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UNI TED STATES PATENT AND TRADEMARK OFFI CE
BEFORE THE PATENT TRI AL AND APPEAL BOARD

M CROSOFT CORPORATI ON,

Petitioner,

U S. Patent No. 10, 740, 985B2

REALD SPARK, LLC,

)

)

)

)
VS. ) Case | PR2023-01046

)

)

)

Pat ent Omer. )

)

Renot e deposition of LINA J. KARAM Ph.D.,
Vol une |, taken on behalf of Patent Omer, with all
partici pants appearing renotely via videoconference
the witness testifying from Scottsdale, Arizona,
begi nning at 9:08 a.m and ending at 2:38 p.m on
Tuesday, February 27, 2024, before NAD A NEWHART,
Certified Shorthand Reporter No. 8714.
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REMOTE APPEARANCES:

For Petitioner:
MORGAN, LEW S & BOCKI US, LLP
BY: ALEXANDER B. STEI N, ESQ.
BY: MATTHEW M. WALKER, ESQ.
1301 Second Avenue, Suite 3000
Seattl e, Washington 98101
650-843-7278
al exander.stein@morganl ewi s.com
mat t hew. wal ker @nor ganl ewi s. com

- and -

MORGAN, LEW S & BOCKI US LLP
BY: ANDREW V. DEVKAR, ESQ.

2049 Century Park East, Suite 700

Los Angeles, California 90067-3109
310-255-9070

andrew. devkar @mor ganl ewi s. com
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REMOTE APPEARANCES (Conti nued):

For Patent Owner:
MI CHELMAN & ROBI NSON, LLP
BY: ASHLEY N. MOORE, ESQ.
300 Crescent Court, Suite 1700
Dal | as, Texas 75201
214-273-4050

amoore@nr |l | p.com

Al so Present:

ALEXANDRA FORTI ER, patent agent
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| NDEX
W TNESS
LI NA J. KARAM Ph. D.

vol une |

BY MS. MOORE

EXHI BI TS
(None)

EXAM NATI ON
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Tuesday, February 27, 2024
9:08 a. m

LI NA J. KARAM Ph. D.

havi ng been first duly sworn, was exam ned and

BY Ms.

Q
A

Q

testified as foll ows:

EXAM NATI ON
MOORE:
s it "Care-am'? |s that how you say it?
That's good enough, yeah.

Dr. Karam if you could please introduce

yourself on the record so we get your full nane.

A Yeah. M nane is Lina Karam And is this --
yeah. Ckay.

Q "Ka-rom™" then, right? 1Is that better?

A That's kind of -- to tell you the truth,
pronounce it different ways, also. It depends, |like --

yeah, Lina Karam That's right.

Q
little

Since we're going by Zoom | just want to do a

checklist of things first, and then we'll get

into the content of the | PR

A
Q

| s that okay?
Yes.

| s anyone in the roomwth you today?
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A No.

Q Do you have any notes with you apart fromthe
bi nders of the exhibits to the petition?

A No. | just have ny declaration and the
exhibits.

Q Do you have any --

A Can | explain sonmething? M declaration,

i ke, when it was printed, sonme figures were -- |iKke,
were truncated, so | just printed these pages agai n.
Like, it's ny declaration still, just...

Q OCkay. And if there's sonething in your
decl aration that we need to make sure is correct with
the filed copy version, then we can do that at sone
point | ater today.

Do you have any devi ces other than your
conputer in front of you today?

A | do have ny cell phone.

Q OCkay. If you could put that, maybe, on the
bookshel f behind you or sonmething, just to ensure --
and |' m not suggesting this would happen, but make sure
no nmessages about the content of your testinobny are
happeni ng.

A How about | put it on the floor, |ike, face
down?

Q Sure. That's fine. Do you have any ot her
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wi ndows or prograns open on your conputer apart from
what we're using to do this deposition?

A Let me close the Chrone browser, because |
| ogged in through it. Okay. So | can close it now.

Q OCkay. So no enmmil application is open on your

conmput er ?
A No.
Q No chat applications?
A No.
Q No el ectronic docunents?
A No.

Q You understand you're not to communicate with
your counsel while |I'm questioning you, right?

A  Yes.

Q No text nessages or DMs on your phone or your
conmput er ?

A Huh-uh.

Q GCkay. And if that happens, you understand you
need to notify me i mediately, right?

A Sur e.

Q OCkay. You understand you're supposed to give
truthful answers today in your testinony?

A Yes, to the best of nmy know edge.

Q |Is there any reason that you can't do that,

| i ke medi cations or anything?
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A Not to ny know edge, no.

Q And if you don't understand ny question, wll
you ask nme to clarify it?

A Yes.

Q O herwise, is it fair for me to assune you
under st ood nmy question?

A  Yeah.

Q So when were you hired by Mcrosoft in this

case?

A | don't really recall the exact date. | don't
recall the exact date. | didn't look it up.

Q Was it |last year, sonetine in 20237

A It was -- yeah, it was in 2023 for sure.

Q Do you renenber the nonth?

A No.

Q Do you renenber if it was in the first half of
2023 or the second hal f?

A | don't really renmenber. | don't want to
answer fromnmenory. | don't really quite renenber.

Q Do you renenber when you began working on this

| PR?
A Before its filing date for sure.
Q Do you renenmber what the filing date was?
A June, in June 2023. That's what | renenber.
Q Do you renenmber how many nonths prior to
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filing your declaration that you began working on this

| PR?

A A few nont hs before.

Q So since it was filed in June,

March 20237

probably around

A | cannot really confirm You know, a few

nont hs before. Not sure. February, March

or before.

Not sure, really. | nean, several nonths before, but

| "' m not sure,

Q Do you recal

20237

A | believe |

really, when

this is, like, from nmenory.

I f you were hired in 2022 versus

was hired in 2023, but, again,

Q How nuch time have you spent on this IPR so

far?

A | know | spent a |lot of hours. |

renember the
Q Can
A Can

exact number of hours.
you give nme a range?

you clarify the question? Thi

I ncluding reviewing prior art and...

Q Yes,
| PR, whet her

A Oh,
bef ore?

Q No,

everyt hing you' ve done to prepare for the
It was --
to prepare -- oh, to prepare now or

no, no. So let me start over.

don't

S is
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What have you done, including review ng prior
art and drafting your declaration? How nuch tine have
you spent in that process?

A Alot of tines. | can't really give you
hours. A lot of hours.
More than ten?
For sure.

More than a hundred?

> O >» O

Here, | cannot tell you.

Q Didyou work on the invalidity contentions
that are part of the District Court litigation between
M crosoft and Real D?

MR. STEI N: Cbj ection; form
THE W TNESS: " mnot sure, really.
BY MS. MOORE:

Q You don't know whether you participated in

drafting invalidity contentions?

MR. STEIN: Sane objection.

THE WTNESS: | do not believe | did.
BY MS. MOORE:

Q But you don't know one way or the other?

A Yeah, | don't want to, |ike, answer things,
li ke, I'mnot sure about, yeah, but | do not believe I
participated in -- yeah, in that. No, | didn't

draft -- | know | worked on the I PR drafting, but --
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and other thing. | didn't draft anything for the --
yeah.

Q You have not drafted anything associated with
the District Court litigation?

MR. STEIN: Objection; form

THE WTNESS: | did not draft -- | do not
recall drafting anything, yeah.
BY MS. MOORE:

Q Didyou reviewthe invalidity contentions in

the District Court litigation?

MR. STEIN: Objection; form

THE W TNESS: |"m not sure. Really, to tell
you the truth, I'mnot sure.
BY MS. MOORE:

Q So what's causing the confusion about whet her
you know if you've reviewed sonething or not?

A You know, we have the exhibits. They are
there in ny PR Vhatever exhibits are there, | did
al so | ook at them and these include -- and these were
filed with the IPR, |I believe. But for ny declaration,
| didn't rely on those, but because they were part of
the exhibit, | |ooked at sonme of those. | don't recall
all the docunents | | ooked at, you know.

Q So you reviewed docunents in addition to the

exhibits that are cited in your declaration?
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A No. They are exhibits in ny declaration, and
sone of themrelate to the District Court, you know, in
the exhibit. For exanple, you could see there is
conplaint 1031 -- Exhibit 1031. And there were other
exhibits, | guess | saw. Yes, there is Exhibit 1055,
"Joint Claim Construction and Prehearing Statenment."

Q Didyou --

A | believe it was for the District Court.

Q R ght. Dd you review any docunents that are
not cited as exhibits to your declaration?

A | didn't get docunents to review that are
related to -- | didn't get docunents. These are the
ones, basically, the exhibits.

Q \When you say "basically,"” does that nmean you
revi ewed additi onal docunents that are not cited in
your decl aration?

MR. STEIN: Objection; mscharacteri zes.

THE WTNESS: No. | didn't get docunents that
are -- other than exhibits here that | revi ewed.
Definitely, | reviewed sone prior art. Like, to cancel

out some prior art, maybe | did sonme search nyself, you
know, to see which are the best or sonething, but I
don't recall all these docunents.

BY MS. MOORE:

Q Didyou review prior art apart fromthe prior
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art that you rely on in your declaration?

A | | ooked for but not reviewed. Maybe I
| ooked -- wusually, when I'"'m-- I'"'malso -- |'m not
sure, really, for this IPR but, typically, when I work
on an | PR declaration, | like to check, | nean, is this
t he best prior art, but for ne. But for this
decl aration, | don't recall, really, whether | did
t hat .

Q So how did you decide what prior art to use
for this I PR?

A | |looked at -- you know, now, | mean, if you

could et nme ook at the exhibit to refresh ny

menory - -
Q Sure.
A =-- sol can tell you, basically, things,
wherever | -- like, things | found or not, whether it

refreshes nmy nenory, whether also..

Q And while you're reviewing, can you tell ne
what exhibit you're | ooking at?

A  I'mlooking at all -- like, nostly, the
exhibits. Yeah, a lot of the exhibits were kind of
provided by nyself. | can see at |east a few that were
provi ded by nyself, and others that | -- were provided,
and | reviewed, and | basically said these are good or

not good, and then we kept -- so it's like a
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col | aborative effort where | was provided sone prior
art that | kind of reviewed and renoved sone and said
t hese are pretty good.

Sonme of the things that were mssing, | did
| ook for prior art -- yeah, now |I'm | ooking here.
don't renenber exactly which one except sone of them |
know t hat, also, | found nyself, but | don't
remenber -- there are some exhibits | found, also, but
| don't recall each one of them

Does this make sense?

