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I, Chandrajit Bajaj, declare as follows:

1. INTRODUCTION

1. I am over the age of eighteen (18) and otherwise competent to make
this Supplemental Declaration. I previously submitted a Declaration (“First
Declaration,” Exhibit 1004) containing my opinions in this proceeding.

2. I am making this Supplemental Declaration at the request of
Petitioners Meta Platforms, Inc.; Instagram, Inc.; WhatsApp LLC; Meta Platforms
Technologies, LLC; and GIPHY, Inc. (“Petitioners”™) in the Inter Partes Review of
U.S. Patent No. 7,436,980 (“°980 Patent”) about certain issues that I understand
from counsel relate to arguments presented in Patent Owner’s Response (“POR,”
Paper 26) and the accompanying Declaration of Dr. Eli Saber (“Saber
Declaration,” Exhibit 2004) filed on March 13, 2024, as well as the deposition
testimony of Dr. Saber (“Saber Transcript,” Exhibit 1051) provided on May 30,
2024.

3. I am being compensated for my work in this matter at my standard
hourly rate of $725. I am also being reimbursed for reasonable and customary
expenses associated with my work and testimony. My compensation is not
contingent on the outcome of this matter or the substance of my testimony.

4. I was not asked by Petitioners to provide my opinion about every

argument, contention, opinion, or piece of evidence in Patent Owner’s Response,
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the Saber Declaration, or the Saber Transcript. Rather, I only provide my opinion
regarding certain issues, as explained in more detail below. Accordingly, I have
not formed an opinion about any of the arguments, contentions, opinions, or pieces
of evidence in Patent Owner’s Response, the Saber Declaration, or Saber
Transcript except as I address below (and except to the extent a relevant opinion
may be found in my First Declaration, which I offered before Patent Owner’s
Response, the Saber Declaration, or the Saber Transcript).
5. In the preparation of this Supplemental Declaration and forming my
opinions, I have considered:
e the Board’s Institution Decision (“ID”), Paper 11;
e the documents identified in the Table of Exhibits table above;
e the relevant legal standards, including the standard for obviousness, as I
understand from counsel;
e any additional authoritative documents as cited in the body of this
Supplemental Declaration; and
e my own knowledge and experience based upon my work in the areas of
computer science, applied mathematics, image processing, and computer

vision and visualization as described below.
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II. DR. SABER’S CLAIM CONSTRUCTION OF ELEMENT 1[E]/9|E] IS
INCONSISTENT WITH THE 980 SPECIFICATION AND FILE HISTORY

6. Dr. Saber set forth a claim construction for claim element 1[e]/9[e].
Ex2004, Section VII. That term recites “detecting the object in any image upon
comparing the probabilities for each image to a threshold for detecting the object.”
I understand that Dr. Saber disagrees with the Board’s provisional determination as
to element 1[e]/9[e]. ID at 27. I understand the Board disagreed that “comparing
multiple probabilities from multiple images to a threshold is inconsistent with the
specification’s disclosure of this term.” ID at 27.

7. Dr. Saber’s opinion is purportedly based on “the surrounding claim
language, the patent’s specification, and the patent’s file history.” Ex2004, Section
VIII. I disagree with Dr. Saber that element 1[e]/9[e] requires comparing multiple
probabilities from multiple images to a threshold for detecting the object in any
given image. I believe Dr. Saber is reading in limitations from the 980
specification, which a POSITA would not understand to be a requirement of claims
1 and 9. For example, when asked during his deposition whether claims 1 and 9
require the spatio-temporal model to be graphical (Ex1051 at 69:3-21), Dr. Saber

responded:
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3 Q But does the claim require the model to be
4 graphical?
9 A Well, when you read the claim in light of

6 the specification, as a POSITA I'm reading the

7 claim, you have an object as a collection of
8 components, so you have components that make up
9 the object, how you're putting these components

10 | together in light of the specification, they

11 | propose this graphical, two-layer model.

12 Q Does the claim require a two-layer model?
13 ATTORNEY EKLEM: Objection to form.

14 Q Claim 1.

15 ATTORNEY EKLEM: Object to the form.

16 A Again, when you read the claim in light of

17 the specification, a POSITA would understand that
18 | you are formulating the object, measuring the
19| object as a collection of components in each
20 | image. So you have that essentially design that's

21 | being proposed in this patent.

8. The language of claims 1 and 9 and the *980 specification does not
support Dr. Saber’s understanding and interpretation. For example, as noted in the
Ex2004 at 25, claims 1 and 9 perform the steps of providing, measuring,
determining, detecting, and comparing without using or referring to a graphical

two-layer model.
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9. Dr. Saber’s understanding of the language of claim element 1[d]/9[d]
is also influenced by those (unspecified) graphical two-layer models from which he
states the provided spatiotemporal model is created (Ex1051 at 122:2-17).

2 The next step is, you're determining the

3 probability that the object is in each image.

o That probability is based on the spatiotemporal

S model that you have created in those graphical

6 two-layer models. It's not just based on one

7 component.

8 So you have a spatiotemporal model, you

9 have a two-layer graphical model. You're going to

10 | use that to determine the probability that the
11 | object is in each image, because that's the only
12 | thing would make sense to a POSITA.

13 And then you detect the object in any

14 | image of those video, collection of images,

15| plurality of images, based on comparing the

16 | probabilities for each image to a threshold for

17 | detecting the object.

10.  Dr. Saber’s understanding of claim element 1[e]/9[e] is also
influenced by the specific spatio-temporal model that is created from the graphical
two-layer model, despite any mention of this in the claim language. See e.g.,
Ex1051 at 118:19-119:3 (“So that sentence, ‘detecting the object in any image
instance {sic},’ is essentially using the spatiotemporal model that you have created,

Meta 1052
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and you are doing that based on comparing the probabilities for each image that
you’ve computed from this spatiotemporal model to a threshold for detecting the
object”).

11.  When questioned during his deposition (Ex1051 at 69:22-71:11)
whether the *980 specification contemplated a single object layer, Dr. Saber
acknowledged the “alternative potential,” but concluded that the *980 Patent is

proposing “justification why a two-layer model would be more beneficial”:
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A  Yeah, so that's an alternative potential.
But if you read before that, you can see, "To
integrate temporal constraints, the spatial
graphical models are extended over time to an
arbitrary length temporal window."

So you have a spatial graphical model and
you're doing a temporal thing, as you see in
Figure 2 of the patent.

"The resulting spatiotemporal graphical
models are shown in Figure 2A and 2B." And if you
look at those figures, you'll see essentially a
time axes on top, and with time going from left to
right, and then you see the object layer and the
components layer, and essentially illustrating a
graphical model that's temporally built.

"Having a two-layer graphical model allows

the inference process to reason explicitly about

the object as a whole" - e.g., two or three,
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il because you can talk about the object by itself -

2 "and reduce the complexity of the graphical model
3 by allowing the assumption of the conditional
- independence of components." Because then you can

5 get into the components part of the object. So

6 there is an advantage for doing the two-layer
7 model as they're proposing.
8 Alternatively, he says you can have a

9 single layer model. But obviously what they're
10 | proposing is they're giving you the justification

11 | why a two-layer model would be more beneficial.

12.  Elements 1[c]/9[c], 1[d]/9[d] and 1[e]/9[e] recite:
1[c]/9[c]: measuring the object as a collection of components in each image;
1[d]/9[d]: determining a probability that the object is 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.

