 at Fig. 12; EX1006 at Fig. 1.7 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 61



Dr. Saber’s Distinction Between Landmarks and Components is Artificial

Q If the face were considered the object,

Patent Owner’s
Expert Witness

are you saying the tip of the nose would not be a
component of the face?

A So component has a certain meaning in the
'980. In the context of the '980, component has a
certain meaning. The word component, these things

in the Steffens are all landmarks and features.

They would not be described as components of the

2 face.
Dr. Eli Saber And because the word component in the '980
has a certain context features. Steffens
describes these as features and landmarks. The

word component doesn't show up in Steffens in his

description.

Petitioner’s Observations at 4; EX1054 (Saber Tr.) at 592:16-593:7 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 62



Zhao Does Not Teach Away from Steffens

Zhao and Steffens are Combinable

» A POSITA would have known the benefit of the wavelet
4 Parts Localization approach, and why such approach would work

merio specifically in recognizing facial features. Petitioner Reply;
— Ex1052, 9140-57.

Dressed Human Modeling, Detection,

(e T ]
e o Unted Sates Patent o on: U eamizmom » Both Zhao and Steffens use a coarse-to-fine approach to

() FACK RECOGNTION IROM VIDEO 0w
Tuly 26, IMAGES

find their respective objects. Petitioner Reply at 14.

(75) Invent

Submitted in partial fulfilime

Jor the degree of Doct

pppppp

) e m In contrast with previous work, the Bayesian similar-

(© 2001 Liang

This research was partially sponsored by Pennl
TA-34 exceuted under the Federal Technical Assis

1ty measure enables efficient shape matching and comparison robust to articulation,

and SAIC.

partial occlusion, and segmentation errors through coarse-to-fine human model as-

=wesl - gembling.

— (= . .
- LD - » A POSITA would have been motivated to use a Bayesian
similarity measure as taught by Zhao to conduct its
object detection due to its robustness.

Petitioner Reply 14; EX1004, 9125; Petition at 84; EX1006 at 98 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 63



Steffens’ Similarity Measure Corresponds to a Measure of Probability

Petitioners' Expert 52. AsIexplained in my First Declaration (§144), Steffens uses a
similarity measure to match and determine whether an object is in an image.
Steffens describes two different similarity functions that are both normalized so
take on real similarity values ranging between [0, 1] with 0 being not-similar and 1
being exactly similar, and real values between them giving a continuous measure

function of similarity. As a POSITA would know this corresponds to a measure of

probability of similarity between two entities. Ex1007 at 9:47-65.

Dr. Chandra Bajaj

Petition at 44-45; EX1004 9144, EX1052, 952 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 64



Steffens’ Similarity Measure is Closely Related to Probability

Patent Owner’s
Expert Witness A Whether i1t's normalized or not, 1t doesn't

matter. The dot product between two vectors 1s

essentially how much of Vector 1 1s represented or

rides along Vector 2. So 1t provides a sense of

simllarity between the wvectors.

Dr. Eli Saber

Petitioner’s Observations at 5; EX1054 (Saber Tr.) at 579:21-580:3 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 65



Ground |l: Steffens in View of Zhao

Claim 4, '980 Patent ) . .
image frames based on a trajectory associated

Preamble 4 | The computer implemented method with the object. Petition at 48; EX1007, 2:6-13
of claim 1, and Claims 14, 16, and 17.

Element 4[a] | wherein determining the probability that » PO acknowledges that Steffens’ object tracking
the object is in each image comprises process operates between frames in the
detecting thelobjectinalcurmentimage forward direction. PO sur-reply at 32.

according to measurements of the object

as a collection of components determined |, |t would have been obvious to extrapolate from

from a prior image and a later image later images as well. See slides 48-52 above.
relative to the current image.

EX1001 (US 7,436,980) Claim 4; Petition at 29, 48; EX1007 at 2:6-13; Paper 44 (Sur-Reply) at 32 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 66



Overview

oz United States Patent 0y Patent No.: US 7,436,980 B2
Sigal et al. (45) Date of Patent: Oct. 14, 2008
(34) GRAPHICAL OBJECT MODELS FOR T20.266 BX* 2007 Ozeretal. 382017
ETEC N AN ACKIN . .
PETECTION AND TRACKING FOREIGN PATENT DOCUMENTS
(73) T Leonid Sigal, Provid, RI(US}, Ying EP 1217572 A2 62002
Zhu, Monmouth Junction, NI (US); - —
Dorin Comaniciu, Princeton Jet., NJ OTHER PUBLICATIONS
(us) M. Isand. Fampas: Realwalued graphical models for compuier
. vision, CVPR, val. 1, pp. 613-620, 2003,
(73) Assignes: Siemens Corporate Rescarch, Inc., K. Okuma, A. Teleghani, N. de Freitas, J. Little and D, Lowe. A
Princeton, NI{US) boosted particle filter: Multi-targer detection and tracking, FCCV,
004,
() Motice:  Subject to any disclaimer, the term of this L. Sigal, 8. Bhatin, 8. Roth, M. Black and M, [sard. Tracking loose-
patent is extended or adjusted under 35 gm;’x-f Irmlrltk ('I:’P&\fﬂgt | A Willsky, N .
U.S.C. 1534(k) by 621 L - Sudderth, A. Thler, W. Freeman and A. Willsky. Nenpazarmetrie
by by 691 s befiel propagation. MIT Laboratory for Information and Decision
. Systems Techrical Report P-2351 (Det. 15, 2002),
(21) Appl Na.2 17135210 P Violuand M. Jenes. Rapid ohject ion usinga boosted i
Ciled: " of simple fentures, CYPIL 2001,
(22) Filed: May 23,2008 P Viola, M, Jones and I} Snow. Detecting pedestrians using patterns
(%) Prior Publication Data of motion and appearance, 1CCY, pp. 734741, 2005,
3
US 20050286738 A1 Dec. 29,2005 {Continued)
o Primary Evaininer—Tom Y Lu
Related U.S. Application Data (74) ditarney, Agent, o Firnr—Donald B, Paschbueg; . Chau
(60)  Provisional application No. 60r574.799, filedon May & Assaciates, LLC
T, .
27, 2004 (57) ADBSTRACT