Q So I'mlooking at the exhibit list present in
Petitioner Exhibit 1003, which is your declaration. | s
t hat where you're | ooking, as well?

A Yes, yes.

Q Exhibit 1005, Chalom or that's how | say it,
C-h-a-1-o0-m did you find that piece of prior art, or
was it provided to you by Mcrosoft?

A You know, | don't renenber, really. | nean,
like, | don't want to, like, fromnenory answer the
guestion, like, to go through -- you know, | don't
really quite renmenber in here, like, each -- |ike,
whi ch one was provided by whom | don't want to answer
from menory.

Q Oay. So is that an "I don't know'?

A Yeah. | nmean --
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MR, STEIN: Objection --

THE WTNESS: | don't know.

MR. STEIN:. Objection.

(Si mul t aneous speaki ng - unreportable.)

THE W TNESS: ' mnot -- you know, sone of
t hem -- because a lot of -- | went through a | ot of
prior art. These is 200-plus docunents. Sone of them
were provided by counsel that | reviewed and said, yes,
t hese are good or these are not good.

And sone of them | found, also, and al so,
definitely, I nean, | got -- you know, yeah, and al so
| ooked at them yeah.
BY M5. MOORE:

Q So I'mjust going to ask you the same set of
questions for a few nore of these. Exhibit 1006, do
you see that in your list there, Ganin, Ga-n-i-n?

A Yes, | see that.

Q Didyou find Ganin, or was it provided to you
by M crosoft?

A Again, | don't want to answer from nmenory.

Some of these were provided by Mcrosoft that |

revi ewed, and sone of them-- | found sone of them and
| provided those to counsel. So | don't want to answer
frommenory, |ike, going back seven nonths ago.

prefer not to do that.
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Q So the answer is you don't renenber?

MR. STEIN: Objection; mscharacteri zes.

THE WTNESS: | don't want -- | don't feel
confortabl e answering whether | renenber or not,
meaning | don't want to go fromnmenory, as | said, so
that's what | said. | don't want to base ny answer on
menory. | want to base it on facts.

BY MS. MOORE:

Q Wwell, you do have to answer ny questions to
the best of your ability. You understand that, right?

A Yes.

Q And sol'mjust trying to know, do you
remenber whether Ganin is sonething that you found or
whet her M crosoft provided it to you.

A No, Ganin, | believe, you know, because --
| i ke, Ganin is part of the file history. One version
of Ganin is part of the file history of the '101. And
so, definitely, | got to see it there first.

| mean -- and then -- you know, yeah, and then
this is one place Ganin is, and it was a col | aborative
effort where kind of Ganin, they are |looking at it.
Can we use that? And counsel provide sone prior art.
| provide them others and so forth.

Q And then Aslan, which is Exhibit 1007, did you

find that piece of prior art or did Mcrosoft?
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A To the best of ny recollection, Aslan was
provi ded by counsel. Then | reviewed and said -- found
It a pretty good reference of prior art to use.

Q So how did you decide which of the prior art
that was provided to you would be the basis of your
decl arati on?

A Based on ny expertise in the field, okay? So
we have to |limt the nunmber of grounds on everything,
so these are the references that | found to be good for
the grounds in ny decl aration.

Q And who drafted your declaration?

MR. STEIN:. (Objection; form privileged.

THE W TNESS: Typically, when | work on ny
decl arati ons as expert -- and this is consistent
t hroughout ny depositions -- usually, it's a
col | aborative effort, and, however, the declaration, it
reflects ny opinion. | revise it. | rewite it. So
it's a collaborative effort.

And for this one, because | kind of worked a
| ot on witing nyself fromscratch a [ ot of ny
decl aration, other sections were coll aborative effort.
And sonme things, you know, | asked the counsel, also,
to help with fromfigures, et cetera. But it reflects
all of my opinion and -- ny expert opinion, and |

really carefully work on ny decl arati ons.
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And,

agai n, anything that does not reflect ny

opi nion -- because we have di scussi ons,

active

di scussi ons where | tell ny opinion and so forth, if

the coll aborative part that we work on --

t hey have to

reflect my opinions. | go through those carefully,

revi se them
opi ni on.

BY MS. MOORE:

rewite them as needed to reflect ny

Q And you stand by the content of your

decl arati on today?

A Yes,
today. Yes,

decl ar ati on.

| stand by the content of ny declaration

| mean, | stand by the content of ny

Q Are there any changes you think you need to

make to your

A As |

decl aration as you sit here today?

was review ng nmy declaration, you know - -

you know, and | think -- | believe, like -- |ike, you

were sent a nessage, al so, about that.

exhi bit, Exhi

the binder is not the Exhibit 1006

see that one

bit 1006. The one that was sent to ne in

decl arati on upon. Actually, the exhibit

starting from?7, | think, to 23 or 24.

And
based -- was

on. So this

based ny

is the pages

Exhi bit 1048, that was the exhibit |

my Exhibits 1006 | based ny declaration

is one thing in here, yeah.
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Q So when you cited to Exhibit 1006 in your
decl arati on, what you neant to cite was Exhibit 1048.
Is that a fair statenment?
(Si mul t aneous speaki ng - unreportable.)
THE W TNESS: It should have -- yeah, |I'm
sorry. It should have been filed as also Exhibit 1006.
The 1006 currently has the sanme substance, but there is

one page | didn't print, which is the sane as the other

one, but -- so Exhibit 1048, pages 7 to -- let ne check
In here what -- starting at page 7, that paper until
the end, let me check one nonment. | don't want to go

from menory.

Yes, 7 to page 24 in Exhibit 1048, this should
be al so Exhibit 1006, also. Like, it should stay there
and al so be Exhibit 1006.

THE REPORTER: Counsel, | didn't get your
obj ection. There was tal king over. Wat was your
obj ecti on?

MR. STEIN:  Form
BY MS. MOORE:

Q So, for example, if you'll turn to your

decl aration, which is Petitioner Exhibit 1003, if

you'll go to page 44 of that declaration for ne.
A Yes.
Q And if you'll | ook at paragraph 75.
Page 20
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Do you see that?

A "' mgoing there. One -- yes.

Q At the very end of paragraph 75, it says
Exhi bit 1006, page 4, and so if we're going to be
tal ki ng about Exhibit 1048, | want to understand, are
t hese pages nunber correct --

A  Yes.

Q ~-- for Exhibit 1048, or are they the original

A  This is the -- page 4 of the PDF here, not
page 4 of what the counsel put as pages on the bottom

Q So |l just want to understand and nmake sure
t hat what | understand what you're citing to is page 4.
So should | be going to Exhibit 1048 for that?

A Yes, please. This was the -- this should --
yeah. So page 4 is the PDF page. You could see the --
on the top right corner, these are the pages.

Q Soif we're looking at Exhibit 1048 now --

A Yes.
Q -- when you're citing to page 4 in
paragraph 75, will you direct me to the page as it

exists at the bottomof that. So where it says,
"M crosoft Exhibit 1048 - Page 1," for exanple, what
page should | be | ooking at of Exhibit 1048 to match it

up with this page 4 that you're referencing in
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paragraph 757

A It's just the pages of the file as they --

page 1 woul d be the cover page. Page 2 would be the

second page in that file. Page 3 would be the third.

Page 4 would be the fourth, page 5, the fifth, page 6,

the sixth page in that paper, 7, the seventh, 8, et

cetera, 9 and

Q Ckay.

10.
So paragraph 75 where it says page 4 is

the citation for that proposition, | should be | ooking

at page 4 of Exhibit 1048 that has a paragraph stating,

"User assessnent interface"; is that right?
A |"m-- "User assessnent" -- | don't -- this is
like -- that's not the exhibit | have. |[|'m Il ooking at

1048, but you can point nme where you're | ooking.

Q So I

m | ooki ng at Exhibit 1048 as it was filed

with the USPTO. That's why I'mtrying to figure out

where the di sconnect is here.

A  Ckay.

Q So tell nme what the, | guess, title or --

A  Yeah, | guess the disconnect --

Q ~-- what you have on page 4 that you're | ooking
at .

A Yes. So it's like -- it's like Exhibit B in
1048, that paper there, "DeepWarp" -- the title is

"DeepWarp: Photorealistic |Imge Resynthesis for Gaze
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Mani pul ation.” And --

Q Ah, okay. | see. Are you |ooking at the page
nunbers that exist at the top of the "DeepWarp:
Photorealistic Image Resynthesis for Gaze
Mani pul ati on," that page nunber that's --

A Yes.

Q ~-- at the top there?

A This is what | relied on in ny declaration
and --

Q Okay. So when you say "page 4" -- and | just
want to make sure | got it right so we're all aligned
on what these citations refer to. So on page 75 of
your declaration, you cite to page 4.

That nmeans the page 4 as it exists at the top
of the article, and it has Figure 2 at the top, and the
next subsection underneath that is "3, The nodel"; is
that right?

A Yes.

Q Understood. And that would be the way that
t hese pages are reflected throughout your declaration?

A Yes.

Q Thank you. How many |PRs -- apol ogi es.

s there anything el se we need to correct in
your declaration apart from understanding this

Exhi bit 1006 to Exhibit 1048 issue?
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A | guess for now. | mean, if there is anything
| ater, | mean, | think counsel can file -- | don't know
what's the | egal procedure. | don't know if sonetines
you can have sonme errata or anything, you know.

Q But nothing cones to your mind right now that
you need to change?

A Not at this tine.

Q How many | PRs have you submtted decl arations
for?

A | work -- | don't want to do it, |ike, out of
menory, you know, here, |ike, also, but you could | ook
up the public record and see ny declarations there, |
guess.

Q Actually, I can't, which is why |I'm asking
you.

Do you have any idea whether it's nore or |ess
than ten, for exanple?

A Mire than ten
More than ten. |Is that what you said?

Yes.

More than 507

> O >» O

No, | don't believe.
Q How many of those | PR declarations would be on
behal f of patent owners?

A  Could you repeat your question, please.
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Q How many of your |PR declarations have been on
behal f of a patent owner?

A | don't want to do it from nenory. You know,
patent owner, | don't -- like, to ny recollection,
agai n, based on nmenory and to the best of ny know edge,
| didn't really work for a patent owner on an | PR
That's what | renmenber.

Q So to your recollection, you' ve never
submtted an | PR decl aration that defended the
patentability of a patent?

MR. STEIN: Objection; form

THE W TNESS: No, | m sunderstood your
gquestion. I'msorry. | thought, like, |I'm working on
invalidity for a patent owner, which doesn't nake
sense, you know, so that's why in ny -- yeah, so that's
why | said to the best of ny know edge, | wouldn't do
t hat .