13.  These claim 1 and 9 limitations clearly specify image processing
steps, and on an image frame by image frame basis, consisting of measuring the
object as a collection of components, determining a probability that the object is
present, and detecting the (presence of the) object in any image by comparing the
(collection of component) probabilities for each image to a threshold. The prior

limitations recite:

Meta 1052
8 Meta v. VL Collective
IPR2023-00924



[PR2023-00924
Supplemental Declaration of Chandrajit Bajaj, Ph.D.

1[a]/9[a]: providing a spatio-temporal model for an object to be detected;
1[b]/9[b]: providing a video comprising a plurality of images including the object;

14.  As aprecursor 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
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.

15. Despite all evidence to the contrary, and including the prior art that |
cited in my First Declaration, Dr. Saber testified (Ex1051 at 60:11-19) that a part
of the 980 Patent’s inventive contribution is providing a spatio-temporal model to

conduct object detection:
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11 Q So the use of a spatiotemporal model to
12 detect an object, was that well-known in the 2004

13 time frame?

14 ATTORNEY EKLEM: Objection to form.

15 A Again, I think you're misunderstanding

16 | what I'm saying, perhaps. So he's -- in the '980
17 | patent, he's providing -- the authors are

18 | providing a spatiotemporal model to do this

19 | detection. 1It's part of their contribution.

16. In light of the *980 specification, a POSITA would have understood
that “a probability” that the object recited in 1[d]/9[d] is in each image is
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 is trained to determine whether an object is present in an image. 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
in the image.

17.  According to the 980 specification (at 5:32), boosted detectors are
trained for each component N using AdaBoost. Each component N has an

associated weak classifier and the AdaBoost procedure learns a weighted
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combination of the base weak classifiers. The output of the AdaBoost classifier is
a confidence that the object is present in an image where an object is considered
present if the determined confidence is greater than or equal to the threshold
recited at 5:65 of the 980 Patent. The confidence is converted to a likelihood
function that the object is detected in each image. See 980 Patent at 6:1-3. Thus,
a POSITA would have understood that “a probability” that the object recited in
1[d]/9[d] is in each image is determined as a function of the respective
probabilities of the “collection of components™ recited in 1[c]/9[c].

18.  Dr. Saber indicates that his interpretation of 1[e]/9[e] is based in part
on the *980 file history. Ex2004 at 63. However, I do not see any discussion of
the *980 file history in his declaration in support of his interpretation of 1[e]/9[e]. I
have reviewed the *980 file history (Ex1002) and believe the discussion of the
“close” prior art discussed by the examiner in the Notice of Allowance (p. 163)
reflects that the examiner did not understand the claim limitation 1[e]/9[e] to
require comparing multiple probabilities from multiple images to a threshold.

19. The examiner acknowledged (Ex1002 at 163) that:

The “close prior art, U.S. Patent No. 6,597,801 B1, Cham et al, teaches

providing a kinematic model for an object to be detected (column 11,

line 26), providing a video comprising a plurality of images including

the object (figure 4B); measuring the object as a collection of

components in each image (figure 10A); performing feature search

operations for object features by comparing a total probability with a
predetermined threshold (column 3, lines 64-65).
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20.  AsImentioned in my First Declaration, Ex1004 at 944, while the
examiner found (in error) that Cham (Ex1053) did not describe a spatio-temporal
model, he correctly concluded that Cham disclosed the probabilistic framework of
the 980 Patent claims. The examiner’s conclusion that Cham teaches “comparing
a total probability with a predetermined threshold” reflects to me that he too
understood limitation 1[e]/9[e] to require comparing the probabilities of the object
features to a threshold on an image frame by image frame basis in order to
determine the probability that the object is present.

21. The examiner’s conclusion is consistent with my understanding of
Cham. Similar to the *980 Patent, Cham uses a probabilistic framework to identify
occurrences of an object model in an image (6:1-7):

1) an “object model” which describes a target to be located in an input

image; 2) a “comparison function” that determines how well a

specific instantiation of the object model matches the image data; and

3) a "search strategy” that specifies how to systematically identify
occurrences of the object model in the image. {Emphasis added.}

A POSITA would have understood from Cham that the object model is
decomposed into two main components including (i) a set of features and (ii) a
vector of parameters “that encodes the configuration of the features in the image.”
Ex1053, 6:8-13. And a POSITA would have further understood from Cham that
the search for the object could be based on maximizing a “comparison function.”

Ex1053, 3:48-50. According to Cham (3:58-66):

Meta 1052
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The number of required search operations is determined by first finding
search regions within a feature space, where each region has an
associated probability density which exceeds some predetermined
threshold. A total probability is then formed by summing the
probabilities associated with each of the found search regions. If the
total probability i1s less than the predetermined probability, the
threshold is lowered and new regions are found and the probabilities
summed.

22. A POSITA would have understood this passage, among others, to
mean that the total probability that an object is in an image frame is compared to a
“predetermined probability” threshold on an image frame-by-image frame basis.
The threshold is empirically adjusted; however, the probabilities are always
determined for a single frame. A POSITA, and apparently the 980 Examiner,
would not have understood Cham to teach comparing multiple probabilities from
multiple images to a threshold to detect the object.

III. THE 980 PATENT DOES NOT DISTINGUISH THE 1-FRAME WINDOWED
SMOOTHING ALGORITHM SCENARIO FROM THE PURPORTED INVENTION

23.  Dr. Saber concludes in 469 of his declaration, Ex2004, that
“interpreting the claims to encompass detecting an object based on a probability
for a single image (i.e., the w=1 ‘single frame component-based fusion’) would
ignore invention’s purpose and function described in the specification.” I disagree.

24.  In support of his conclusion, Dr. Saber opines that (1) the 1-frame
windowed smoothing algorithm (““w=1"") does not achieve the purpose or function

of the "980 “invention” and (i1) the *980 Patent demonstrates via a real-world
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comparison of its 3-frame (w=3) analysis with the w=1 scenario that the w=1

scenario had “poor” performance. I address both (i) and (i1) next.

25.

According to Dr. Saber (67):

A POSITA would have also considered that object detection based on
a multi-image analysis is fundamental to the purpose of the invention,
which is to provide “[o]bject detection that considers the consistency of
the detection over time,” meaning based on multiple images.
{Emphasis in original. }

26.

Further, during his deposition (Ex1051 at 129:13-131:12), Dr. Saber

testified that the *980 Patent “invention” requires a multi-image analysis for

initialization of the spatio-temporal model:

13
14

15

20

21
22

Q Everything you just stated in your answer
is applicable to a single frame, W equals 1. It
has nothing to do with each frame having a
separate probability, and comparing each one of
those probabilities to a threshold, correct?

ATTORNEY EKLEM: Objection to form.

A Totally incorrect. Absolutely incorrect.

Q Well, let's do it piecemeal. What did you
just say that's inapplicable to a single frame?

ATTORNEY EKLEM: Objection to form.
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A Well, you have a graphical model that's
spatiotemporal, right? So you have defined the
graphical model if you've defined the
spatiotemporal apportionment. That by itself,
that temporal, is more than one frame.

Q How about the initialization?

A Well, the initialization, you initialize
it on the first, let's say two or three frames
that you've receive, but you still need the
temporal aspect of it.