31 Ink Cl
on &m%ﬁ (2006.01) A computer implemented method for object detection
(52) US.CL ., ssygy  includes providing a spatio-termporal sadel for an abject to

, p ling a video including a plurality ofimages
(38) Fleld of Classification Seareh 1;;&?5’:1?3 including the ohject, and measuring the object as a collection ro u n S
See application file et search history. of compenents in each image. The method [urther includes L]
application [ile lor complete search hislory. determining a prehability that the object is in each image, and

[&13] References Clted detecting the chject in any image upon comparing the prob-
abilities for each image to a threshold for detecting the object,

LS. PATENT DOCUMENTS
6597801 BL 2003 Cham e al. 16 Claims, 5 Drawing Sheets

PROVIDING A SPATIO-TEMPORAL MODEL FOR AN QBUECT ‘

22 I

< T 7 c. Claims 1-16: Obvious over Ozer in view of Zhao

o [

DETERMINING A PROBABILITY THAT THE DBJECT 15 IN EACH
IMAGE

i [

] DETECTING THE DRIECT INAM IMAGE UPGN COMPASING THE

PROBABILITIES FOR THE IMAGE TO ATHRESHILD FOR
DETECTING THE OBJECT

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 67



Prior Art - Ozer (EX1008)

—
US007200266B2
a2 United States Patent (o) Patent No.:  US 7,200,266 B2
QOzer et al. (4s) Date of Patent: Apr. 3,2007
(54) METHOD AND APPARATUS FOR 6,204,852 Bl Y2001 Kumar etal.
AUTOM: VIDEO ACTIVITY ANALYSIS 6222465 Bl 42001 Kumar etal
6,249,606 Bl 2001 Kiraly et al.
(73)  Inventors: L. Burak Ozer, Plainsboro, NJ (US); 6.256033 Bl 72000 Nguyen
Wayne H. Wolf, Princeton, NJ (US); (Continued)
Tiehan Lu, Princeton, NJ (US)
OTHER PUBLICATIONS
(73)  Assignee: Princeton University, Panceton, NJ Jeffrey Mark Siskind, “Visual Event Classification Via Fowe
us) Dynamics”, AAAL 2000, pp. 17,
Matthew Brand, Nusia Oliver and Alex Pentland, “Coupled Hidden
(*) Notice:  Subject to any disclaimer, the term of this  Markev Models for Complex Action Recognition”, IEEE Computer
patent is extended or adjusted under 35 Vision and Pattern Recognition Proceedings, 1997, pp. 1-6.
US.C. 154(b) by 763 days. Andrew D, Wilson, Aaron F. Bobick, “Parametric Hidden Markov
Models for Gestwe Recogaition”, IEEE Transactions on Pattern
@1) Appl. No.: 10649418 Recognition and Machine Intelligence, vol. 21, No. 9, Sep. 1999,
SR pp. 884-000.
@22) Fikd:  Aug. 27,2003 Primary Examiner—Jingge Wa
Assistant Examiner—Ali Bayat
(63) Prior Publication Data (74) Atorney, Agent, or Firm—Synnestvedi Lechner &
US 2004/0120581 A1 Jun. 24, 2004 Woodbridge LLP
Related U.S. Application Data (57) ABSTRACT
(60) Provisional application No. 60/406,567, filedon Aug. ~ he invention is a new method and apparatus that can be
7. 2002 used to detect, recogni
’ objects in security checkpol o
(1) Int.CL or in similar environments under surveillance to detect the
06K 94 200601) presence of certain objects of interests (¢, people), and @
(52) US. 182/173; 382/224; 382/100; " 1;1 . f‘"d“""'""’ “T other purposes in
N real-time. The system can detect a wide range of activities
382/103; 382/100; 382/107; 382158; 382041 ons. The method detects any niew
i rroduced into a known environment and then clas-
(58) Field of Classification Search . . 38173, the ohisct egions 1o buman hody parts or to other
382/100, 103, 224, 105,199, 168, 181; 348143 pon-rigid and rigid objects. By comparing the detected
348/150,590  objects with the graphs from a database in the system, the
See application fik for complete search history. methodology is able to identify object parts and to decide on
. the presence of the object of i mlut.:l (hum.m bag, dog, etc.)
(56) References Cited in video sequences. The sys acks the movement of
U'S. PATENT DOCUMENTS different object parts in order to combine them at a later
stage to highlevel semantics. For example, the motion
58477 A 9/1992 Neely et al. patter of each human body part is compared to the motion
5454043 A 9/1995 Freeman pattern of the known activities. The recognized movements
5,796,406 A 8/1998 Shigemarsu et al. of the body parts are combined by a classifier to recognize
6057845 A S2000 Dupouy the overall activity of the human body.
72,404 A 62000 Nguyen
6,147 678 A 112000 Kumar et al 22 Claims, § Drawing Sheets
401 Video Input 402
404
L e @] o
- ontour 1
elimination & Segmentation .
color generation
wransformation
405 406 407 408
. . Object > Graph t——=| Multiple frame
Ellipse fitting . :
modeling matching classification
Meta 1008
p.-1

———

Petition (Paper 3) at 5; EX1008 (Ozer)

» Ozer was filed Aug 27, 2003 and issued
on April 3, 2007

» Primary reference in Ground Il

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE
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Ground lll: Ozer in View of Zhao

Claim 1, ‘980 Patent

Preamble | A computer implemented method for object
[1] detection comprising: » For element 1/9[e], PO relies on its Zhao
Element | providing a spatio-temporal model for an arguments (GrOund |), but makes no
1(a] object to be detected; additional argument. POR, 50.
Element providing a video comprising a plurality of
1[b] images including the object; » PQO’s contention that element 1/9][e] is
Element measuring the object as a collection of not rendered obvious by Ozer in view of
1[c] components in each image; Zhao is based on a flawed and
Element | determining a probability that the object is in impermissibly narrow claim
1[d] each image; and construction.
Element | detecting the object in any image upon
1[e] comparing the probabilities for each image
to a threshold for detecting the object.