So what was the question again? Could you --
so -- defending, you nean?
BY MS. MOORE:

Q Defending the patentability of a patent that

I's being the issue of an | PR?

A | don't want to do it fromrecollection. | do
have some confidential engagenent | don't -- | cannot
tal k about, but, you know, as far as filing, | nean, |
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don't recall, really. But as far as hel ping as part of
t hat engagenent, | don't want to really answer from
menory, you know.

But as far as filing an IPR, | guess we can
check the public record. | don't want to answer from
menory, no, because | worked on a |ot of |IPRs, so |
don't want to..

Q Have you ever submtted a declaration where
you defended the patentability of the patent at issue
in the | PR?

A Again, | don't want to answer from nenory.

Q You don't know if you've ever done it?

A | don't want to answer from menory, again.

Q You have to give nme your best recollection.
That is how this process work. So do you renenber if
you have ever submtted a declaration on behalf of a
patent owner defending the patentability of the patent
in the | PR?

MR. STEIN: Cbj ection; form

THE W TNESS: What | can say is nostly the

| PRs | worked on nostly -- like, the mpjority -- let's
put it this way, | nean. So, nostly, | recall ny |IPRs
are -- you know, were done for -- like, | don't know

how to phrase this. Do you see what | nean?

So nost -- nostly, ny IPRs were done in
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validating patents to protect the rights of people who
had -- |like -- because, like, they were invalid and to

protect the rights of people who are getting sued or --

for that. So, nostly, | would have touched | PRs. Now,
whet her, like, | have or other -- | don't want to do it
frommenory. | hope this answered your question.

BY MS. MOORE:

Q How many | PRs have you worked on for
M crosoft?

A This is like -- for Mcrosoft, to ny
recollection, | believe that's the first one in here.
That's what | recall, again.

Q So this IPR that we're tal king about today is
the first one you' ve done for Mcrosoft?

A That's what | recall, uh-huh.

Q Have you ever worked for Mcrosoft in a
district court patent litigation?

A No.

Q D d you know that the inventors of the '985
patent at issue in this IPR now work at M crosoft?

MR. STEIN: Objection; form scope.
THE W TNESS: Yes, | know.
BY MS. MOORE:
Q Have you talked to thent
A No.
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MR. STEI N: Cbj ection; form
BY MS. MOORE:
Q Have you reviewed Mcrosoft's gaze correction
software as part of your work on this | PR?

MR. STEIN: Objection; form scope.

THE WTNESS: | did not. You know, |ike --
excuse me. Like, | don't want to do fromrecollection.
You know, | don't -- to ny recollection -- | don't
know. | take this back. Can we, |ike, please cross

this out of the record, please, because | don't want to
do it out of nenory.
| don't recall. I'm-- 1 -- 1 don't know |
m ght or not, so | don't really quite recall.
BY MS. MOORE:
Q So you don't know whet her you have | ooked at
M crosoft's gaze correction software as part of your
work on this case?
MR. STEIN: Sane objections; form and scope.
THE WTNESS: Like | -- you know -- yeah, so |
woul d say, like, | don't want to do it from nenory.
BY MS. MOORE:
Q And, nma'am again, that's not how this process
wor ks. You have to give nme your best recoll ection.
And if you don't know, you can tell nme you don't know,

but you have to answer the question.

Page 28

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o0 b~ wWw N P

N N N N NN P P P P P P PP PR
o A W N B O © 00 N O O b~ wWw N +—» O

A | worked on a | ot of projects and things, so

sonetinmes things get mxed up, and I don't want to be

answering sonething -- yeah, | don't recall, and I
don't know for now because of -- like, ny schedule is
busy. So | don't want to be mxing up things. | do

work with code and software, so | don't want to m x up
things that | don't recall at this point, yes.
Q SolI'll ask it again just so we can have a
clean Q and A, okay?
A Yeah.
Q Have you ever reviewed M crosoft's gaze
correction software as part of your work on this case?
MR. STEIN: Sanme objections; form and scope.
THE WTNESS: So | don't recall for now
whet her | reviewed, |ike, a gaze correction software.
BY MS. MOORE:
Q Have you reviewed Real D s gaze correction
software as part of your work on this case?
MR. STEIN: Cbj ection; form scope.
THE WTNESS: | do not believe so.
BY MS. MOORE:
Q Does either party's gaze correction software
code inmpact your opinions in this |IPR?
MR. STEIN: Objection; scope.
THE W TNESS: Coul d you rephrase the questi on,
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pl ease.

BY MS. MOORE:

Q

So does Mcrosoft's code have any inpact --

stri ke that.

So M crosoft's gaze correction software, does

t hat have any inpact on your opinions in this |IPR?

A

No, not at all, for sure. M declaration was

not based on any software or anything.

MR, STEIN: Sane objections to form and scope

to the prior question.

BY MS. MOORE:

Q

And Real D's gaze correction software, does

t hat have any inpact on your opinion in this | PR?

MR. STEIN: Sane objection.
THE W TNESS: For sure not. It wasn't even

consi dered as part of -- when | was doing ny

decl aration, neither of these were considered at all.

BY MS. MOORE:

Q

How | ong were you a tenured professor at

Ari zona State?

A

It isinmy CV, but, like -- solet nme -- |

don't want to do it fromnenory. One nonent.

If you go to the enploynment section -- okay.

One nonent.

Q

And for the record, you are | ooking at
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Exhi bit 1004, which is your CV in the IPR is that
right?

A Yes.

Ckay. So as a tenured professor? Can you --
t he question was..

Q How long were you a tenured professor at
Arizona State?

A Okay. So here, at least 19 years. |In here,
19 years, al nost.

Q And what page were you | ooking at --

A | have to recall -- I'mtaking full professor
but | wasn't tenured fromthe associate professor. So
from 2001, you know, | was tenured associ ate professor,
so going back 2001 to 2019. So -- yeah, so | guess,
like, it is -- yeah, 2001 to 2019. August 2001, |
was -- received ny tenure.

Before that, | was a professor, but, you know,
assistant professor. So | started at ASU in
August 1995. In 2001, | received ny tenure, okay? And
then -- yeah.

Q | n Decenber of 2019, did you retire?

A \Wiat | did, | wanted -- yes, | did do early
retirenment nyself, and | amaffiliated now as enerita
professor with ASU, so I'mstill having this

affiliation, yeah.
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Q And what do you do for Arizona State as an
enmerita professor?
A | still direct ny R& |l ab and still have Ph.D
students |'m supervising there.
Q How nmany students are you supervising?
A Currently, | have one Ph.D. student |'m
supervising, currently.
Q \Vhat subject matter are you supervising that
Ph. D. student for?
A Machi ne | ear ni ng.
Q Let's look at your declaration again, which is
Petitioner Exhibit 1003. 1'd like to go to
paragraph 11, which is on page 4. Let nme know when you
get there.
A One nonent. Page 117
Q Page 4, paragraph 11.
A Oh, page 4, paragraph 11. Yes.
Q That first sentence says:
"As a part of ny various roles at ASU,
PICARIS, 1SO and I EEE, | am actively
involved in industry.”
Do you see that sentence?
A Yes.
Q Are you currently involved wth PICARI S?

A Yeah, | nean, it's ny -- yes, |I'mthe
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president. |[It's ny conpany, PICARIS LLC
Q \What do you do at PICARI S?

It's ny consul ting conpany.

Are you currently active in | SO?

Yes. | am an expert delegate to the I SO

o » O »

And what does that nean?
A This is the international standard --
st andardi zati on organi zati on. They work on standards,
okay? Like, a lot of standards, including, for
exanpl e, maybe sonething you mght all be famliar with
Is like JPEG |ike a JPEG i mage, you know, or MPEG
video |li ke the ones we're doing now here.
These are all standards. |SO works on those,
so JPEG and recently, there's a JPEG Al. | was
i nvolved in that. So they're now nore and nore al so
standardi zing things related to artificial intelligence
within different aspects. So the SO is the, you know,
I nt ernati onal Standardization Organization.
In order to allow devices to interoperate, you
need to have standards. So we work with industry --
mai nly people fromindustry or other experts. It can
be academ a, also, but mainly industry people work with
the 1 SO on standards.
Q VWhat is your current involvenment with | EEE?

A | EEE -- |I'm an | EEE fell ow. | serve on
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vari ous boards within the IEEE. |'mcurrently serving

on the | EEE Educational Activities Board and al so on
the TechRxiv board. And, also, | was an
editor-in-chief of the -- one of the journals. Also,

have organi zed vari ous conferences as chair and

technical programchair. So I'm |1|ike, heavi
i nvol ved with the | EEE.

Q \What journal are you working on?

A Could you repeat -- like, ask nore
specifically your question?

Q Sure. So | asked what your current

l'y

I nvol venment with the | EEE was, and you |isted being

editor-in-chief of one of the journals. Which journal ?

A Yes. | served ny term | nean, up to 2019

or -- | have it there, also, inny -- so |l was -- it

the | EEE special topics -- actually, "Journal

Sel ected Topics in Signal Processing."”

or

Q So you are not currently the editor-in-chief

of that journal?

IS

A It's a rotation. | mean, but -- you know, so

being editor-in-chief is really highly presti

gi ous.

They don't -- to be nomnated and to be accepted to be

editor-in-chief is by itself an honor, and having

served that is just like -- you know, this gi

i ke -- you know, so not everybody is picked

ves you,

to be

Page 34

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o0 b~ wWw N P

N N N N NN P P P P P P PP PR
o A W N B O © 00 N O O b~ wWw N +—» O

editor-in-chief. This by itself speaks highly of the
per son.

Q I'mtrying to get what your current role today
in 2024 is at the |EEE. Can you tell nme --

A Yeah, |'m serving on various boards, and I --
you know, it is in here. It's in ny -- actually,
currently, because it's since changed, also, fromny
bio now, so |I'm serving on various boards of the |EEE,
okay?

Li ke, | was serving recently on the product
board of the | EEE, the PSPB, product services --
Products and Services Commttee where we are discussing
different products for the IEEE. That was one of them
that | just, like, finished ny term [|I'mcurrently
serving on the | EEE Educational Activities Board, and
al so, I amserving on the TechRxiv board.

These are a few of the boards. And I'm
serving on the -- hel ping on organizing conmttee of
sonme conferences, also, and as an area chair, technical
area chair of an upcom ng conference and so forth,
yeah.

Q So in paragraph 11, that first sentence that |
read to you earlier that ends in "actively involved in

I ndustry,"” how are you defining industry there?