Q For the initialization you need the
temporal aspect?

A Even with the initialization. So you're
going to get the first, say, series of frames,
get first four, five, six; you initialize the
spatiotemporal model. You need to collect --
buffer a few frames to do the spatiotemporal
model.

Q So the initialization can't be based on
pattern recognition and scaling on the first
image?

ATTORNEY EKLEM: Objection to form.

15
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1 A You would need to collect -- because you

2 have to initialize the spatiotemporal model. You
3 have a model that has spatial parameters and

4 probabilities and temporal parameters and

> probabilities. So you can't just say, well, I'll

6 just get my image, one image, and I'll do this.

7 You're going to collect a series of images 10, 15
8 frames, whatever. You're going to collect a

9 series of images. You're going to initialize your

10 | model in those images, and then start basically
11 | moving it as you add more images into -- into your

12 | sequence.

I disagree.

27. A POSITA would have understood from the *980 claims and
specification that providing a spatio-temporal model (e.g., human or car) consists
of specifying the object to be detected and tracked, as a set or collection of
components, each with spatial dimensions that are measurable, and with the ability
of this component collection object model to change configuration in time. The
initialization is the beginning of the sequence of detection and tracking of the
object presence in the first image (for e.g., of a human walking sequence or a
moving car sequence ) and follows the image processing limitations of claims
1/9[c]-[e] of measuring the object as a collection of components in the first image,

determining a joint probability that the object is present in the first image, and
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further detecting the (presence of the) object in the first image by comparing the
(collection of component) probabilities of the first image to a threshold. After the
initialization, the process is repeated for each image on an image frame by image
frame basis of the provided video image sequence.

28.  Furthermore, when determining the joint probability (likelihood) of an
object and each of its components being present to calculate the joint probability
(likelihood) that an object is present in a current image frame I(j) could be
accomplished without fusing or combining probabilities from a previous image
frame I (j-1) and/or future image frame I(j+1) via Belief Propagation (“BP”).

Note, that in general the operation is specified as working on previous image frame
I (j-(w-1)/2) and/or future image frame I(j+(w-1)/2) for w > 1. The process for w=1
is also included and accomplishes all its image processing steps as described by
operating only on the image frame I(j), as the previous and future in this scenario is
only the current 1(j-0) = I(j).

29. In this single image frame processing without windowing (i.e., the
w=1 scenario), BP is performed between the likelihoods of multiple components
present within the image frame for their spatial location and spatial connectivity of
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. Thus, even though the
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ability to disambiguate an object in a current frame by referencing the probabilities
in the previous or future frame may be lost when w=1, the ability to disambiguate
the object in the current frame alone is still possible after multiple iterations of the
BP algorithm. See, e.g., Ex1019 (“After initialisation the PAMPAS algorithm
using the Gibbs sampler ... for the circle’s messages and belief is iterated without
further recourse to the “feature detector” information.... After two or three
iterations the belief distribution has converged on the object.”)

30. Dr. Saber did acknowledge during his deposition (Ex1051 at 94:9-19),
however, that the first time an object is detected in an image frame, an object must

be detected without the benefit of motion information from a prior image frame:

9 A So you detect it. You don't have a

10 | velocity at that point because you only have one
11 frame. And let's say you're capturing that 30

12 | frames a second. So I just have a first frame.
13 Now I see it in the next frame, I start to
14 | establish, okay, it looks like it's moving at

15| 60 miles an hour. So I start to establish a

16 | rapport, right? And as you see it more and more
17 | frames, your models become more and more accurate

18 | in tracking the object because you're -- you have

19 | historical information from prior frames.

31. The 980 Patent (at 7:56-8:3) compares a “simple fusion scheme” to a

3-frame spatio-temporal object model, which was shifted in a tracking centric way
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over time, to disambiguate the BP inference process for determining the
probability that an object is in each image. Dr. Saber opines in 69 of his
Declaration that the “simple fusion scheme” used in the experimental comparison
is the w=1 scenario and that “A POSITA would have understood the specification
to be contrasting the claimed invention with a known technique to highlight the
function of the claimed invention.” I disagree. To the extent that a POSITA would
have understood the “simple fusion scheme” used in the experimental comparison
to be the w=1 scenario, the POSITA would have understood the 980 specification
to be highlighting the benefits of using the 3-frame smoothing window, not
distinguishing the w=1 scenario from the subject matter recited by the *980 claims.

32. While employing a 3-frame smoothing window may improve
detection and tracking relative to the w=1 scenario, the 980 specification
expressly indicates that w 1s an odd integer > 1. If w=1 was not intended to be
included, then the specification could have indicated that w is an odd integer > 1 or
w is an odd integer > 3. That is not the case here.

33.  Further (and contrary to Dr. Saber’s deposition testimony at, for
example, 130:11-131:12 and 225:18-226:13), the w=1 smoothing window scenario
is completely applicable to the image processing limitations (steps)

1[c,d,e]/9][c,d,e] and to the providing steps 1[a,b]/9[a,b].
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34. The image frame by image frame processing limitations process each
image frame individually without any fusion from neighboring frames. Namely,
element 1[c]/9[c] “measuring the object as a collection of components in each
image” is performed on the current image, relying only on the image processing in
that current frame. A POSITA would have understood that this measurement
image processing element 1[c]/9[c] is individually performed on a current image
frame, and sequentially image by image for each image of a video.

35. With regard to elements 1[d]/9[d] “determining a probability that the
object is 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 is 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 is, under the w=1 scenario, steps 1/9[c], [d] and [e] is performed image frame
by image frame of the video image sequence, without any fusion from previous or
future image frames, using the multi-component object probabilities for detecting
the presence of the object in each image frame. A POSITA would have known
that windowed smoothing using probabilities from previous and future frames was
optional and straightforward. See Attractive people, Ex1015 at 7 (“forward-
backward smoothing, either over a time window or an entire sequence, is straight

forward.”).
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IV. A POSITA WouLD HAVE KNOWN THE BENEFITS OF EXTRAPOLATING
MOTION INFORMATION FROM PRIOR AND LATER FRAMES AS CLAIMED IN
CLAIMS 4/12

36. Dr. Saber indicates in 4119 (regarding dependent claims 4/12) that I
provide no explanation how the references discussed in my First Declaration
support my conclusion that analyzing data in image frames from video by using
measurements from adjacent frames, including previous and later frames, was
widespread and commonly understood in image processing.

37.  As I stated in my First Declaration (4109), analyzing data in image
frames from video by using measurements from adjacent frames, including
previous and later frames, was widespread and commonly understood in image
processing. See Attractive People, Ex1015 at 7 (“forward-backward smoothing,
either over a time window or an entire sequence, is straight forward.”).

38. A POSITA would have further understood the spatio-temporal
inference of a correct walking sequence would operate on each image frame for
detecting spatial information of the human, and additionally that tracking occurs
across multiple consecutive image frames, spanning each image frame, so the
entire spatio-temporal walking sequence is a correct spatio-temporal detection in
each image frame and for the entire walking sequence. See, e.g., Ex1011 at1,9
which details an approach for generating spatio-temporal models that “allow[]

accurate temporal extrapolation” and have “uses for tracking, recognition and data
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compression of deformable or articulated objects undergoing complex motions.”

See also Ex1011 at 3 below:

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
x¥) each consisting of n control points.