EX1001 (US 7,436,980) Claim 1 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 69



Ground lll: Ozer in View of Zhao

Claim 4, '980 Patent

Preamble 4 | The computer implemented method

of claim 1, » Ozer’s “activity” classification

Element 4[a] | wherein determining the probability that encompasses ObjECt traCking over
the object is in each image comprises multiple frames. Petitioner Reply
detecting the object in a current image at 19

according to measurements of the object
as a collection of components determined
from a prior image and a later image
relative to the current image.

EX1001 (US 7,436,980) Claim 4; Petition at 29; Paper 32 (Reply) at 19 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 70



Ozer’s “activity” Classification Encompasses Object Tracking over Multiple Frames

oo . s - Classifying Over Multiple Frames
waiking Right ~ — T Output of the graph-matching algorithm is the classified
Walking Lef - 4_% ﬁ" “GQ\ object parts. The movements of the object parts are
e : o z described as a spatio-temporal sequence of feature vectors
Moving Down L R that consist of the direction of the object part movement. The
Moving Up | O (O\L\ system checks direction of the movements of the object parts
>l d for a number of frames and calculates the probabilities of the
. 207 208 209 210 activities with the known activities by using Hidden Markov
olnting Right ~ < . : vqe
Pointing Lol o= O E/Q\ Models and chooses the pattern with the highest probability
C o7 N & R | as the recognized activity in these frames (408). The activity
211 212 of each part is then combined by a quadratic distance
Opening Arms () O classifier to find the overall activity of the object of interest.
Clasing Arms N - - . . .
(o |lQ D As shown in FIG. 2, frame 201 shows walking right and
| frame 202 shows walking left.

Petition at 63; EX1008 at 7:33-45, Fig. 2 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 71



Ozer Uses Probabilistic Hidden Markov Models for Its Inference of the Motion

B nErs | Expert 60. In light of this passage from Ozer, among others, a POSITA would
have understood that Ozer’s “activity” classification encompasses object motion
tracking over multiple frames to classify or discriminate between various motion

trajectories. Ozer teaches both the detection of the object parts and the movements

(motions) of the object parts and moreover uses probabilistic Hidden Markov

Dr. Chandra Bajaj models for 1ts inference of the motion (e.g., walking activity) from video of the

spatio-temporal model.

Petitioner Reply 19; EX1052, 960; EX1008, 7:33-45 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 72



Ozer Uses Probabilistic Hidden Markov Models for Its Inference of the Motion

The system of the present invention can detect non-rigid
(e.g. human body) and rigid object parts and recognize their
activities in compressed and uncompressed domains.

Figure 4
401 Video Input 402
‘ Background 403 404
Lo .
—»  elimination & [——™ Segmentation — Contoyr
color generation
transformation
L 405 406 407 408
. : —» Object — Graph ———=| Multiple frame
Ellipse fitting . . . .
modeling matching classification

Petitioner Reply 19; EX1008 3:55-57 and Figure 4

» Non-rigid object detection
infers that the object is
moving.

» Figure 4 illustrates a video
input involving multiple
frames. See 408 Multiple
frame classification.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 73



Ozer Teaches Object Tracking Over Multiple Frames

Q So what does that mean, that those are
Patent Owner’s K }

Expert Witness

tracked objects?

A Tracks only objects that fit the model of
the user defined subject. So it's not going to
track -- for instance, if I'm interested in humans
and humans walking their dog, I'm not going to
track a car driving down the road.

So I'm tracking objects that I'm
specifically interested in. You know, that's why

the next sentence says: This makes the system

more accurate because it easily rejects many
Dr. Eh Saber elements in the scene that may be moving but are
not objects of interest.

I have a deer walking in the backyard.
I'm not interested in deer. I just want to know
if somebody's walking around my backyard for

security purposes.

Petitioner’s Observations at 6; EX1054 (Saber Tr.) at 609:11-610:5 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 74



Ozer Tracks An Object by Using Ellipse Parameters For Consecutive Frames

63.  Further, Ozer teaches that after the detection of the object parts, the
i aners’ Expert system 1s ready to recognize the activities of each object part and the overall

activity of the object. Id. at 4:35-37. Ozer “tracks only objects that fit the model
of the user defined subject, such as human, any rigid object, dog.” Id. at 6:23-24.

Ozer explains that “matched nodes” identified using the graph-matching algorithm

are "tracked by using ellipse parameters for the consecutive frames.” Id. at 7:25-

31.

Dr. Chandra Bajaj

» To the extent that it was not explicitly taught by Ozer and/or
Zhao, it would have been obvious to detect an object using
measurements from later image frames. See slides 48-52.