A | ndustry are the -- industry |ike
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producti zati on, working on product for an industry and
with various industries, yes.
Q So I want to understand what you nean by

I ndustry. What do you nean in paragraph 11?

A | mean, you could define -- |ook definition
for industry. Industry are conpanies. It's |ike
versus, also, product |like -- yeah, so conpanies, and

t hey work on R&D and products and so forth.

Q | see. So industry, you sinply nmean conpani es
t hat make products?

A Yeah. And they do R&D to nmake products al so.
| mean, you have to push the frontier of products. You
can't just make products. You have to push, innovate
and work on products of the future, so you have the R&D
conmponents al so there.

Q Have you taught courses on neural networks?

A For sure. | developed the first course at ASU
on neural networks, deep learning. | developed it back
In 2016, 2017. | taught it. It was a graduate-|evel
course, and we devel oped, al so, a hands-on -- hands-on,
actually -- not only the fundanentals but also the
hands- on.

So, yeah, that's the course | devel oped at ASU
and taught for several years after that, but -- yeah,

that's one of them
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Q How many neural networks have you inpl enmented?

MR. STEIN: Objection; form

THE W TNESS: Yeabh. | nmean, we can | ook at
t he publications that we have. W worked on various
neural networks, so -- yeah.

BY MS. MOORE:

Q More than one?

A Yes, for sure. You could go to our hands-on
| ab book. All these projects | worked on, we have a
hands-on | ab book, and if you go to
deepl ear ni ngt ext book. org, if | renmenber correctly,
that's our hands-on book on neural networks.

And | advise this project and work on refining
them and work with student on themin addition to
working with nmy student on review ng their codes and
al so helping with the inplenmentation of the neural
network. So, yeah, | nean, this wll give you an idea,
al so. So our publications are all in that book.

BY MS. MOORE:

Q So setting aside what your students may have
been wor ki ng on, how many neural networks have you
personal Iy i npl enented?

A At least -- at least the one -- you could | ook
at the handbook you have, and at |east, you could see

there, | nean, these projects, so | worked actively on
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those. And |I'mnot going to answer from nmenory, also,
how many.
Q Is it at | east one?

A For sure.

Q Is it nore than 507

A " mnot going to answer from nenory, so..

Q Do you know?

A At this point, basically, I'mnot -- again,
" mnot going to answer from nenory, sSo you want -- you
want nme to say | do not know? Okay. | can tell you

do not know.

Q \What kind of neural networks have you
personal |y inpl enmented?

A Convol utional neural networks, fully connected
neural networks.

THE REPORTER: |'m sorry, Doctor. Can you
start over.

THE W TNESS: Okay. Sure. So types of neural
networks | inplenented include convol utional neural
networ ks and fully connected, also, neural networks.
And al so, you have variations of those that include
convol utional layers and so forth.

BY MS. MOORE:
Q The neural networks that you've inpl enented,

are they deep or shallow, or does it depend?
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A Bot h deep and shal | ow.

Q How many | ayers would a deep network have?

A That's a very good question. |f you look in
the -- so this is a very good question, and it depends
on who's answering it. Like, there is no specific

agreenent on this. Let nme put it this way, okay?
Yes, | nean, so, you know, for ne, definitely,

It should have nore than one |ayer, but there is no
specific agreenent on this, nore than -- nore than one
hi dden | ayer. Other than the input/output |ayer, it
shoul d be nore than one. That's what | nean, yeabh.

Q More than one hidden | ayer?

A In ny opinion, again, |I'msaying this is not
sonet hi ng, you know, very well agreed upon.

Q VWhat is the largest nunber of |ayers you've
personal ly inplenented in a neural network?

A Like, definitely nore than one hidden |ayer

for sure and several. | wouldn't really -- | wouldn't
really answer this fromnmenory, so it was -- we have
deep neural networks with mllions of paranmeters and --

and, especially, you could also use networks and build
on them okay? So definitely, |ike, several |ayers.
Q What kind of loss functions have you used --
MR. STEIN: Objection.
BY MS. MOORE:
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Q =-- in inplenenting neural networks?

MR. STEIN: Form objecti on.

THE W TNESS: Several |oss functions. W have
different kinds of |oss function for different tasks,
okay? So several of them and | refer you to our
papers because we use different |oss functions, not
only one.

BY MS. MOORE:

Q \Wiich different ones have you used?

A | cannot tell them Like, | cannot say al
the functions we used because sone of them they target
different things, you see, so they don't have quite,
i ke, a nane | can give. Like, for object detection,
you have to take the regression of the boundi ng box.

And this goes to the |oss function, also, and
SO -- but, definitely, we use the cross-entropy, we use
| 1, we use |2 as part of the |oss function because,
typically, a loss function is nore than one termthat
you use to regularize or to take constraint into
account and take other information into account. You
could have a sinple one with a single term but,
typically, it's nore than that for various
appl i cati ons.

Q Have you ever worked with random f orest

classifiers?
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A Yeah. | guess inplenenting things in terns of

projects and so forth, but, you know, for our R&D,

however, | nean, these are -- because prior art now,
and | nean very well known -- | nean, we're working on
the next |evel of things, so we -- we use them IiKke,

for projects, nmainly.
Q \When was the last tine you used a random
forest classifier?
A | do not recall, really.
Q Ws it within the last five years?
A Perhaps. | do not recall.
Q How would you apply a random forest classifier
I n a teacher-student nodul e?
A | explain, also this very clearly in ny
decl arati on, how we apply, especially in the ground --
t he Chal onf Asl an conbi nation. So | explain that there.
| don't like to answer out of context.
So if you want to ask nme a specific question,
| could, lIike, show -- | nean, | could go and -- and
tell you one exanple we use, which is clearly described
in nmy declaration in here. |It's one way you could use
a random forest nodel. Just one nonent.
So, like, in paragraph 219 of ny
declaration -- like, | don't know if you want --

Q Paragraph 219 of Exhibit 1003 is what you're
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referring to?
A Yes.
Q The single sentence:
"One way is using Chaloms RFC as a
teacher nodel to train an even nore
conpact M.A, e.g., a snmaller random
forest"?
A Yeah. And you can continue, also, like, in
220, so, yeah. So that's how you can use a random
forest classifier in a teacher-student framework. And
we do have also -- | have in my declaration. |'m
referring -- if you | ook at page 121, there is a figure
there, Exhibit 1003, page 121.
And paragraph 227 describes, also, nore how
this can be used as a teacher-student -- | nean
t eacher-student framework, and so you could use, |ike,
a random forest |ike Chalom s random forest classifier
in this case to train a nore conpact student in a nore
conpact network and, yeah, so one would be the teacher,
and one woul d be student.
They use the sane training data as shown in
Figure 8. You have the sanme training data being used
by both. And the teacher can pass information to the
student so the student can learn fromthe teacher and

use the past information in addition to using the
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trai ning data.
Q Wuld both the teacher and the student be a
random f or est ?

A They can be, but it's not necessary.

Q |Is a neural network a type of machine | earning
nodel ?
A Yes.

Q Does one neural network represent one nachi ne
| ear ni ng nodel ?
MR. STEI N: Cbj ection; form
THE W TNESS: Could you be nore specific?
BY MsS. MOORE:
Q Yes. [If | use the term"neural network," am/|
t al ki ng about one machi ne | earni ng nodel ?
A Not necessarily.
Q So singular can nean plural and vice versa in
t hat context?
MR. STEIN: Objection; form
THE W TNESS: Yeah. One shouldn't take things
out of content, because one single architecture can
contain several machine | earning nodels or algorithns
that are there, so it depends what's being referred to
and what the context is.
BY MS. MOORE:

Q Can a deep neural network have nultiple
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| ayers?

A Mul ti pl e hidden |ayers, you nean, or
What's the question here? Layers of what?

Q Any l|layers, whether it's the input,
or a hidden |ayer?

A Neur al network have -- has -- yeah,

| ayers.

anyt hi ng?

t he out put

it has

Q One type of deep neural network is a

f eedf orward neural network; is that fair?
A Yes.
Q And in a feedforward neural network,

previous |l ayer feeds into the next |ayer?

each

A You could build the network |ike that, yeah.

Q Is it possible for each layer to per

different function?

form a

A Like -- it's like the question is not very

clear. Wat do you nean by that?

Q \What is the purpose of a layer in a
neural network?

A Again, like, | nmean, this is very Kki
general and anbi guous, to tell you the truth.

under stand the question. You should be nore

deep

nd of
| do not

specific.

| describe, actually, the layers of a deep neural

network in ny declaration in the "Background"

and | illustrate those, that the |ayers consi

secti on,

st of
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neurons, no? |f you go to Figure 2. Like, this is

Exhi bit 1003, page 21. You see this is with one hidden

| ayer in here showng a fully connected |ayer in here.
And you could see, basically, in this

particular architecture of the neural network, that

each node is computing, |like, a weighted sumw th sone
nonl i near function applied. And you learn -- | nean,
it's -- so you -- so these are -- the weights there are

being | earned, and these are |earned fromthe training
data, okay?

So, basically, it's a paranetric nodel that --
so each node is a paranetric function, okay? And from
the training data, these weights or paraneters are
| earned. And this is |like -- basically, the networks,
t hey | earn tasks.

Definitely the optim zation requires that you
use an objective function; otherw se, you can't
optimze the weights. But at the end of the day, once
you learn -- | nean, the weights are | earned; then you
can deploy it as shown, okay?

Q So you said each node in a layer is a
function; is that right?

MR. STEIN: Objection; form

THE W TNESS: Each node in the layer in this

particular -- |'m showi ng you one architecture is
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I npl ementing this paraneterized function as shown here
in Figure 2, and it's inplenmenting -- it is a node
call ed a neuron, and the cascade of neurons is called a
| ayer.

This is this particular architecture. You can
have different architectures, but this particular one
-- that's why it should be very specific. |In Figure 2,
this architecture, |I'm show ng you what it's doi ng.

BY MS. MOORE:
Q Is each layer doing sonething different?
A Again, the question is not -- is very
anbi guous, and it depends on the network architecture.
Q So there are sone architectures where each
| ayer is doing the identical functions?
A It depends --

MR. STEIN:. Objection to form

THE W TNESS: -- what you nean by identi cal
and different. So, really, it's anbiguous, and |
cannot answer the question. What is identical? Do
t hey have the sanme formor not? What is basically
bei ng asked here?

BY MS. MOORE:
Q \What do you understand the word "identical" to
mean?