=R P s ER )
with x'%), x(1) x(?) observations 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.
The corresponding nodal velocities 11'*) and nodal accelerations 1i'*) are then calculated
by finite difference approximations.

39. Figure 5 of Ex1011 shows the approximation of a spatio-temporal
shape model walking sequence (bottom row (b)) x () , given the input video image
sequence (top row (a)), through measurement estimations of shape displacements
in each image frame (k), and finite difference estimations of velocity ‘%",
acceleration i'" between 3 adjacent image frames ! = 0. A%, 2A%, and with temporal

consistency along the entire walking sequence.

NAARMAANAL

(a) input walk sequence

NAAAAAAAAAA L

(b) approximated sequence (24 parameters)

Figure 5: Modeling a walk sequence
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V. STEFFENS’ WAVELET-BASED APPROACH IS NOT FUNDAMENTALLY
DIFFERENT FROM OR INCOMPATIBLE WITH ZHAO’S CONTOUR-BASED
APPROACH

40.  Dr. Saber states in 4129 of his declaration that “[a] POSITA would
have understood that Steffens’ wavelet-based approach is fundamentally different
from, and thus incompatible, with Zhao’s contour-based approach.” This not true.

41. A POSITA would have known that Steffens and Zhao each similarly
concern methods for spatio-temporal object detection and tracking in video
images based on multi-component dynamic object models and similarity matching
in image frames incorporating motion information across frames. During his
deposition (Ex1051 at 258:9-259:14), Dr. Saber’s answer to a direct question of
whether Steffens employs a spatio-temporal model, instead acknowledges that
Steffens concerns head and multiple landmark detection and recognition in video

images and employs motion information:
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Q I didn't ask for whether there was any
probabilities used at this point. I was just
asking, does Steffen employ a spatiotemporal
model?

ATTORNEY EKLEM: Objection to form.

A Well, I mean, it's important to
distinguish things. So it's -- it's -- you want
to be very clear. Steffen has essentially -- if
you look at Figure 1 of Steffen, you have a video
RAM 28 coming in, so you have video imagery coming
in; you have head detection and tracking in 14,
right, using a head detection and tracking
process; and then you have preselector; you have a

landmark finding that we've been talking about,

24
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and you have a landmark tracking. And then you
have an identifier.

So essentially you're doing -- you know,
like if you look at column 3, I'm on line 57,
"Depending on the nature of the image data, the
head detection model uses one of a variety of
visual pathways which are based on, for example,
motion, color, or size (stereo vision) topology or
pattern."”

So it is potentially employing some motion
information, but that's completely different from
what's being discussed in the '980. 1It's not --
it's not an apple-to-apple discussion or

comparison.

Further, Dr. Saber takes an inconsistent position that a POSITA would

take as to the teachings of Steffens. For example, Dr. Saber acknowledges that

Steffens discloses coarse “landmarks” and higher resolution “landmarks,” but

draws an artificial distinction between “components” and “landmarks.” See

Ex1051 at 253:8-266:10. Dr. Saber makes the same artificial distinction between

similarity and probability, arguing that “a similarity measure [1s] not a probability,”

even though the more similar two vectors are, the higher their dot product and the

closer to 1 the scalar product would be “if [] normalized.” See Ex1051 at 253:8-

266:10. In my opinion, just because Steffens does not use identical terminology as
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the 980 Patent does not mean a POSITA would not understand that the same
concepts are disclosed in Steffens as that claimed by the purported invention of the
980 Patent. Here, a POSITA would understand Steffens’ disclosure about
“landmarks” and “similarity” to be discussing “components” and “probability” as
used in the 980 Patent, as I detail below.

43.  As stated in Steffens and in my First Declaration (e.g., 4955-59) and
summarized here, Steffens indeed details a method for “detecting objects in video
images, such as human faces, and tracking and identifying objects in real time.”
Ex1007 at 1:14-17. According to Steffens, “[t]he object identification and
recognition process uses an image processing technique based on model graphs
and bunch graphs that efficiently represent image features as jets.” /d. at
1:44-47.

44.  Also as stated in my First Declaration (9135-136) and repeated here,
Steffens discloses that its model graph, illustrated in Figure 12 with nodes
corresponding to a collection of components, is spatio-temporal and designed for

detecting and tracking a human face in video:
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0 right eve pupil

1 left eye pupil

2 top of the nose

3 right corner of the right eyebrow
4 lett corner of the right eyebrow
5 right corner of the left eyebrow
6 left corner of the left eyebrow
7 right nosiril

8 tip of the nose

O left nostril

10 right corner of the mouth

11 center of the upper lip

12 left comner of the mouth

13 center of the lower lip

14 bottom of the right ear

15 top of the nght car

16 top of the left ear

17 bottom of the left ear

FIG. 12

Ex1007 at 13 (Fig. 12).

45. To improve computational efficiency, Steffens (similar to Zhao)
teaches a “coarse-to-fine” approach using fewer nodes. Ex1007 at 15:32-41. After
coarse landmark finding has been achieved, higher precision localization may be
performed on higher resolution images for precise finding of a particular facial

feature. An example of the coarse-to-fine procedure is illustrated by Figure 14:
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)
:
\

raaray
—

FIG. 14

Ex1007 at 15 (Fig. 14)

46. Regarding the “spatio” element, for its model for an object to be
detected, Steffens says that “the nodes of the labeled graph refer to points on the
object and are labeled by jets,” and “[e]dges of the graph are labeled with distance
vectors between the nodes.” Ex1007 at 8:58-60. Further, “[n]odes and edges
define the graph topology. Graphs with equal geometry may be compared.”
Ex1007 at 60-62. Accordingly, a POSITA would have understood that “spatial”
elements are used for an object to be measured. For example, by incorporating the
“distance vectors between the nodes,” the model is incorporating spatial
information for an object to be detected. As such, Steffens disclosed the “spatio”

aspect of the spatio-temporal model or at least rendered it obvious.

Meta 1052
28 Meta v. VL Collective
IPR2023-00924



[PR2023-00924
Supplemental Declaration of Chandrajit Bajaj, Ph.D.

47.  Steffens further explains, “[w]hen matching a bunch graph to an
image, each jet extracted from the image is compared to all jets in the
corresponding bunch attached to the bunch graph and the best-matching one is
selected. This matching process is called elastic bunch graph matching.” Ex1007
at 9:29-34. When “the object is in a sequence of images ... the step of detecting
an object further includes tracking the object between image frames based on
a trajectory associated with the object. Also, the step of locating the nodes
includes tracking the nodes between image frames and reinitializing a tracked
node if the node’s position deviates beyond a predetermined position
constraint between image frames.” Ex1007 at 2:6-13.

48. Notably, Zhao too incorporates a “coarse-to-fine modeling of human
shapes” that merges body parts. These “merged parts are also modeled with

ribbons.” Ex1006 at 46. Figure 2.7 of Zhao illustrates this procedure:
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hand forearm arm

Figure 2.7: Generating merged body parts

Ex1006 at 45. As such, Zhao’s teachings can handle the challenging problem of
“shape variation from clothing” that “may drastically change the appearance of a
person.” Ex1006 at 45-46. Accordingly, Zhao’s object model, which is a “coarse-
to-fine”” model, includes “levels between the whole body [i.e., the object] and the
major body parts to include the merged body parts [i.e., the collection of

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

Figure 2.8: Assembling the human models
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Ex1006 at 46, 48 (“all parts are organized in a hierarchy to facilitate coarse-to-fine
shape decomposition and classification”).