Petitioner Reply 19; EX1052, 9163 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 75



Overview

oz United States Patent 0y Patent No.: US 7,436,980 B2
Sigal et al. (45) Date of Patent: Oct. 14, 2008
(34) GRAPHICAL OBJECT MODELS FOR T20.266 BX* 2007 Ozeretal. 382017
ETEC N AN ACKIN . .
PETECTION AND TRACKING FOREIGN PATENT DOCUMENTS
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Zhu, Monmouth Junction, NI (US); - —
Dorin Comaniciu, Princeton Jet., NJ OTHER PUBLICATIONS
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Princeton, NI{US) boosted particle filter: Multi-targer detection and tracking, FCCV,
004,
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Ciled: " of simple fentures, CYPIL 2001,
(22) Filed: May 23,2008 P Viola, M, Jones and I} Snow. Detecting pedestrians using patterns
(%) Prior Publication Data of motion and appearance, 1CCY, pp. 734741, 2005,
3
US 20050286738 A1 Dec. 29,2005 {Continued)
o Primary Evaininer—Tom Y Lu
Related U.S. Application Data (74) ditarney, Agent, o Firnr—Donald B, Paschbueg; . Chau
(60)  Provisional application No. 60r574.799, filedon May & Assaciates, LLC
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31 Ink Cl
on &m%ﬁ (2006.01) A computer implemented method for object detection
(52) US.CL ., ssygy  includes providing a spatio-termporal sadel for an abject to

, p ling a video including a plurality ofimages
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See application file et search history. of compenents in each image. The method [urther includes L]
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[&13] References Clted detecting the chject in any image upon comparing the prob-
abilities for each image to a threshold for detecting the object,

LS. PATENT DOCUMENTS
6597801 BL 2003 Cham e al. 16 Claims, 5 Drawing Sheets

PROVIDING A SPATIO-TEMPORAL MODEL FOR AN QBUECT ‘

22 I

PROVIZING A VIDEQ COMPRISIMG IMAGES INCLUD®G THE
OMECT

303 !

\1 N PONENTS 1 EACH e —‘
R Er—— d. Claims 1-16: Obvious in view of TLP

i [

] DETECTING THE DRIECT INAM IMAGE UPGN COMPASING THE

PROBABILITIES FOR THE IMAGE TO ATHRESHILD FOR
DETECTING THE OBJECT
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Prior Art - TLP (EX1009)

Tracking Loose-limbed People

Leonid Sigal' Sidharth Bhatia® Stefan Roth® Michael J. Black * Michael Isard'

“Department of Computer Science, Brown University Providence, R 02912
TMicrosoft Research Silicon Valley. Mountain View, CA 94043

{ls,sibhatia, roth,black}@cs.brown.edu, misardémicrosoft.com

Abstract

We pose the problem of 3D human tracking as one of -
ference in a graphical model. Unlike traditional kinematic
free representations, our model of the body is a collection of
loosely- limbs. C: ional bilities relating
the 3D pose of connected limbs are learned from motion-
capiured training data. Similarly, we learn probabilistic
models for the temporal evolution of each limb (forward
and backward in time). Human pose and motion estimation
is then solved with non-parametric belief propagation us-
ing a variation of particle filtering that can be applied over
a general loopy graph. The loose-limbed model and decen-
tralized graph structure facilitate the use of low-level vi-
sual cues. We adopt simple limb and head detectors to pro-
vide “bottom-up " mformation that is incorporated into the
inference process at every time-step, these detectors per-
mit automatic initialization and aid recovery from transient
tracking failures. We illustrate the method by automatically
tracking a walking person in video imagery using four cal-
ibrated cameras. Our experimental apparatus includes a
marker-based motion capiure system aligned with the coor-
dinate frame of the calibrated cameras with which we quan-
titatively evaluate the accuracy of our 3D person tracker

1 Introduction

We present a fully automatic method for tracking human
bodies in 3D. Initialization and failure recovery are facili-
tated by the use of a loose-limbed body model [22] i which
limbs are connected via learned probabilistic constraints.
The tracking problem is formulated as one of inference n a
graphical model and belief propagation is used to estimate
the pose of the body at each time-step. Each node in the
graphical model represents the 3D position and orientation
of a limb (Figure 1). Directed edges between nodes repre-
sent 1 dependencies and these between
limbs are used to form messages that are sent to neighbor-
ing nodes in space and time. Additionally. each node has an
associated likelihood defined over a rich set of image cues
using a learned Gibbs model [19. 28]. The combination of

Figure 1: Graphical model for a person. Nodes represent limbs
and arrows represent conditional dependencies between limbs. For
clarity only a few temporal dependencies have been shown: in our
model each part i at time ¢ is connected by an edge to part i at
timest —landt + 1.

highly non-Gaussian likelihoods and a six-di ional con-
tinuous parameter space (3D posttion and orientation) for
each limb makes standard belief propagation algorithms in-
feasible. Consequently we exploit a form of non-parametric
belief propagation that uses a variation of particle filtering
and can be applied over a loopy graph [13, 23]

There are a number of significant advantages to this ap-
proach as compared to traditional methods for tracking hu-
man motion. Most current techniques model the body as a
kinematic tree in 2D [14], 2.5D [17], or 3D [2. 5. 21, 23]
leading to a high-dimensional parameter space (25-50 di-
mensions is not uncommon). Searching such a space di-
rectly is impractical and so current methods typically rely
on manual initialization of the body model. Additionally.
they often exploit strong priors characterizing the types of
motions present. When such algorithms lose track (as they
always do). the dimensionality of the state space makes it
difficult to recover,

While the full body pose 1s hard to recover directly. the
location and pose of indrvidual limbs 1s much easer to com-
pute. Many good head detectors exist and limb detectors
have been used for some time (e.g. [18]). The approach
we take here can use bottom up information from feature

Meta 1009
p.1

————

Petition (Paper 3) at 5; EX1009 (TLP)

» TLP was publicly available for the IEEE
Computer Society Conference on Computer

Vision and Pattern Recognition (“CVPR”) no
later than April 9, 2004.

» The '980 provisional was filed May 27, 2004
and identifies TLP as reference [2] with a date
of 2004.

» |f TLP does not receive the benefit of the filing
date of its provisional, then there is no dispute
that TLP is prior art to the "980.