A That's the thing. [It's not understood out of
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context. |I'Il give you an exanple. For exanple, these
neurons may be -- the paraneterized function m ght take
a distinct format, | think, if -- depending on the

desi gn, okay?

But at the end of the day when you learn the
wei ghts, the weights are different for each or can
be -- you can constrain themto be the sanme so -- so it
depends. What's identical? The formis identical?
The weights are identical? O, |like, the formand the
wei ghts together are identical?

So identical by itself is very anbi guous, just
to ask this out of context. | don't want to answer
just general, out-of-context questions, because | don't
know how to answer those. | nean, there should be
context; otherw se, the answer would not be correct.

BY MS. MOORE:

Q And that's what |I'm asking you to do is tel
me what your understanding of identical is so that we
can proceed with the questions.

So what is your understanding of identical?

A It depends. |If you're in math, |ike, you're
doi ng equation, 1 plus 1 equal 2 versus, you know, 0.5
plus 1.5 equals 2. | mean, are the answers identical?
Here, | can answer, yes, it's 2. You see?

But when you say it's a network identical
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functi on,

no, and that is very anbi guous, and you

cannot define what identical 1s because | can't

under stand the question. You could say, Onh, does the

node has, like, a simlar function paraneterized or
sonething? 1Is it, like, identical -- this row here is
a nonlinear operator. |Is it the -- identical --
i dentical operator? | could tell you yes or no. These
things like that. It should be nore specific.

Q So do the nodes in each layer of a
convol uti onal neural network have a simlar function?

MR. STEIN: Objection; form
THE WTNESS: Simlar in what way?

BY MS. MOORE:

Q

previ ous
A
specify.

|"m sinmply repeating what you said in your
answer. \What did you nean by simlar?
No. I'msaying simlar by itself, one has to

For exanple, you could say it has the sanme

form You know, you could see here in this particular

architecture, they have simlar formof weights being

multiplied the output. This doesn't nean, necessarily,

there are -- | nean, this is |like sane formin here.

So this i

s basically -- you could say, Oh, yeah, the --

this weighting and bias, so in this way, it's the sane.

So it's very specific. You see what | nean?

Q

Are the weights the sane across | ayers?
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A The weights typically -- because it's
| ear ni ng- based, they're not going to be the same across
| ayers.

Q \Vhat are the conponents of a neuron besides
t he wei ght?

A You could design neuron different way, but in
this particular context |Iike as shown here and -- the
neuron is taking input and creating one output, so it's
t aki ng several input and creating one output.

In this particular situation, the output is
created by taking a weighted conbi nati on of the input

so WL tinmes x1, W2 tinmes x2, WB tines x3, et cetera, and

t hen you have a nonlinear function like a -- can be
sonmet hing that threshold that -- for exanple, if it's
negative, you put it to O, or you want to -- if not,
you keep it. For exanple, |I'mgiving one particul ar

role, for exanple, or it can be other nonlinear
functions. So this is what these neurons are doing
here.
Q Is the output fromthe input |ayer the sane as

the output fromthe hidden |ayer?

MR. STEIN:. Objection; form

THE W TNESS: Like, could you, like, repeat
t he question, please.

BY MS. MOORE
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Q Sure. |Is the output fromthe input |ayer the
sane as the output fromthe hidden |ayer?

A Qutput fromthe input |ayer, you said?

Q Correct.

A But the input doesn't have an output. This is
input. These are the input getting into that function.
So it is, by definition, an input |ayer.

Q \What does the arrow fromx1l in the input |ayer
to the circle identified as fW, 1 in the hidden |ayer
reflect?

A It reflects that this is getting input into
that, okay? So this is -- that's -- you know, this
isn't fully connected here, but sometines you could
have sonething that's not fully connected. For
exampl e, you could have a neuron that would have only
x1, x2, x3 as input, so then you wouldn't have an arrow
fromxn to that.

So here, it's showing that all of these are
bei ng used by that neuron to conpute -- to conpute --
here, in this case, we're showi ng how the output is
conputed of that -- the output of that neuron is
conput ed.

Q So the neuron x1, what information is passed in
the arrow going into the hidden |ayer?

A The value x1, and also -- the value in x1, but,
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al so,

I nput

wei gh
repre
li ke,
on th
al so
don't

gr aph

out pu

poi nt

| ater, you'll apply the weights, okay? Yeah.
Q Do you apply the weights when going fromthe
| ayer to the hidden | ayer?

A The hidden layer is really applying the

ts, but, graphically, different people can

sent things differently. Sonme people can put --
for illustration, sone people can put the weights

e arrows. Like, they would put WL. But you could

say -- | nean, the f is inplenmenting those, so you
have to do that. So it depends on how you

ically illustrate that.

Q The arrow going fromthe hidden |ayer to the

t layer, what information does that reflect?
A  The output of that -- which -- can you kind of
me out to which arrow you're --

Q Sure. The topnost one that goes fromfW, 1 to

f\W2, 1.

or, |

out pu

i ke,
the f
the t

A Ckay. Yeah, this is the output of that node
i ke, neuron. Li ke, the fWon one neuron, the
t, is going as input to the next one.
Q \What is the value of that output?
A It's given as -- you could see the top --

if you -- do you see the equation on the bottom
WL(x)? And you could see one of the elenments on

opis fW, 1(x), and it's given by this equati on.
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The wei ghted sum of the input plus a bias rho.
Li ke, you see rho tinmes -- rho, like where there is
par ent heses?

Q Yes.

A Dot WL, 1, transpose, plus bl, 1, yeah.

Q So that equation that you just read off is the
val ue that's being passed fromfW., 1 into the out put
| ayer?

A This is the value of that, because once you
have a specific x, then you pass -- then you put it
there, and you pass the val ue, okay?

Q Does a neural network learn with one set of
| nputs and one set of outputs?

MR. STEIN: Objection; form

THE W TNESS: Again, like, these -- like, if
you can repeat the question.
BY MS. MOORE:

Q Does a neural network learn with one set of
I nputs and one set of outputs?

A It's out of context. | don't know. | nean, |
cannot answer this general question because you
mght -- I'"mnot sure, |ike, what the question is
asking, really. One set of inputs and one set of
out puts, what does that nean? Do you nean the training

dat a?
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Q Yes.
A Okay. Thank you. So it depends. You have

di fferent kinds of neural networks. Supervised neural

networks require training data as pairs, or, |ike, you
woul d have to have ground truth |ike you -- typically,
you have, like, input and desired output, like, not the
out put, actually, of the network, desired -- like, you

say, oh, ground truth.

So this is supervised, but you have al so
unsupervi sed training. You have weekly supervised
requi red. Unsupervised requires just inputs, okay?
You don't give another pair. So there are different
types of networKks.

Q So in a supervised neural network, does it
|l earn with one set of inputs and one set of outputs?
A Again, like, | don't like the term "one set,

one set," you know. |'m not sure that neans, what you
mean by one set of input, one set of outputs.
Typically, you have the data -- you know, training data
given in input sanple. If it's supervised, you like,
al so, to give the desired ground truth that's paired
wth that input sanple. So instead of saying one set,
one set |ike that...

Q Then would it be fair to say that it's one

pair, so one input and one desired output, then?
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A  Yeah, for each input sanple in the training
data, you like to give the target or ground truth --
what you call ground truth of desired outputs that
you'd like to reach.

Q In a feedf orward neural network, does the
I nput go into the top input layer, and then,
ultimately, the output comes out fromthe |ast |ayer?

MR. STEI N: Cbj ection; form

THE W TNESS: Coul d you repeat that question.
Feedf orward, you're saying?

BY M5. MOORE:

Q Yes. In a feedf orward neural network, does
I nput go into the top layer, and the output cones out
of the last |ayer?

MR. STEIN. Sane objection.

THE W TNESS: OQutputs are comng -- as we saw
here, you have outputs of the hidden |ayer, outputs of
the last layer. |t depends on -- you could define your
out put, okay? Sonetinmes we use these networks as
feature extractors, so sone people would take the
output to be the output of the first hidden |layer, and
they use it. They say, | want this.

So, really, I nmean, it depends on how you' ve
designing the network that -- what you're trying to

optim ze, and you could use several outputs, if you
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want, fromdifferent |ayers, even, in addition to the

| ast | ayer.

So it depends on the context. | cannot really

answer that question w thout context. And different

peopl e use different outputs fromdifferent

can be just one single output froma | ayer,

| ayers, or

but to do

sonething, to do -- so you could kind of nake use of

those four different things, and it depends on your

task, okay?

(M. Devkar joined the proceedings.)

BY MS. MOORE:

Q So let's say we have a feedforward neural

network that is for gaze correction.

A Yes.

Q The input would be the uncorrected gaze,

right?

A For gaze correction, yeah, | nean,

you

could -- you could say so. That's one exanple.

Q And the output would be the corrected gaze,

right?

A And the output of what? Could you be nore

specific? Wuld be the corrected gaze? The out put of

what ?
Q The feedforward neural network.

A Not necessarily.
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Q Wiy not?
A Because -- for exanple, let's go -- and | can
show you the figure. | nean, let's goto -- let's go

to page 115 of Exhibit 1003.

Q Ckay.

A Let me know when you're there.

Q I'mthere.

A So you could see this Figure 3, okay? You

could see -- | nean, random forest classifier here, but
It could have been a neural networKk.

You could see that the correction is done by
the warp and integrate nodule. Do you see that? Here,
this random forest classifier is given a pixel flow
feed or notion vector field, which gives you the
correction to be done, the -- what you need to make the
correction. So this will give you howto correct, and
then this is applied by another nodule called warp and
integrate to correct.

So in this case, the output of the machine
| earni ng of neural network or whatever you want to use
here is, like, the corrections -- like howto -- the
di spl acenent feed, how you want to warp your i nmage.

But then you take that and apply another editing

algorithmor -- that applies it like the warp and
i ntegrate here. So you see, it should be, like, within
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a context because different -- different systens woul d
ki nd of inplement different things.

Q So would you agree that in a feedforward
network, the information flows fromthe input |ayer to
t he output |ayer?

MR. STEIN: Cbj ection; form

THE WTNESS: | nmean, information is flow ng,
but, again, output -- | nmean, the |ast layer in here,
because it can be the output |ayer -- again, you could

take output fromany |layers, also, if you need to.
That's what |I'msaying. So it flows -- it flows
forward, yes. It flows forward.

BY M5. MOORE:

Q So then you agree that in a feedforward
network, information flows fromthe input |ayer to the
out put | ayer?

MR. STEIN: Objection; mscharacteri zes.