49.  While Steffens focuses its object detection method on facial
recognition using “confidence values” which “indicate the reliability of face
detection and which are generated during bunch graph matching,” Steffens and
Zhao each similarly concern object detection and recognition in video images
based on multi-component, spatio-temporal graphical models and probabilistic
matching. Zhao’s object model is a graphical model with nodes corresponding to
an object and a collection of its components. Zhao explains (Ex1006 at 42),
“[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 parts are
constrained to connect to each other at the joints.”

50. Similarly, Steffens defines a bunch graph, as illustrated in Figure 11.
A bunch graph is a data structure like an image graph, which “is used to describe
the aspects of an object.” Ex1007 at 8:56-57, 9:22-25. Moreover, in Steffens, a
model graph that is designed for finding a human face is illustrated in Figure 12
with nodes corresponding to a collection of components.

51.  Dr. Saber states in 130 of his declaration that “Zhao teaches away
from combining Steffen’s wavelet-based bunch graph approach with Zhao.” 1

disagree. Dr. Saber’s conclusion is apparently based on a misunderstanding of
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normalized similarity measures and their relationship to probabilities. When asked
during his deposition whether Figure 21 of Steffens illustrates matching and
tracking of a face (Ex1051 at 262:15-264:18), Dr. Saber incorrectly concludes that

Steffens’ similarity measure “has nothing to do with probability at all.”

15 Q Does Figure 21 of Steffen illustrate

16 | matching and tracking of a face?

17 ATTORNEY EKLEM: Objection to form.

18 A So Figure 21, you see it has a

19| transformation into the Gabor space, which is

20 | essentially like a wavelength decomposition, and
21 | then you have a frontal bunch graph matching,

22 | essentially, so you have graph matching each
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see that little white stuff on the figure?

Q Yes.

A And you see how it goes to the next one,
and as it goes to the one on the right? So you
have the initial graph and the final graph, you
get that SF, the similarity has gone up to .74.
And when you go to the next one in the rotations,

you see the graph, and the similarity goes up to

.96. And then that's for the left one and for the

right one.

So he's essentially doing a similarity
measure that's based on the scale of product.
There is no discussion of probabilities here at
all.

And you look at the formula, it will tell
you exactly that. So if you look at the formula
for -- look on column 9, line 55 or 50 -- or 63,
whatever. Either one of them. So he said, "The
similarity of two jets" -- so I'm reading the
sentence above it: "If the components of the

Jet G are written in the form with amplitude AJ

33
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1 and phase phi J, the similarity of two jets, J and
2 J', is the normalized scalar product of the

3 amplitude vector."

4 So you see S, J, J' is equal to the scalar
5 product of A, J, A, J' sum. And to normalize it

6 so it doesn't go beyond 1, he divides it by the

7 total sum of both of them, the total sum of the

8 square of the product of both of them. So this

9 way it's normalized.

10 But that's a similarity. That's like a

11 | dot product. It's a scalar product, essentially.

12 | That has nothing to do with probability at all.
13 Q What if the similarity is 1?

14 A Similarity has nothing do with

15 | probability. There is no probability discussion
16 | here. There is no probability in this whole

17 | patent. I bet if you search on the word

18 | "probability," it's not there.

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.
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If the graphs have relative distortion, a second term that
accounts for geometrical distortions may be introduced. Two
different jet similarity functions are used for two different, or

~ . e
even complementary, tasks. If the components of a jet J are
written in the form with amplitude a; and phase ¢;, the °

. . . . e % . .
similarity of two jets J and J'is the normalized scalar
product of the amplitude vector:

Z a_;czf/« @) 55
VX diy a?

N

The other similarity function has the form o

’ ’ =L 5
N Z ajaicos(d; —L/)j—dl\'j) ©)

S(J. J ) = -
\/Z afz a}:

53.  With reference to Figure 21, Steffens discusses (Ex1007 at 14:41-61)
a landmark finding process which attempts to match each bunch graph model
(from a family of related bunch graphs) to an input image in order to determine the
pose or size of the head in the image. According to Steffens, the graph that best
corresponds to the pose given on the image has the highest similarity. Therefore a
POSITA would understand that Steffens teaches a probabilistic measure of
similarity of a bunch graph model that best corresponds to the pose given in the
image through its normalized similarity functions.

54.  Similar to Steffens, Zhao presents what it refers to as a “recursive

context reasoning” (“RCR™) algorithm to accurately locate the joints between body
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parts as part of “an integrated human shape modeling, detection, and body part
localization vision system.” Ex1006 at 26, 97. Zhao’s contour-based approach is
implemented using a Bayesian probabilistic framework and Steffen’s wavelet-
based approach can be implemented using a probabilistic framework for object
detection in lieu of a confidence-based similarity measure.

55. Applying a Bayesian (probabilistic) framework such as taught by
Zhao to Steffens’s matching technique would have been obvious to a POSITA. A
POSITA would have been motivated to use Zhao’s probabilistic framework to
perform Steffen’s similarity analyses in graph matching since Zhao was also using
normalized similarity measures ranging between [0,1]. See Ex1004, 9125.

56. Moreover, Dr. Saber’s confusion about probabilities further extended
to his interpretation of Zhao’s Bayesian probability similarity measure. When
directly asked about the numbers stated above Figure 3.1. of Zhao, Dr. Saber first
denied that Zhao taught detection probabilities of the object by itself in the image
and also as a collection of components. Ex1006, Figure 3.1; Ex1051 at 232:13-

235:12.
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Figure 3.1: Examples of the calculated P (person|H) given the degeneration factor o = .9

and the contour parts matching the model parts exactly

55 5 .84 92 1
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So in Figure 3.1, each drawing, 1if you

will --
A Yes,
3 =-- there are five drawings --
A Yes,
3 —-—- they all reflect a single person, which

is the object, correct?
A Well, it's the grouping of cbject parts
where the first one just has one thing and the

next one has three and the next one has five. So

Just essentially it increases as you go all the
way to the right =side, where you have the full
human body.

0 And the probability that the left drawing,

the oval, is a person is .55, correct?
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S0 this .55, .75, whatever, is kind of
like a similarity measure. So in essence it
represents a probability, but it's in the spatial
domain. There is no temporal of any kind here.
This is all essentially spatial.

2 But it's the probability that the object

is in an image, correct?

A Well, it's -- essentially it's talking
about the contour and how well does the contour
matches that as, =say, of a2 human, right?

o Correct.

38 Meta v. VL

Meta 1052
Collective

IPR2023-00924



10

11

12

13

14

le

17

18

19

20

[PR2023-00924
Supplemental Declaration of Chandrajit Bajaj, Ph.D.

A So the contour that you're looking at, how
well does that match a person, if the person is
what I'm interested in? The closer it matches the
person, the higher this number gets. And the
lesser it matches a person —- like the ellipse on
the left, it obviously doesn't match a person very
well so he gave 1t a .55 weighting, indicating
that it's -- it's not wvery good, right? And 1
would be like it matches a person very well.