» TLP is the Primary reference in Ground IV.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE
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Petitioners' Reply Does Not Introduce New Theories

To be clear. we understand
Petitioner’s theory to be that TLP was made publicly available for the 2004

> A IEEE Computer Society Conference on Computer Vision and Pattern

~ . Recognition on April 9, 2004. Dec. 48; Pet. 6. We also understand Petitioner
to argue that Mr. Black’s purported publication of TLP on the ResearchGate
¥ ¥V . website on January 31, 2004, makes 1t more likely that TLP was made publicly
available for the 2004 IEEE Conference. Reply 3.

T o ——— N\/—WWW
Paper 28 at 4
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TLP’s Public Availability Timeline

01/31/2004
11/19/2003 According to Research
Due date for authors Gate, TLP author Michael
to submit full paper Black makes TLP publicly
for the 2004 CVPR available

|

2004 CVR TRANSCRIPTS

EX1009

— —

November 2003 January 2004

Petitioner Reply at 7; EX1050, 9940-48; EX1010; EX1048

04/09/2004
Deadline for
final manuscript
submission

|

EX1009

I —

April 2004

05/27/2004

’980 Provisional
filed and identifies
TLP as a reference

EX1003

May 2004
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Dr. Hall-Ellis Confirmed that TLP Was Publicly Available by January 31, 2004

46.  Fust, I examined the conference Call for Papers. The Call for Papers
Petitioners’
Librarian Expert Witness for the 2004 IEEE Computer Society Conference on Computer Vision and Pattern

Recognition required authors to submit manuscripts by November 19, 2003.'8

47.  Second, I examined the 29 ResearchGate entries that Michael J. Black

posted during the period 2003-2005 (see Attachment 1E). For each of the entries the

date indicated closely aligned with an official publication date for the document. I

identified the publication date for each conference paper and journal article. The

Dr. Sylvia Hall-Ellis

Sigal paper reflected the longest gap but aligned appropriately with the requirements
stated in the Conference Call for Papers. Moreover, there was a strong mndicia of
reliability in that the ResearchGate entries did not simply list “January” for every

paper/article, and different months were indicated for different papers/articles.

Petitioner Reply at 7; EX1050 (Hall-Ellis Declaration) at 99 46 and 47 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 80



TLP Author Michael Black’s Research Gate Entries Closely Align with Official
Publication Dates

“le]vidence of a person's habit ... may be admitted to prove
that on a particular occasion the person ... acted in
accordance with the habit or routine practice.”

Nobel Biocare Services v. Instradent, 903 F.3d 1365, 1377 (Fed. Cir. 2018)
3 # (quoting In re Hall, 781 F.2d 897, 898—-99 (Fed. Cir. 1986)
¥ 4

R ———

Petitioner’s Reply re Motion to Submit Supplemental Information at 5 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 81



Dr. Saber Has No Personal Knowledge of Exhibits 2009 and 2010

Patent Owner’s Q Do you have any personal knowledge
Expert Witness regarding the circumstances of the Exhibits 2009
and 2010, which I'm going to hand to you now.

A What do you mean, personal knowledge?

Q Did you receive them in the 2000 time

frame?

A No. I —-

Q Were you CC'd?

Dr. Eli Saber A No. I wasn't. No. I don't mean -- I've
seen these in the confines of this case.

Q So the first time you saw them is after
you'd been retained as an expert in this case?

A That's correct.

Petitioner’s Observations at 6; EX1054 (Saber Tr.) at 567:16-568:10 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 82



Overview

oz United States Patent 0y Patent No.: US 7,436,980 B2
Sigal et al. (45) Date of Patent: Oct. 14, 2008
(34) GRAPHICAL OBJECT MODELS FOR T20.266 BX* 2007 Ozeretal. 382017
ETEC N AN ACKIN . .
PETECTION AND TRACKING FOREIGN PATENT DOCUMENTS
(73) T Leonid Sigal, Provid, RI(US}, Ying EP 1217572 A2 62002
Zhu, Monmouth Junction, NI (US); - —
Dorin Comaniciu, Princeton Jet., NJ OTHER PUBLICATIONS
(us) M. Isand. Fampas: Realwalued graphical models for compuier
. vision, CVPR, val. 1, pp. 613-620, 2003,
(73) Assignes: Siemens Corporate Rescarch, Inc., K. Okuma, A. Teleghani, N. de Freitas, J. Little and D, Lowe. A
Princeton, NI{US) boosted particle filter: Multi-targer detection and tracking, FCCV,
004,
() Motice:  Subject to any disclaimer, the term of this L. Sigal, 8. Bhatin, 8. Roth, M. Black and M, [sard. Tracking loose-
patent is extended or adjusted under 35 gm;’x-f Irmlrltk ('I:’P&\fﬂgt | A Willsky, N .
U.S.C. 1534(k) by 621 L - Sudderth, A. Thler, W. Freeman and A. Willsky. Nenpazarmetrie
by by 691 s befiel propagation. MIT Laboratory for Information and Decision
. Systems Techrical Report P-2351 (Det. 15, 2002),
(21) Appl Na.2 17135210 P Violuand M. Jenes. Rapid ohject ion usinga boosted i
Ciled: " of simple fentures, CYPIL 2001,
(22) Filed: May 23,2008 P Viola, M, Jones and I} Snow. Detecting pedestrians using patterns
(%) Prior Publication Data of motion and appearance, 1CCY, pp. 734741, 2005,
3
US 20050286738 A1 Dec. 29,2005 {Continued)
o Primary Evaininer—Tom Y Lu
Related U.S. Application Data (74) ditarney, Agent, o Firnr—Donald B, Paschbueg; . Chau
(60)  Provisional application No. 60r574.799, filedon May & Assaciates, LLC
T, .
27, 2004 (57) ADBSTRACT

31 Ink Cl
on &m%ﬁ (2006.01) A computer implemented method for object detection
(52) US.CL ., ssygy  includes providing a spatio-termporal sadel for an abject to

, p ling a video including a plurality ofimages
(38) Fleld of Classification Seareh 1;;&?5’:1?3 including the ohject, and measuring the object as a collection ro u n S
See application file et search history. of compenents in each image. The method [urther includes L]
application [ile lor complete search hislory. determining a prehability that the object is in each image, and

[&13] References Clted detecting the chject in any image upon comparing the prob-
abilities for each image to a threshold for detecting the object,

LS. PATENT DOCUMENTS
6597801 BL 2003 Cham e al. 16 Claims, 5 Drawing Sheets

PROVIDING A SPATIO-TEMPORAL MODEL FOR AN QBUECT ‘

22 I

PROVIZING A VIDEQ COMPRISIMG IMAGES INCLUD®G THE
OMECT

303 !