THE WTNESS: | agree it -- basically, it goes
forward through the layers, |ike, characterizing what's
out put and so forth, the last layer if you want to say
it, okay, and -- which can be your output or not, or
you want ot her |ayers to be output, so...

BY MS. MOORE:
Q And in that feedforward network, the

i nformation would flow from an input |ayer through
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hi dden | ayers to the output |ayer, right?

MR. STEIN: Objection; form

THE W TNESS: You have, as we saw in Figure 2,
a network -- the last |layer typically is called the
out put layer. The input -- the first layer is -- you
know, which is input, the input data, and you have
hi dden | ayers. That's a neural network, one of -- one
exanpl e of neural network.
BY MS. MOORE:

Q So do you agree or disagree that in the
feedf orward network, information would flow from an
I nput | ayer through hidden |ayers to the output |ayer?

MR. STEI N: Obj ection; form
THE WTNESS: It can flow that way.
BY MS. MOORE:

Q \VWhat is an objective function?

A You know, | discussed this, also, maybe for
the sake of it and to nmake it, also, easier when -- |
di scussed the objective function, also, in ny
decl aration as part of the background, you know, in
here. So let me just see.

So 14, like, if you go to page 14. Okay. So
when you want to train a neural -- if you go to 14 of
Exhi bit 1003, |ike, paragraph 28, | guess we start

there, but as witten here, |ike, when you want to
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train a neural network, you know, in addition to the
trai ning dataset, how are you going to train?

You require -- it's an optim zation, okay?
You want to determ ne these weights we tal ked about or
ot her paranmeters, so how do you determ ne these
wei ghts? You have to have a function that you
optim ze.

An optim zation, we call these objective

functions, okay? These objective functions can be cost

or gain. This cost usually -- or loss, also another
word -- you try to mnimze it. |If it's gained, you
try to maximze it. Typically, if it's a gain, we can

flipit, also, do a negative term mnus gain becones a
| 0ss.

And what, typically, we use -- especially in
machi ne | earning, we use ¢gradi ent descent techniques,
stochastic gradient, to mnimze that function. But
that said, if we take this objective function and we
say we have the training data, you know, you want to
| earn using the training data or sone other factors
because a ot of time, we have regul arization, because
machine learning in a very -- for very general -- if
you want to solve a very general problemlike
everything in the world, nmachine | earning doesn't work.

A lot of time, we use prior know edge about
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our machi ne | earning, what task we're doing, for
exanpl e, gaze correction or sonething. So we have sone
prior know edge. Oh, | want this placenent feed.

want that. And we can put constraint. So a |ot of
time in optimzation, we have a | oss function subject
to constraints, okay?

These constraints get incorporated as terns in
t he objective functions through Lagrange nultipliers,
for exanple. You can add other ternms. So now your
obj ective function not only have the input -- the
pairs, the data training pairs, but, also, it has,
al so, other constraints to nake sure you nake use of
the prior know edge you have or other things you want
to achieve a better fit.

That said -- so when you're saying | want to
| earn fromthe training dataset, what does it nean?
You pass this training dataset to the network, so you
have to take into account -- take it into account in
t he objective function. So every termin your
obj ective function has to use what you're passing.
It's not -- otherwise, you're not using it, so you
woul d not pass it. The way you learn is through this
obj ective function and taki ng what got passed and
putting that there. |If you don't you do that, this

means you are not nmaking use of this information you're
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t aki ng, okay?

So | guess that's the gist of it. |If you
want, we can read, also, through nore because it's
written nmuch better in ny declaration. So if you want,
we can go through it unless | answered your question.

Q Is an objective function an equation?

A The objective function, we want to optin ze

with -- like, we express it as an expression. |

woul dn't -- | don't know equation -- |ike, equation,
sonet hi ng equals sonmething -- it's a function, function
equals -- yes, | nmean, this is like -- so we express it

in terms of the function that we want to optim ze, but
that function takes whatever you' re passing and you
want to use to learn

It should be inside of it. |[If it's not inside
it, this means you're not learning fromit, and you're
not using it. To learn you need to take into account
within the objective function of what you're passing to
|l earn from

Q One type of an |2 -- strike that.

One type of an objective function is an |2
di stance, right?

MR. STEIN: Objection; form

THE W TNESS: You could use the |2 distance,

yes. Typically, this is used with other terns for
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regul arization. By itself, it's not very -- | nean,
you could use an |2 distance or several |2 distances
w thin an objective function, not only one. | nean,
you coul d nmake your own objective function.

What objective function you use definitely
woul d affect the | earning of your network, so not only
the training data but what objective function you're
usi ng and how you're nmaki ng use of the training data
and other data to | earn, yes.

BY MS. MOORE:

Q |Is |2 distance an error ternf
A L2 distance? In -- it depends on the context,
again. If I"'mdoing -- it's a distance, okay? You

could use it to quantify the | oss, yes, you can.
Q Does |2 distance reflect the difference
bet ween a synt hesi zed out put and a ground truth?

MR. STEI N: Cbj ection; form

THE WTNESS: | wouldn't, |ike, answer --
| i ke, the question -- | nean, reflect in what way? You
decided to use it -- it doesn't -- depending -- | nean,

it depends what you're trying to reflect.

For exanmple, let ne give you an -- like, a --
for exanple, suppose you want to -- you synthesize
sonething, and it's noisy, okay? The |2 distance m ght

give you sonmething, but it won't tell you where the
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noise is. Maybe the noise is in the background rather
on the eyes you're trying to synthesize. You don't
care about the background. You care about the eyes.

The | 2 di stance doesn't give you this
i nf ornmati on. If the nose is on eye, you care about it,
and you need to know it. So the |2 distance, if you
take just the |2 distance, it just tell you that it's
sonme noi se, maybe, but you don't know where it is. So
It doesn't really reflect the real equality of this
entire picture. People use it sonetinmes for
mat hemati cal convenience to refl ect sonething.
BY MsS. MOORE:

Q So do you agree or disagree that the |2

di stance can correspond to the difference -- a
difference term between the output generated by a

machi ne | earni ng nodel and the correspondi ng ground

truth?

MR. STEIN: Objection; form

THE W TNESS: You could use 12 -- 12 as a
di stance, so you do distance, and you decide, | want to
use this as an error term Is it good or bad? It

depends on the application, what you're trying to do.
It m ght not be a good error term It can -- it
depends on the context, or it m ght be a good error

term It depends on the context and the objective you
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want to achi eve.
BY MS. MOORE:
Q So |l just want to ask it again to nake sure |
understand. Do you agree or disagree that the |2
di stance can correspond to a difference term between
t he out put generated by a nmachine | earning nodel and
t he correspondi ng ground truth?

MR. STEIN: Objection; asked and answer ed.

THE WTNESS: So the output, it can be between
any two things. It doesn't have to be necessarily --
you could take -- | want to use that to conpute a
difference, and | want to use it as ny performance
measure. You could. | nean, any two things, you could
decide to use it as you're saying if you want.

BY MS. MOORE:
Q \When do you assess the objective function? |Is
It during training or runtinme?

MR. STEIN: Objection; form

THE W TNESS: Okay. Definitely during the
training, you need the objective function. This is
definite. You need to -- the objective function to
train your network. Typically, we need sonething to
optim ze our networks, you know, and, typically, we use
t hese objective functions or cost functions or gain

functions, whatever you want to call them
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Now, during deploynment, a lot of tinme, you
want to assess the performance of your network, also,
to assess how well it is doing. So sonetinmes you could
be -- for known data, you could be testing it and
trying to assess its performance. And maybe if you see
that it's deviating fromthe performance you want, you
m ght want to retrain it or fine tune it or so forth.

So it depends, again, on the objective and
context of the question. Typically, if you just want
to run the network without assessing it at all, you
could be just running it and not using any term
because you don't care about assessing your perfornmance
and inproving the network or getting feedback. So it
depends, again, on the application.

BY MS. MOORE:

Q Let's look at paragraphs 56 and 57 of your
decl aration, which is Petitioner Exhibit 1003, and that
woul d be pages --

Ckay. Excuse ne.

-- 33. Let nme know when you get there.
Ckay. So paragraph 56 and 577

And 57, yes. Are you there?

> O » O >

Yes, yes, | amthere.
Q Okay. You say here that Mcrosoft has | ong

been a pioneer in gaze correction research, and then
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you cite to a 1999 article from M crosoft, a 2000, a
2002 and a 2017.
Do you see that?
A Yes. So 1999. | have 2000 in here. And in
57, there is a 2002, and then 2017, yes, that's right.
Q You have not opined that any of these
M crosoft publications listed in 56 and 57 invalidate
the '985 patent, right?
MR, STEIN: Objection --
THE W TNESS: My grounds, you know, that |

relied upon. You have ny grounds, and these, |ike, are
not the main references used in the grounds. | believe
sone are supportive references. W have to -- | don't

want to answer from nmenory.

In addition to my main references, | used sone
secondary references but just, |like, to support an
application or sonething, so these were not the main
references in ny grounds. | agree with that.

BY MS. MOORE:
Q Were they any of the references in any of your
grounds?

MR. STEI N: Cbj ection; form

THE W TNESS: Excuse ne. |'mnot sure.
can't answer fromnenory. | have to | ook because,
like, it's a big -- in here, we had grounds, and we
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have a | ot of references and exhibits. So we used sone
secondary references.

You know, | don't have the el ectronic version
to do the search to see if these were, |ike, nentioned
even in any of these grounds later. So we could -- |
could, like, if you want, go and |l ook in nmy declaration
if you want to give nme the tine.

BY MS. MOORE:

Q Wwell, did you list the grounds anywhere in
your decl aration?

A Excuse ne?

Q D dyou list the grounds anywhere in your
decl arati on?

A \What does that nean?

Q You said you wanted to | ook through the
grounds to see if they were in there. Did you |ist
t hem anywher e?

A | have in ny table of content the grounds

listed with which pages they start. So is this the

guestion?

Q Yes.

A  Yeah. | have the grounds, like, in the TOC
For exanple, you have |ike -- yeah, so, basically,

starting from page 53, you know, and then going further

on until, basically, the concluding -- through 208. So
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these are where | discuss the grounds in ny
decl arati on.

Q So the prior art that fornms your grounds is
Chal om Ganin, Aslan, G au, Pace and Liu.

Do you see that in your TOC?

A Yes, | see those in ny TOC.

Q And those prior art references are not any of
the ones cited in paragraph 56 or 57, right?