2 So doesn't it reflect that in the first
picture only one object is detected, the owal?

A Yes,

0 And therefore the probability that that
oval is a human is .55, correct?

A Generally speaking, yes.
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1 2 Therefore there is a preobability that the
2 object, including the three components, or

3 composed of the three components, the probability
4 that that is a human is .75, correct?

5 A Generally speaking, ves.

I:\.I
W
e
=
(o}
—+
]
1
=
1

in the next picture, the system

T has now detected five components, and therefore

8 the probability that that owverall image is a human
| iz .84, and =so on, correct?
10 A Yes. I mean, if you loock at the caption

11 | of the figure it says, "Examples of the calculated

12 | preobability of a person given the hypotheses."

57.  To his credit and on further questioning, Dr. Saber additionally
acknowledged that Zhao, like Steffens, resort to a similar coarse to fine procedure
of matching based on probabilistic similarity measures, where the probability is
computed for the object alone (first layer) and then for the collection of
components (second layer). Hence as I stated in my First Declaration, Steffens’
wavelet-based approach is not fundamentally different from or incompatible with
Zhao’s contour-based approach.

VI. A POSITA WouLD HAVE UNDERSTOOD THAT OZER’S “ACTIVITY”
CLASSIFICATION ENCOMPASSES OBJECT TRACKING

58.  Dr. Saber states in 150 of his declaration that:
Meta 1052
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Dr. Bajaj’s reliance on Ozer’s “Classifying Over Multiple Frames” is
misplaced, as that part of the process is the separate “high level” process
for classifying “activities,” not the object.

And during his deposition (Ex1051 at 274:2-19), Dr. Saber mischaracterizes Ozer

as just classifying activities (such as a human walking), and that not the same as

tracking a moving object (the walking human) over multiple image frames.

10
11
12
13
14
15
16
17
18

19

59.

Q What does "activity" mean to you in the
context of the '266?

A Let's say a human is walking, right?

You've got activity, right? The human is walking.
So you're looking at the different location of the
hands to say, okay, it's walking, it's an
activity.

Q Over time?

A But the detection of the object is done in
the frame. You look at the next frame, you can
see the motion of the hand from one point to the
other geometric features. There is no probability
here. There is no discussion of probabilities in
this case. There is no --

Q 1Isn't the hidden Markov model a
probability?

A Well, the hidden Markov model talks about

the different states of the activities, right?

As I stated in my First Declaration , my reliance on Ozer’s

“Classifying Activity Over Multiple Frames” is detecting and tracking the presence

41
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of the moving object in multiple frames, is not misplaced. As I explained in §193
of my declaration, Ozer teaches (7:33-45):
The movements of the object parts are described as a spatio-temporal
sequence of feature vectors that consist of the direction of the object
part movement. The system checks direction of the movements of the
object parts for a number of frames and calculates the probabilities of
the activities with the known activities by using Hidden Markov

Models and chooses the pattern with the highest probability as the
recognized activity in these frames (408). {Emphasis added.}

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
models for its inference of the motion (e.g., walking activity) from video of the
spatio-temporal model.

61. As I stated in my First Declaration (61), Ozer teaches a method to
“detect, recognize, and analyze people or other objects” in video images. Ex1008
at Abstract. Ozer’s method can be applied in the context of “security check points,
public-places, parking lots, or in similar environments under surveillance to detect
the presence of certain objects of interests (e.g., people), and to identify their
activities for security and other purposes in real-time.” Id. As Ozer details,

“[o]bject detection is achieved by matching the relational graphs of objects with
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the reference model. This method maps the attributes, interprets the match and
checks the conditional rules in order to index the parts correctly.” Ex1008 at 4:24-
27. “For example, if the object of interest is a human body, the system will first
detect different object parts, e.g., hands, head, arms, legs, torso and compare these
part attributes with the human model attributes via graph matching.” Ex1008 at
4:38-41.

62. When performing object detection, each extracted part of an image
“corresponds to a node in the graphical representation of the object of interest ...
The combination of segments is controlled by the reference model and by the rule
generator.” Ex1008 at 7:8-31. Accordingly, “[t]he output of the graph-matching
algorithm is the classified object parts.” Id. at 7:34-35.

63.  Further, Ozer teaches that after the detection of the object parts, the
system is 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.

64. A POSITA would have thus understood that Ozer classifies and tracks

object parts over multiple frames.
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VII. THE JOINT PROBABILITY DISTRIBUTION RECITED IN CLAIM 8/16 IS THE
SAME PAIRWISE MARKOV FIELD REPRESENTATION OF A SPATIO-
TEMPORAL GRAPHICAL MODEL DISCLOSED BY TLP AND PRIOR ART
CITED IN MY FIRST DECLARATION

65. Dr. Saber provides multiple reasons (e.g., 1167-170) why he
disagrees that the joint probability distribution formulated in claims 8/16 would
have been well known to a POSITA and is also described by TLP “for its concept
of non-parametric belief propagation.” Dr. Saber first argues (§168) that “TLP
does not disclose or render obvious a model with object-level nodes or object-level
constraints, which are required by the probability distribution of claims 8/16.”
And Dr. Saber further argues (169) that “TLP’s Figure 1 confirms the absence of
object-level nodes and the absence of object level temporal constraints (directed
edges).” 1 disagree with Dr. Saber’s arguments and elaborate why.

66. First, a joint probability distribution for the spatio-temporal model
with N components is for any N, as shown in claims 8/16 (repeated below).
Hence, and contrary to Dr. Saber’s statement, the lack of a certain specific node or

having extra nodes does not affect the formula of the joint probability distribution.
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67.

As stated in my First Declaration, this joint probability distribution is

also disclosed in TLP (Ex1009 at 4) (“we use a form of non-parametric belief

propagation [13 [Ex1019 PAMPAS], 25 [Ex1012 Sudderth]]”). I’ve included

relevant excerpts from teachings of Ex1019, PAMPAS, that would have been well

understood by a POSITA as teaching the same joint probabilistic distribution

formulas of claim 8/16 and using the same belief propagation approach of the 980

Patent.

Belief propagation can in general be stated using a pair-
wise MRF formulation [26]. Consider a set of latent-
variable nodes X = {X3,..., X} paired with a set of
observed nodes Y = {Y1,..., Ya}. The conditional inde-
pendence structure of the problem is expressed in the neigh-
bourhood set P. A pair of indices (7, j) € P if the hidden
node X; is not conditionally independent of X; given the
other nodes in the graph, and in this case we say X is a
parent of X ; and by slight abuse of notation i € P(j).

For tutorial simplicity, when the X; are discrete-valued
random variables we assume each takes on some value
z; € {1,...,L} = L. Given a fixed assignment to )
the observed and hidden nodes are related by observation

45
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functions ¢;(z;,y;) = ¢i(x;) : L — R. Adjacent hidden
nodes are related by the correlation functions ;. (z;, z;) :
L x L — R. The joint probability over X is given by

P(X) = % I i), =) (H ¢7L($z’)> . (D)

(i,5)€P

The belief propagation algorithm introduces variables
such as m;;(x;) which can intuitively be understood as a
message from hidden node ¢ to hidden node j about what
state node j should be in. Messages are computed itera-
tively using the update algorithm

mij(z;) — Y | dil@)ij (s, z)  [] muiz:)

x, €L keP(i)\j
(2)
and the marginal distribution of X; (the node’s belief) is
given by
JEP(4)

68. I have also included relevant excerpts from teachings of Ex1012,
Sudderth, that would have been well understood by a POSITA as teaching the
same joint probabilistic distribution formulas of claim 8/16 and using the same

belief propagation approach of the 980 Patent.