\1 N PONENTS 1 EACH e —‘
R Er—— d. Claims 1-16: Obvious in view of TLP

i [

] DETECTING THE DRIECT INAM IMAGE UPGN COMPASING THE

PROBABILITIES FOR THE IMAGE TO ATHRESHILD FOR
DETECTING THE OBJECT
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Prior Art - TLP (EX1009)

Tracking Loose-limbed People

Leonid Sigal® Sidharth Bhatia® Stefan Roth® Michael J. Black © Michael Isardf

*Department of Computer Science, Brown University Providence, RT 02912
Microsoft Research Silicon Valley, Mountain View, CA 94043

{1s,sibhatia,zoth, black}@cs.brown.edu, misardémicrosoft.com

Abstract

Te pose the problem of 3D human tracking as ane of in-
Sference in a graphical model. Unlike traditional kinematic
free representations, our model of the body is a collection of
loosely- d limbs. Condil probabilities relating
the 3D pose of connected limbs are learned from motion-
captured training data. Similarh, we learn probabilistic
models for the temporal evolution of each limb (forward
and backward in fime). Himnan pose and motion estimation
is then solved with non-paramerric belief propagation us-
ing a variation af particle filtering that can be applied over
a general loopy graph. The loose-limbed model and decen-
tralized graph structure facilitate the use of low-level vi-
sual cues. We adopt simple limb and head detectors to pro-
vide “botiom-up " information that is incorporated into the
inference process at every time-siep; these defectors per-
mit automatic initialization and aid recovery fiom ransient
fracking failures. We illustrate the method by automatically
fracking a walking person in video imagery using four cal-
ibrated cameras. Our experimental apparatus includes a
marker-based motion capture system aligned with the coor-
dinate frame of the calibrated cameras with which we gian-
fitatively evaluate the accuracy of our 3D person tracker.

1 Introduction

We present a fully automatic method for tracking human
bodies in 3D. Initialization and failure recovery are facili-
tated by the use of aloose-limbed body model [22] in which
limbs are connected via learned probabilistic constraints.
The tracking problem is formulated as one of inference ina
graphical model and belief propagation is used to estimate
the pose of the bedy at each time-step. Each node m the
graphical model represents the 3D position and orientation
of a limb (Figure 1). Directed edges between nodes repre-
sent statistical d dencies and these ¢ ints between
limbs are used to form messages that are sent to neighbor-
ing nodes in space and time. Additionally, each node has an
associated likelihood defined over a rich set of image cues
using a leamed Gibbs model [19, 28]. The combination of

Figure 1: Graphical model for a person. Nodes represent limbs

d represent condit 1 ies between limbs. For
clarity only a few temporal dependencies have been shown® in our
model each part 4 at time ¢ is connected by an edge to part ¢ at
times ¢ — Land ¢ + 1.

highly non-Gaussian likelihoods and a six-dimensional con-
tinuous parameter space (3D position and orientation) for
each limb makes standard belief propagation algorithms in-
feasible. Consequently we exploita form of non-parametric
belief propagation that uses a vanation of particle filtering
and can be applied over a loopy graph [13, 25].

There are a number of significant advantages to this ap-
proach as compared to traditional metheds for tracking hu-
man motion. Most current techniques model the body as a
kinematic tree in 2D [14]. 2.5D [17]. or 3D [2, 5. 21, 23]
leading to a high-dimensional parameter space (25-50 di-
mensions is not uncommon). Searching such a space di-
rectly is impractical and so current metheds typically rely
on manual initiahzation of the body model. Additionally,
they often exploit strong priors characterizing the types of
motions present. When such algorithms lose track (as they
always do), the dimensionality of the state space makes it
difficult to recover.

While the full body pose is hard to recover directly, the
location and pose of individual imbs is nuch easer to com-
pute. Many good head detectors exist and limb detectors
have been used for some time (e.g. [18]). The approach
we take here can use bottom up information from feature

Meta 1009

n 1

» Primary reference in Ground IV

2 Graphical Object Models

Following the framework of [1, 2] we model an object as a spatio-temporal directed graph-
ical model. Each node in this graph represents an object or a component of an object at
time (. The direct edges correspond to the leamed spatial and temporal constraints. Each
node has an associated state vector X7 = (z, y, s) defining the component's position and
scale within an image (where z, y, s € R). Finding and tracking of an object is formulated
as an inference over this graphical model.

Unlike the model presented in [2] having a second-layer also allows us
to assume conditional independence of components over time given the whole appearance,
hence reducing the complexity of the overall graphical model.

Petition (Paper 3) at 5; EX1009 (TLP); EX1003 at 5, 6, 12

References

I1] L. Sigal, M. Isard, B.H. Sigclman amd M.J. Black. Attractive pcople: Asscmbling loose-limbed
models using non-parametric belief propagation, Advances in Neural Info. Proc. Sys. 16, 2003.

[2] L. Sigal, S. Bhatia, S. Roth, M.J. Black and M. Isard. Tracking Loosc-limbed People, CVPR,
2004.
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Ground IV: Obvious in view of TLP

Claim 1, ‘980 Patent

Preamble | A computer implemented method for object

Under plain and ordinary meaning

[1] detection comprising: Claim 1 does do not require the spatial
Element | providing a spatio-temporal model for an temporal model (i) to be graphical, (ii) to be
il SlSfiEEE T o eleieetze,) two-layers, or (iii) to include a separate node
Element | providing a video comprising a plurality of Corresponding to the object.