A In the TOC. But, for exanple, if we go -- |et
me -- |'ll show you an exanple what | nean, okay, so
that we are...

| recall we cite other references while
di scussing the ground. They're not |ike the one -- but
we cite themas exanples. So let nme just, like, try to
| ook to give you an exanple of what | nean.

Yeah, for exanple, just to give you an exanple
what | nean, |ike, on page 203 of ny declaration,
par agraph 383, but page 203.

Q Okay.

A Are you there? Yeah. So if you |ook at
page 203, for exanple, the second sentence there, |iKke,
| wite (as read):

"1t was when known that high-quality
gaze correction often involves texture

bl endi ng, which often involves
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filtering and brightness adjustnent."

And with respect to bl ending, of course, |
gi ve other exhibits. Do you see Exhibit 1037, 1038,
1039, 10587

Do you see that?

Q | do.

A Yeah. So these are not |ike the one you
menti oned based on ground, but like we do -- like, | do
here nmention other exhibits just, |ike, supportive,
saying this was well known or sonething, you know, so
that's what | neant, yeah.

Q But none of the references that you list in
par agraphs 56 or 57 are nentioned anywhere else in your
decl aration --

MR. STEIN: Objection.

THE W TNESS: You can do a search if you want.
| don't recall frommenory. | know they're |isted
there since we | ooked at them though, but | cannot
tell you -- | don't renenber fromnmenory this.

But maybe for you, it would search -- you'll
be able to see. | don't have now the el ectronic
version. | could look in my grounds and -- but this
wll take some tinme, | guess.

BY MS. MOORE:

Q Sure. Let's look at your table of contents.
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A  Okay.

Q Your first opinion is that the asserted clains
are anticipated by Ganin. Ganin is not any of the
references |isted in paragraph 56 or 57, is it?

A Yeah. So to answer your question a different
way, | nean, if this wll satisfy, if we look in the
TOC as part of the grounds here, in the TOC, they are
not nentioned.

Q And none of the references in paragraph 56 or
57 formany of your grounds for invalidity, right?

MR. STEIN:. Object; form asked and answered.

THE W TNESS: I nmean, based on ny TOC, ny nmain
reference are Ganin, Ganin in view of Liu. Let ne see
here. Yeah. And then | have Aslan, Chal om and G au,
Pace fromthe TOC. These are the main and secondary
references in here. Sone other things are listed as
supporting sonme other statenents |like as we saw.
BY MS. MOORE:

Q So |l think nmy question is nmuch sinpler here.
None of the references in paragraph 56 or 57 of your
decl aration formany of the grounds of invalidity in
your declaration, right?

MR. STEIN:. Objection; form asked and
answered a couple tines.

THE W TNESS: Per the TOC, | guess, | ooking at
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the TOC, these are not there, but, you know, | nean,
they're not the main for the invalidity of the ground,
yes. | mean, if you want that, whether | referenced

t hem sonewhere there, |'m not sure. | have to | ook.
Li ke, | showed you the exanple why | was saying that,
|i ke, to just -- yeah.

BY MS. MOORE:

Q Wll, the exanple you showed ne wasn't a
reference to any of the references in 56 or 57 either.

A  Yes. |[|'mshowng you that we do -- | do cite
some other references other than the ones in the TOC
that | base ny ground on that we have supporting
reference for some statenent. And that's why | can't
tell out of nmenory whether | -- | cite those anywhere
ot her than here, you know, so |I'm not sure.

Q So you think the USPTO got it wong when
I ssuing the '985 patent over Ganin, right?

A You know, based on -- like, my opinion are in
nmy decl aration, and, yeah, in view of -- this is
anticipated in view of Ganin as explained in ny
decl aration here, and | have other grounds, also, Ilike
obvi ousness.

Q But you think the exam ner was w ong when he
I ssued the '985 patent over Ganin?

A The exam ner overl ooked sone things, yeah. |
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di sagree with the exam ner
Q It's your opinion that each of the claim
elements in the '985 are expressly disclosed in Ganin?
MR. STEIN: Cbj ection; form
THE WTNESS: |In Ganin, they are disclosed,
antici pated by Ganin, disclosed in Ganin, expressly or
i nherently. Like whatever -- like, | discussed this,
| i ke, for each elenent in ny declaration.
BY MS. MOORE:
Q Well, is it your opinion that they are
expressly disclosed or inherently disclosed by Ganin?

MR. STEI N: Cbj ection; form

THE W TNESS: For each claim-- | don't want
to do it out of nmenory, because like I -- in detail,
| -- for every elenent, | go through it. So if you

want to point nme out to an el enent, because | don't
want to answer from nmenory in general sense and out of
context. So if you can point ne to the specific
element, | could reorient nyself, ook in ny
decl arati on and answer a questi on.
BY MS. MOORE:

Q Wuld you have said in your declaration
whet her you were opining that the anticipation was
I nherent or express for each claimelenent?

A | said it's anticipated by Ganin in here |ike
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I n paragraph 96. Each elenent is anticipated. And
then | go into each one of them and, |ike, for
exanple, 1[P], Ganin discloses -- expressly discloses
that and so forth.

| mean, we can go through it and just see in

here. But here, it is expressly disclosed -- like, |I'm
| ooki ng at sonme el enents here so far. It says
expressly disclosed, so -- and we can go -- |like, so

far, it's expressly disclosed. Yeah, so here, also
expressly.
Q So it's your opinion that Ganin expressly
di scl oses each of the claimelenents of the --
MR. STEIN: CObjection.
BY MS. MOORE:
Q -- '985 patent; is that fair?
MR. STEIN: Sanme objection for the question

asked previously.

THE W TNESS: Again, for each elenent, |I'd
li ke to be nore specific and not -- but for -- you
know, |ike, the elements -- fromwhat |'ve seen so far

but | didn't go through all of them whatever | sawis
expressly disclosed. That said, | nean, if you can be
nore specific, then we can go -- I1'll orient nyself
with ny declaration and answer better your question.

BY MS. MOORE:
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Q VWhat's the difference between an express
di scl osure versus an inherent disclosure of a claim
el ement ?

A Okay. This is a |legal question. | nean, |
know it nyself, but using my own ternms and to keep it
with the legal, | have -- | guess | put sone | egal
here. |'Il see if it's there. If it's not, I'Ill try
to the best of ny know edge -- of ny ability to express
it, basically, but | prefer, if | already wote it
down, to go there. Let's see.

Ckay.

THE REPORTER: Doctor, could I ask you to | ook
forward when you speak, please.

THE W TNESS: Oh, | ook forward? OCkay.

THE REPORTER: Yes, so | can see you. Yes.

THE W TNESS: Yeah, like, it's hard with the
conmput er because -- okay. [I'Ill try. Like, this is
fine?

THE REPORTER: Yes.

THE W TNESS: Yeah? Ckay.

So if you goto -- like, this is Exhibit 1003,
paragraph 88. You see? So | wote that (as read):

"1 understand that anticipation of a

claimrequires that every el enment of

the claimbe disclosed expressly or
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inherently in a single prior art
reference, in conbination, as clainmed.
| understand that a single prior art
reference may anticipate clains
wi t hout expressly disclosing a feature
of the clainmed invention if that
feature is necessarily present, or
i nherent, in that reference. |
understand that a reference is read
fromthe perspective of one of
ordinary" -- like a POSA, you know - -
"at the tinme of the invention."
BY MS. MOORE:
Q \What does it nean for a feature to be

I nherently within a reference?

A For example, |I'mdrinking water here. | nean,
we know H20 -- water is H20 i nherently present in here.
Q Can you give ne another exanple? |'m not

under st andi ng what you're neaning by that.

A For example, if sonmebody said, like, the claim
limtation requires hydrogen to be present, and
sonebody nentions water, so the hydrogen limtation is,
i ke, inherently present in the water. Like, when I

say "water," hydrogen is there. You don't have to say,

Oh, they have to expressly say hydrogen. This is an
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exanpl e.

Q \What test did you apply for determ ning
whet her a prior art reference inherently discloses a
claimel ement?

A You know, we have to be specific here,
because, again, | discuss each el enent of the claimand
how | did things and why | think this is the case. And
| wouldn't want to answer out of generality, because
each claimelenent is different.

And, again, as | told you, |I don't want to
answer out of nenory. Whether | had disclosed any
I nherent feature here, | don't renenber. It's
very -- it's already discussed in ny declaration. So
if you point me out where |I'mdiscussing this inherent
thing, I wll be, then, happy to answer your question.

Q And I'mjust asking what test you woul d
apply --

A You woul d?

Q -- to whether a prior art reference would
I nherently disclose versus expressly disclose a claim
el ement .

A | mean, based on a POSA and based on the

understanding of the field and based on that |ike the

water, for exanple, in here. | mean, it's sonething
that -- inherent, | nean, as -- a POSA would know it's
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I nherent there. so this is the answer -- ny

this question.

answer to

Q So the test you applied for inherency was

whet her a POSA would know it's i nherent?

MR. STEIN: Objection; form m scharacteri zes.

THE WTNESS: | didn't say that, but this is
sonething that's, |ike, known, and definitely, a POSA
woul d know -- should know it's inherent, too, | nean,
yes. If it's inherent, the POSA should know that's
I nherent. It is |ike a necessary but not sufficiently
necessary condition. | don't want to answer out of
context, so if it's something specific, | wll be happy
to answer.

BY MS. MOORE:

Q Well, the tests that you apply woul d be

sonet hing you do for every claimelenent, whether it's

express or inherent, so I'mtrying to just understand,

when you deci ded sonet hing one way or the other, what

framewor k you were appl ying.

A Again, like, | don't really quite understand

the question, to tell you the truth. And --

and if you

give nme nore specific, maybe this would orient ne to

answer your question, but like that, | don't really
qui te understand the questi on.
Q Wwell, did you just assunme that every single
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claimel enent was expressly present in each

ref erence?

A No. You |look for it. | nmean, as a POSA,

i ke, you look at -- you know, especially fr
of the POSA, also, then you would need to --

be expressly -- you would know that this is

omthe | ens
it should

expressly

disclosed. | nean, if sonething is expressly

di scl osed, you woul d know, okay, this corres

ponds to

that, and it's expressly disclosed, yeah, so...

Q And if you didn't find an el enent expressly

di scl osed, what would you do next to decide
I nherently disclosed?
A It should be sonething that would n

contain that feature.

i f it was

ecessarily

Q Let's talk about Ganin. That's one of your
references that you rely on for a ground of invalidity
i n your declaration, right?

A Yes, | did.

Q @Ganin discloses a neural network, correct?