Meta 1052
46 Meta v. VL Collective
IPR2023-00924



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 defined as 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. Letz = {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

otential functions, for which p (x, ) factorizes as

H ¢s‘t (-Ts; xt) H Vs (x57ys) )

s,t)eE sey

1
p(way): Z
(

However, the nonparametric updates we present may be di-
rectly extended to models with higher—order potentials.

69.
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2.1. Belief Propagation

For graphs which are acyclic or tree—structured, the de-
sired conditional distributions p (zs | y) can be directly cal-
culated by a local message—passing algorithm known as be-
lief propagation (BP) [16,24]. At iteration n of the BP al-
gorithm, each node ¢ € V calculates a message m7, (z5) to
be sent to each neighboring node s € I'(¢):

my, (Ts) = 04/ Vst (Ts, Te) Pt (e, Y1)
X H mi ! (z,) dzy  (2)

u€el'(t)\s
Here, o denotes an arbitrary proportionality constant. At
any iteration, each node can produce an approximation
P"(zs | y) to the marginal distribution p (zs | y) by com-
bining the incoming messages with the local observation:
P (zs | Y) = o (s, Ys) H my (.’Es) 3)

tel(s)

TLP presents a probabilistic method for human detection and tracking

in 3D. TLP uses a loose-limbed body model in which the limbs are connected via
learned probabilistic constraints. Specifically, TLP describes a graphical model for
detecting objects, such as a human, that comprise of nodes corresponding to the
object’s constituent parts. Edges in the graphical model correspond to position and
angle relationships between adjacent body parts in space and time, as illustrated in

Figure 1:
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1*' Layer node |
is labelled 0

O
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™ Layer | e W LA
nodes are
labelled 1 -9

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 t is connected by an edge to part i at
times{ — 1 and ¢ + 1.

Ex1009 at 1 (Figure 1 Annotated).
70.  Despite my discussion of TLP in my First Declaration, Dr. Saber

testified during his deposition (Ex1051 at 111:2-21) that I provide no explanation

how TLP determines the probability that an object is in each image:
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1 So obviously I disagree. "Dr. Bajaj

2 provides no explanation as to how this,

3 'probabilistic method,' which determines a limb
4 likelihood, i.e., component likelihood, is

5 'equivalent,' to determining the probability that
6 the object is in each image."

7 The next paragraph is where the analysis
8 begins.

9 Q I'm sorry, please continue.

10 A So the next paragraph is where the

11| analysis begins. It says, "TLP makes clear to a

12 | POSITA in its model, 'each node in the graphical

13 | model represents...'" it's a whole description
14 here, "'a limb,'" we show that in Figure 1 in TLP,
15 "i.e., component," and this quote is from

16 | Exhibit 9 at 1.

17 And the next paragraph says, "A POSITA
18 | would have understood that TLP's model does not
19| include nodes that represent the object, only

20 | components referred to as limbs or parts."

21 So I think that answers your question.

71.  Tracking in TLP is formulated as “one of inference in a graphical
model and belief propagation is used to estimate the pose of the body at each time
step.” Ex1009 at 1. TLP indicates that the body is treated as a graphical model,
where each node in the graph corresponds to an independently parameterized body

part. The spatial constraints between body parts are defined as directed edges in
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the graph. Each edge has an associated conditional distribution that models the
probabilistic relationship between the parts. Each node in the graph also has a
corresponding image likelihood function that models the probability of observing
various image measurements conditioned on the position and orientation of the
part. Person detection (or tracking) then exploits belief propagation to estimate the
belief distribution over the parameters which accounts for the constraints and the
observations, identical to the 980 Patent. Id.

72.  Despite all the evidence I discussed in my First Declaration and
amplified above with references to the prior art, in particular TLP, Dr. Saber
testified (Ex1051 at 65:9-66:14) that the *980 Patent introduced likelihood

functions and temporal compatibility functions:
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Q Weren't these likelihood computations you
just discussed well-known in the relevant time
frame?

ATTORNEY EKLEM: Objection to form.

A No, this is not -- I mean, if we go back
to -- if you look at column 3, towards the bottom
of column 3, I'm looking at line 47 where it talks
about graphical object models, so this is part of
their contribution. So they propose this
spatiotemporal model. They have these
probabilities. You see "probability of," etc.

They have -- excuse me, they have likelihood

10
11
12

13

functions and they have temporal compatibility
functions that they introduce there. These are
introduced by them. These are not found in the
field. These are introduced in this patent.

They introduce the temporal connectivity
compatibility functions, they introduce local
evidence functions, which are the phis that you
see there, and I denote the local evidence. And
that's part of their formulation.

And then they describe how to compute
these compatibility functions and how to formulate
their likelihood functions and how do it the

classification as you continue reading column 4,

5, and 6, and maybe 7.
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73. A POSITA would have understood from TLP how to resolve the
graphical inference problem using Non-parametric Belief Propagation (NBP) or
the PAMPAS algorithm that allows the parameters of the individual parts to be
modeled using continuous-valued random variables. Ex1009 at 4. The body is
represented by a graphical model in which each graph node corresponds to a body
part (upper leg, torso, etc.). See Ex1009, Figure 1. Each 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 is assembled by inference over the graphical
model. Edges in the graphical model correspond to spatial and angular and
temporal relationships between adjacent body parts, as illustrated in Figure 1. As
is standard for graphical models, a POSITA would have understood that the
variables in a node are conditionally independent of those in non-neighboring
nodes, given the values of the node’s neighbors. /d. at 2.

74. A POSITA and certainly an expert in the field should have been
familiar with the non-parametric belief propagation for graphical models generally
and the PAMPAS paper in particular, given it is this “PAMPAS: Real valued
graphical models in computer vision” paper that is cited in the 980 Patent
provisional and patent specification. Surprisingly, as acknowledged during his

deposition (Ex1051 at 78:4-21), Dr. Saber was not familiar with PAMPAS and did
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not remember PAMPAS’s disclosure of a graphical model “off the top of his

head.”

10
11
112
13
14
15
16
17
18
19
20

21

75.

Q Okay. I want to return our attention to
the discussion of -- am I saying it correct,
PAMPAS, P-A-M-P-A-S?

A That's good enough for me.

Q Before your work on this IPR, were you
familiar with PAMPAS?

A I mean, I see a lot of stuff. I read a
lot of papers, so I'm sure I've come across these
type of things at one point or other. It's
published in a good conference. So computer
vision and pattern recognition is a good
conference.

Q Does PAMPAS disclose a graphical model
joint probability distribution formula?

A I don't remember off the top of my head,
sitting here today, what exactly is disclosed in
that paper. I couldn't tell you that sitting here

today. I would have to see the paper.

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;

(i.e., a 1st layer), and to conditionally link all other components of the body (head,

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

a jointed object in clutter. Due to this two-layered model, even when the object
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node x; is occluded, after one iteration the belief at that node has high weight at the
correct location due to the agreement of the nearby arm nodes x;. After a few
iterations the belief has converged on the correct object position despite the lack of
the central circle. /d.

76.  Moreover, the 980 Patent (6:13-22) itself claims scenarios where an

object is modeled as a graphical collection of its components.