1[b] images including the object;

Element | measuring the object as a collection of Under PO’s D. Del. position

1[c] components in each image;

Element | determining a probability that the object is in TLP taught or rendered obvious a graphlcal
1[d] each image; and model having a node corresponding to the
Element | detecting the object in any image upon object.

1[e] comparing the probabilities for each image

to a threshold for detecting the object.

EX1001 (US 7,436,980) Claim 1 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 85



mangose] 2 [LOOS€-limbed body model

Leonid Sigal® Sidharth Bhatia® Stefan Ro

*Department of Computer Science, Brow
tMicrosoft Research Silicon Valley

{1s,sibhatia,roth,black}acs . browd

Abstract

We pase the problem of 3D human oacking as one af -
ference in a graphical model Unlike wadifional kinematic
tree representations, our model of the body is a collection of
lposely-connected limbs. Conditional probabilities relating
the 3D pose of connected limbs are learned from motion-
caprured traming data.  Similarly, we learn probabilistic
models for the temporal evolution of each limb (forward
and backward in time). Human pose and motion estimation

is then solved with non-parametric belief propagation us-
ing a variation of particle filtering that can be applied over
a general loopy graph. The loose-limbed model and decen-
tralized graph structure facilitate the use of low-level vi-
sual cues. We adopt simple [imb and head detectors to pro-
vide “bottom-up” information that is incorporated into the
inference process at every time-stgp; these detectors per-
mil aufomatic initialization and aid recovery from transient
tracking failures. We illusmate the method by automarically
tracking a walking person in video imagery using four cal-
ibrated cameras. Our experimental apparatus includes a

marier-based motion capture system aligned with the coor-
dinare frame af the calibrated cameras with which we quan-
titatively evaluate the accuracy of our 3D person macker:

1 Introduction

We present a fully automatic method for tracking nman
bodies in 3D. Initialization and failure recovery are facili-
tated by the use of a loose-limbed body model [22] in which
limbs are connected via leamed probabilistic constraints.
The tracking problem is formulated as one of inference ina
graphical model and belief propagation is used to estimate
the pose of the body at each time-step. Each node in the
graphical model represents the 3D position and onentation
of a limb (Figure 1). Directed edges between nodes repre-
sent statistical d dencies and these c ints between
limibs are used to form messages that are sent to neighbor-
ing nodes m space and time. Additionally, each node has an
associated likelihood defined over a rich set of image cues
using a learned Gibbs model [19, 28]. The combination of

TLP Taught or Rendered Obvious a Graphical Model Having a Node Corresponding to the Object

Following the framework in [22] the body is represented by
a graphical model in which each graph node corresponds to
a body part (upper leg, torso, etc.). Each part has an asso-
ciated configuration vector defining the part’s position and
orientation in 3-space. Placing each part in a global coor- |-
dinate frame enables the part detectors to operate indepen-
dently while the full body 1s assembled by inference over
the graphical model. Edges in the graphical model corre-
spond to position and angle relationships between adjacent
{ body parts in space and time, as illustrated in Figure 1.

can be applied overa y 2

There are a number of significant advantages to this ap-
proach as compared to traditional methods for tracking hu-
man motion. Most current techmiques model the body as a
kinematic tree in 2D [14], 2.5D [17], or 3D [2, 3, 21, 23]
leading to a high-dimensional parameter space (25-30 di-
mensions Is not uncommen). Searching such a space di-
rectly is impractical and so current methods typically rely
on manual initialization of the body model. Additionally,
they often exploit strong priors characterizing the types of
motions present. When such algorithms lose ack (as they
always do), the dimensionality of the state space makes it
difficult to recover.

Whale the full body pose is hard to recover directly, the
location and pose of individual limbs is much easer to com-
pute. Many good head detectors exist and imb detectors
have been used for some time {e.g. [18]). The approach
‘we take here can use bottom wp information from feature

Meta 1009

n.1

Figure 1: Graphical model for a person. Nodes represent limbs
and arrows represent conditional dependencies between limbs. For
clarity only a few temporal dependencies have been shown: m our
model each part ¢ at time 7 1s connected by an edge to part 7 at
timest — 1 and ¢ + 1.

————

Petition at 66-67, 69, 72; EX1004, 19 203-204, 220; EX1009 at 2, Fig. 1
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TLP Model Has a Probabilistic Relationship Between Joints Over Time

Patent Owner’s Q Doesn't TLP teach that its loose-limbed
Expert Withess body model requires a specification of the
probabilistic relationships between joints at a
given time instant and over time?
ATTORNEY EKLEM: Objection. Form.
A Yes. You read that correctly.
What does that mean to you?

A  The loose-limbed body model, just like you

see in Figure 1, you have a loose-limbed body
- model requires a specification of the

Dr. Eli Saber probabilistic relationship between joints. So you

have the probabilistic relationship between joints

at a given time instant. So at a given time

instant, you have a probabilistic relationship

between these joints and over time.

Petitioner’s Observations at 7; EX1054 (Saber Tr.) at 611:1-15 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 87



TLP Taught or Rendered Obvious a Graphical Model Having a Node Corresponding to the Object

204.
Petitioners' Expert
TLP’s model for an object to be detected 1s explicitly
expressed as “a graphical model in which each graph node corresponds to a body
part (upper leg, torso, etc.).” EX1009 at 2. Further, “[e]ach part has an associated

configuration vector defining the part’s position and orientation in 3-space. Placing

each part in a global coordinate frame enables the part detectors to operate

independently while the full body 1s assembled by inference over the graphical

Dr. Chandra Bajaj

model.” EX1009 at 2. A POSITA would have found the claimed spatio-temporal
model disclosed or at least rendered obvious in view of TLP, as the nodes

correspond to each of the collection of components and the object.