Depending on an object one may or may not have a likeli-
hood or a proposal process for the object layer nodes. For
example, if the whole appearance of an object is too compli-
cated to model as a whole (e.g., arbitrary size vehicles) and
can only be modeled in terms of components, a uniform
likelihood can be assumed over the object state space. In such
cases the object layer nodes simply fuse the component infor-
mation to produce estimates for the object state that are con-
sistent over time.

15

77.  TLP (§2) teaches that each part/limb is modeled by a tapered cylinder

having 5 fixed (person specific) and 6 estimated parameters.

Ex1009, Figure 1 Annotated; Figure 2 (Parameterization of part 1). The fixed

parameters @1 = (li, wip, wid, opi, odi) correspond respectively to the part length,

Meta 1052
54 Meta v. VL Collective
IPR2023-00924



[PR2023-00924
Supplemental Declaration of Chandrajit Bajaj, Ph.D.

width at the proximal and distal ends and the offset of the proximal and distal
joints along the axis of the limb as shown in Figure 2 of TLP. Each directed edge
between parts 1 and j has an associated conditional distribution yij(Xi,Xj) that
encodes the compatibility between pairs of part configurations; that is, it models
the probability of configuration Xj of part j conditioned on the Xi of part 1.

78.  Reference [22] cited by TLP, Attractive People: Assembling Loose-
Limbed Models using Non-parametric Belief Propagation (“Attractive People”),
Ex1015 (at 3), explains that:

For notational convenience we define an ordering on body parts

going from the torso out towards the extremities and refer to

conditionals that go along this ordering as “forward” conditionals

[directed edges]. Conversely, the conditionals that go from the

extremities towards the torso are referred to as “backward” conditionals
[directed edges]. {Emphasis added.}

This terminology is identically used in the *980 Patent. See 980 Patent at 4:49-5:9.

79.  According to Attractive People “[t]he inference algorithm ...
combines the body model described above with a probabilistic image likelihood
model.” Ex1015 at 4-5. An exemplary implementation of the inference algorithm
is shown in Fig 4 for a human walking cycle with probabilistic likelihoods
computed for the projected body parts that are visible in that video frame. Id. at 7.
In particular, Attractive People teaches that ¢1(Xi) is the likelihood of observing

the image measurements conditioned on the pose of limb i. /d. at 5.
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Ex1015, Figure 4(a)

80. Thus, TLP does disclose or render obvious a joint probability
distribution for a spatio-temporal model with N components of the same formula
as claims 8/16.

81.  Dr. Saber’s second argument (§170) is that I have not shown that:

the joint probability formulation of claims 8/16 “would have been well

known” or that Ex1012 discloses that formulation.... Dr. Bajaj

identifies no disclosure in Ex1012 of object-level representation in
combination with component-level representation.

I disagree.

82. As I explained in my declaration (§231), the equation recited in
Claims 8/16 represent a typical factorized form of the joint probability distribution
P (....) for a graphical model G of an object O with state X at time frame i of the
video and {k = 1..N} components state X lC - This form of the joint probability
would have been well known to a POSITA as a pairwise Markov field

representation of a two-level spatio-temporal graphical model. The first level

representing the object state at each time frame, and the second level for individual
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components states, and captured by their pairwise probabilistic relationships as
defined by edges in the graphical model.

83.  In support of my 9231 opinion, my First Declaration cites Ex2012, a
paper to Sudderth. Sudderth (at 2) explains:

The nonparametric belief propagation (NBP) algorithm developed in
this paper extends the earlier work in two key ways. First, for graphs
with cycles they do not form a junction tree, but instead iterate on local
message updates until convergence as in loopy BP. This has the
advantage of greatly reducing the dimensionality of the spaces over
which they must infer distributions. In addition, they provide a message
update algorithm specifically adapted to graphs containing continuous,
non—Gaussian potentials. Each message is represented by a kernel—
based nonparametric density estimate, and message products are found
by an efficient local Gibbs sampling algorithm. They validate the NBP
algorithm on a small Gaussian network, and present stereo vision
results demonstrating its effectiveness. {Italics in original.}

84. A comparison of § 2.1 Belief Propagation of Sudderth and col. 6, lines
23-41 of the *980 reveals an identical disclosure including joint probability
distributions. Moreover, as stated in 9935 and 36 of my First Declaration and as
repeated here:

35. According to the intrinsic record of the 980 Patent, known
methods for object detection included “the use of graphical models and
belief propagation....” Ex1003 at 5 (“We model objects using two-layer
spatio-temporal graphical model, and use non-parametric belief
propagation to infer the position and scale of the object and
components. We should note that the use of graphical models and belief
propagation is not novel for object detection.”). Indeed, these methods,
which also included the use of spatio-temporal models, were well
known to a POSITA. 1d.; see also Ex1003 at 5 (other known techniques
included “temporal propagation”). For example, graphical models (see
Ex1023) have been well known to provide an efficient, powerful
Meta 1052
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framework for modeling articulate spatio-temporal objects (e.g.,
humans, cars, etc.) using probabilistic relationships. See Ex1032. In
computer vision applications such as video human tracking, graphical
models employ approximate inference algorithms such as Bayesian
optimization (BO) and loopy belief propagation (BP) used in Alspach
(see Ex1020) and Isard (see Ex1019) to infer the position and scale of
the object and components. The BO and BP approximate inference
methods produce good results for a wide range of articulate models as
also shown in papers by Coughlan et. al. (see Ex1021) and De la Torre
(see Ex1022). For temporal inference problems defined on Markov
chains, and temporal graphical models, a variety of spatio-temporal
object feature density representations have been explored over a
moving window of video image frames. These probabilistic methods
include Gaussian sum filters (see Ex1020) that use local linearizations
to deterministically propagate Gaussian mixture models in space and
time through the video image sequence frames. In contrast, particle
filters (see Ex1024) use Monte Carlo methods to stochastically update
a set of weighted point samples of feature density representations of
probabilistic graphical models within the temporal window of video
1mage sequences.

36. Additionally, to perform object detection, it was known to a
POSITA to use probabilistic frameworks for determining the presence
of an object in an image or sequence of images. See Ex1003, 9
(describing the use of “image likelihood,” i.e., “the likelihood of
observing the [object in the] image”). For example, approaches to
human detection and tracking exploit articulated spatio-temporal body
models in either 2.5D (see Ex1025), or 3D (see Ex1016, Ex1026-
Ex1029) where D stands for real dimensions, lead to a parametric state-
space representation of spatio-temporal features of roughly 25-35
dimensions. The high dimensionality of the resulting feature space
requires stochastic search algorithms to infer the position and scale of
the objects that exploit the highly redundant dynamics of typical human
motions (see Ex1016), or use hierarchical sampling schemes to exploit
the tree-structured nature of the spatio-temporal model. See Ex1028,
Ex1030.”
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85.  Thus, a POSITA would have understood the joint probability
distribution of TLP to include object-level representation in combination with

component-level representation.
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VIII. CONCLUSION

For the foregoing reasons and the reasons I provided in my First Declaration,
in my opinion, a POSITA would have found Claims 1-16 to be obvious in view of

the prior art, as detailed in Grounds I-1V.

Dated: June 17, 2024 Respectfully submitted,

Chandrajit Bajaj, Ph.D.
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