Petition at 67; EX1004, 9204 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 88



Dr. Bajaj Elaborated in His Supplemental Declaration

Petitioners' Expert
75. A POSITA would have understood from PAMPAS to select a

component of the object (e.g., the torso) to be representative of the object node x:
(1.e., a Ist layer), and to conditionally link all other components of the body (head,

limbs, etec.) forming a 2nd layer of x; nodes. See PAMPAS, Ex1019, § 3.3 Finding

a jointed object 1n clutter.

Dr. Chandra Bajaj

Petition at 25; EX1052 975 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE 89



PAMPAS (EX1019)

PaMPpas: Real-Valued Graphical Models for Computer Vision

M. Isard
Microsoft Research
Mountain View, CA 94043

Abstract

Probabilistic models have been adopied for many com-
puter vision applications, however inference in high-
dimensional spaces remains problematic. As the state-
space af a model grows, the dependencies berween the di-
mensions lead to an exp ial growth in ¢
when performing i . Many common computer vision
problems naturally map onto the graphical model frame-
work; the representation is a graph where each node con-
fains a portion of the state-space and there is an edge be-
fween two nodes only if they are not independent condi-
tional on the other nodes in the graph. When this graph
is sparsely connected, belief propagation algorithms can
furn an exponential inference computation into one which

is linear in the size of the graph. However belief propaga-
rion is only applicable when the variables in the nodes are
discrete-valued or jointly represented by a single multivari-
ate Gaussian distribution, and this rules out many compurer
vision applications.

This paper combines belief propagation with ideas from
particle filtering; the resulting algorithm performs infer-
ence on graphs containing both cycles and continuous-
valued latent variables with general conditional probabiiity
distributions. Such graphical models have wide applicabil-
ity in the computer vision domain and we fest the algorithm
on example problems of low-level edge linking and locating
Jointed structures in clutter.

1. Introduction

Probabilistic techniques for modelling uncertainty have
found widespread success in computer vision. Their ap-
plication ranges from pixel-level image generation models
[13, 7] to tracking in high-level parametric spaces [11, 22]
however as the size of the state-space grows the “curse
of dimensionality™ can cause an exponential growth in the
computations necessary to perform inference. Many proba-
bilistic vision models naturally decompose into a graphical
model structure [14]; basic components become nodes in a
graph where each node is conditionally independent of all

but its near neighbours. When the nodes are image patches
the neighbours may be spatially close in an image. adjacent
levels in a multi-scale representation or nearby time instants
in an image sequence. Alternatively many complex objects
can be decomposed into graphs where the nodes are sub-
parts of the object and an edge indicates that two subparts
are physically connected. The advantage of this representa-
tion is that some formerly exponential inference computa-
tions become linear in the size of the graph.

Exact inference on graphical models is possible only in
restricted circumstances [14]; the (directed) graph must be
acyclic and the joint distribution over those latent variables
which are not discrete must be a single multivariate Gaus-
sian. When a model violates these restrictions. Gibbs sam-
pling can be used to draw approximate samples from the
joint distribution [9] but for most computer vision applica-
tions this technique remains intractable. Approximate m-
ference methods can be used for Conditional Linear Gaus-
stan models [16] mcluding time sertes [3]. Recently two
methods have been widely studied in the computer vision
literature to perform approximate inference on more gen-
eral classes of graph: loopy belief propagation [26] (LBP)
can be applied to graphs with cycles. though it still only ap-
plies to discrete or jowntly Gaussian random varables; and
particle filtering [5] allows the use of very general distribu-
tions over continuous-valued random vanables but applies
only to graphs with a simple linear chain structure.

The restriction te Gaunssian latent variables 1s particularly
onerous in computer vision applications because clutter m
image generation models invariably leads to highly non-
Gaussian, multi-modal posterior distributions. This effect
largely accounts for the popularity of particle filtering in
the computer vision tracking community. In this paper we
describe the PAMPAS algonithm (PArticle Message PASsing)
which combines LBP with ideas from particle filtering. It
has wide applicability in the computer vision domain, and
increases the range of complex continuous-valued models
which admit tractable probabilistic inference. We investi-
gate the behaviour of the algorithm on test problems includ-
ing illusory-contour finding and locating a jointed structure
Additionally we argue that an algorithm which performs

Meta 1019
p.1

3.3. Finding a jointed object in clutter

Finally we constructed a graph representing a jointed ob-
ject and applied the PAMPAS algorithm (combined with the
Gibbs sampler from [24]) to locating the object in a clut-
tered scene. The model consists of 9 nodes; a central cir-
cle with four jointed arms each made up of two rectangular
links. The circle node x1 = (&0, Y0, 70) encodes a position
and radius. Each arm node x; = (z, s, oy, Wy, hy), 2 <
i < 9O encodes a position, angle, width and height and
prefers one of the four compass directions (to break sym-

metry).

The second example of figure 5 demonstrates the power of
the probabilistic modelling approach, since now the circle at
the centre of the object has not been displayed, simulating
occlusion. Of course no x; initialisation samples are gener-
ated near the “occluded” circle, but even after one iteration
the belief at that node has high weight at the correct loca-
tion due to the agreement of the nearby arm nodes. After a
few iterations the belief has converged on the correct object
position despite the lack of the central circle.

Je =
PR R |
| W 3

T —

Petitioner Reply 25; EX1019 (PAMPAS) 6-7 and Fig. 5

Figure 5. A jointed object is located in clut-
ter. Two experiments are shown, with and
without a simulated occlusion. The top two
images show a sample from the joint distri-
bution for each experiment, while the lower
images show the full distributions. The sec-
ond experiment models an occluded object
with no circle present in the image where the
belief has placed it. This experiment uses the
Gibbs sampler from [24] to form the message
product for the central node.

- v
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