A Gani n di scloses -- yeah, | nean, one or nore
neural networks, a neural network, one or nore neural
net wor ks t here. | mean, we -- | nean, in ny
declaration, | point out at |east -- he has two neural
networ ks there, at |east.

Q So when | asked you if Ganin discloses a
neural network, you said Ganin discloses one or nore
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neur al net wor ks.

Do you recall that in your previous answer?

A Yeah. I1'mgoing to point you out, also, to --
al so, like, my declaration, I showthis, and like in --
li ke, | show those in ny declaration, also.

Q R ght. WlII, |I mean, ny question is that

Ganin never says it's one or nore neural networks, does

it?

A According to ny declaration, he does disclose
it's one or nore neural networks. There's, |ike, at
| east two neural networks there. | nean --

Q | nean, that's what you're saying, but Ganin

does not say that?

MR.
BY MS. MOORE:
Q @Gni

STEIN:. Objection; form Cbjection.

n has not used the term "one or nore

neural networks,"” does it?

MR. STEIN: Objection; form asked and
answer ed.

THE W TNESS: Actually, | could point you out
in Ganin where. |If you go to -- | nmean, it is in ny
declaration, and let ne see if | can -- but If we go to
t hat Exhi bit 1006, but the 1048, the one I -- this is

my -- the one | relied on, 1006.

One

noment. |If we go to page 18, again, this
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Is -- I'"mnot sure what | should say. Exhibit 1006 or
what here?
BY MS. MOORE:

Q Let's say 1048 since that's what we have in
the record right now and --

A Yeah. Again, | wll say 1048, which was what
| relied on as Exhibit 1006.

So if we go to what's put in Exhibit B
under 1048, and we go to page 18 -- okay.

In the Figure 10 caption -- one nonent in
here. So you could see, actually, (b) and (c), the
nodul es here, the .5 scal e processing nodul e, and,
al so, you have the (c), 1 tinme scale processing nodul e.
These are the two different neural networks, one
produci ng notion vector field at a nore -- |ess dense
notion vector field and one nore dense with a 1 tinme
scal e.

But not only that, if you go to (d) in Ganin,
Gani n says both nodels have the -- this structure, the
neural networks, the two neural networks, the one in
the .5 scale and the one in the 1 tine scale have the
sanme form these convolution layers. And | have this
in nmy declaration, and it is in Ganin, also. So let go
me go to ny declaration to point you out to where,

al so, Ganin says that, basically.
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Q Yeah, that's ny point. | nean, | realize
that's what you wanted to say, but Ganin never calls

t hose "neural networks," does it? |t says "processing

nodul e. "

MR. STEIN: Objection; form

THE W TNESS: These convol ution | ayers, you
know, | nean, these are neural networks, convolution
| ayers. You know, | don't want to answer from nenory.
| discuss this in ny declaration, so | want to -- just
give ne a nonent to orient nyself and find that -- what

Ganin is saying, and I'mreferring to Ganin and what --
where he's saying so, et cetera. One nonent. | want
to find the right portion.

Ckay. | refer you to page 64. This is
paragraph 112 of Exhibit 1003, but page 64. And so I'm
li ke -- you could see -- like, you see that in here --
okay. So I'm-- like, maybe let's start with the third
sentence (as read):

"According to Ganin, each of the two

processi ng nodules is a machine

| earning algorithm conprising a

neural networ k having convol ution

| ayers. "

When you see convolution |ayers, and these are

two separate -- these are two separate neural networks,
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but in addition, if we continue, you see page 17, and
there is a parentheses open? The architecture --
architectures, with an s, the architectures of the two
wor ki ng nodul es, but the neural network here are sane.

Why |'m putting of the convol uti on neural
net wor k, because are sane and are shown in Figure
10(d). This is a convolution neural network, and the
architectures are sane, so each one, the architectures
-- the convolution layers are the sanme, and these are
two architectures here, and each one has a convol ution
| ayer, convol ution neural network.

And this is referenced in Figure 10(d)
clearly, these architectures being neural networks
that's in the .5 scale nodule and in the 1 time scale
nodul e. And, you know, you could see that S is used
here, a plural.

So, yeah, indeed -- as a POSA, | nean, and
havi ng al so techni cal expert, indeed, Ganin is
di sclosing at | east two neural networks here.

BY MS. MOORE:
Q OCkay. So when Ganin says it's a single
architecture, it's lying?

MR. STEIN: Objection; form

THE WTNESS: |'m saying here that you cannot
take things out of context. So you can see now Ganin
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hi mself is saying "architectures" here with an s, but
you're nentioning that Ganin, also, is saying "single"
al so before.

| mean, an architecture can contain several
architectures within it, and you could say this is ny
architecture that consists of ten neural networks
inside. Still, it's a -- it's like nore conpl ex
archi tecture.

It's like a set you put in another set, and
you have a bigger set, and you can have several sets
within a set. You could call them subsets. You could
still call them npdels. You could call them still,
architectures there, and these, all together, they
conprise a bigger architecture and --

(Si mul t aneous speaking - unreportable.)

THE WTNESS: -- the context. Like, here, you
have s, architectures, so are -- you know, so -- and
before -- that's why we shouldn't take things out of
cont ext .

BY MS. MOORE:
Q Single nmeans one, right?

MR. STEI N: Cbj ection; form

THE W TNESS: One of what? You know - -
BY MS. MOORE:

Q |I'masking you, what does single nean? It
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means one, right?
MR. STEIN: Objection; form
THE W TNESS: Si ngl e neans -- okay.

Si ngl e,

It depends on the context. Single can nean divorced or

married, and so it depends on the context and howit's

witten and how a POSA woul d under st and what

I's being

meant within the context that is being discussed.

And as a POSA, when you see here -- | just

showed you saying the architectures with an s here. So

you have two architecture within a system and al so, we

can call that systemthe architecture, whether -- you

know, and...

THE REPORTER: Counsel, when it's conveni ent,

my we take a break?

MS. MOORE: Sure. Let's just finish this |ast

coupl e of questions, and we can take a break.

BY MS. MOORE:

Q So your opinion, as a person of ordinary skill

In the art, is that single neans nore than one?

MR. STEIN: Objection; form asked and
answer ed.

THE WTNESS: | already said that | don't |ike
to take sonething out of context. You know, | like to
be -- | also expressed ny opinion that you could say an

architecture having architectures inside of

it, and I'm
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saying this is -- | put it in a single figure so |

could put things -- two architecture in a single place.
| can say "single figure." Yeah, it's one figure.
So saying single architecture does not -- does

not rule out many architectures within that bigger
single architecture. And |I'm show ng you here that
Ganin hinmself, if he nmentioned single architecture
bef ore, mentioning architectures with an s, later,
specifically, he's now discussing the neural networks
within that nore conplex architecture. And the neural
networ ks are architectures, because we have nore than
one in there.
BY MS. MOORE:
Q And I think nmy question was a | ot sinpler than
the very | ong answer you gave.
As a person of ordinary skill in the art,
whi ch you are, your opinion is that single neans nore
t han one?
A | didn't --
MR. STEIN: Objection to the form asked and

answered nultiple tines.

THE WTNESS: | didn't say that. No, |
di sagree. | said "single." It should be within the
context. |If one says "single figure," yes, it's one
figure. |If one said "single system"™ it's one single
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system but the systemitself can contain other

nmodul es.

It doesn't nmean -- it does not nean single
neural network if that is what you're -- like it does
not mean -- yes, as a POSA, single does not nmean single

neural network, because it's not saying single neural
network. Ganin never said single neural network.
BY MS. MOORE:

Q @Ganin also never says multiple neural

net wor ks - -
A He does. | just --
Q =-- or the nbdule is a network or that the fine

nodul e is a network?

A | disagree. | showed you Figure 10. |
referred to Figure 10, and ny discussion in the
decl aration, it clearly shows that you have at | east
two neural networks there, two convol ution neura
net wor ks, one belonging -- and they' re separated even
t here, even in Ganin.

And (b) is the first one with the convol ution
networ k inside, and 10(c) is the second one, and
furthernore, Ganin uses the plural the architectures
are the same as shown in Figure 10(d), because we have
two of them one in each nodul e.

Q Yes. They're called nodul es, not neural
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networks in Ganin, right?

(Si mul t aneous speaki ng - unreportable.)

MR. STEIN:. Objection to form

THE W TNESS: You see, these are not -- you
know, as a technical expert and a POSA, Ganin, also,
clearly shows that these nodul es have each one
convol uti on neural network architecture that -- he
shows it very clearly in 10(b), 10(c), and further
saying these share simlar form
BY MS. MOORE:

Q @Ganin never calls the fine or coarse warping
nmodul e a neural network, does it?

MR. STEIN: Objection; form asked and
answered at |east ten different tines.

THE WTNESS: | disagree. | don't want to
answer from nmenory. As a POSA, if | look at 10(c) and
| have a convolution layer, this is a neural network,
convol ution | ayers. Any POSA you ask, any -- and |
chal | enge any POSA is not going to tell me convol ution
| ayers is not a neural network.

| nmean, this is witten for sonebody -- it's
not witten for a |layman, Ganin, okay? Convol ution
| ayers, what is that? W just tal ked about it.
Layers, convolution, there is no other than a neural

network. Convol ution | ayers neans convol uti on neur al
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networ ks, period. This is 10(c). 10(b), you have
anot her convolution |ayers. That's another neural
net wor K.
BY MS. MOORE:

Q And the words "neural network" do not appear
i n any of those figures, right?

MR. STEIN:. Objection to form

THE W TNESS: Convolution |ayers is a neural
network. You don't have to necessarily put "neural."
Convolution -- | nmean, it's nore specific, because if
you put "neural network," neural network can be
anyt hi ng.

It can be tutorial. It can be a recurrent.

It can be anything. Convolution |layers is saying it's
t he convol uti on neural networks. That's what it neans.
BY MS. MOORE:

Q It doesn't appear anywhere in that figure,
does it?

MR. STEIN: Cbj ection; form asked and
answered now 11 --

THE W TNESS: Convolution | ayers neans neur al
network, okay? |It's a special type of neural network.
BY MS. MOORE:

Q Do you see the words "neural network" in that

figure you' re | ooking at?

Page 88

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o0 b~ wWw N P

N N N N NN P P P P P P PP PR
o A W N B O © 00 N O O b~ wWw N +—» O

MR. STEI N: Cbj ection; form

THE WTNESS: | see convolution |ayers, which
Is a neural network, okay? And, also, | see the
di agram (d), which shows all the aspects of a neural
network including a conv 5 by 5 -- here, | need to use
my -- you see the conv 5 by 5, 16 maps, that's a known
neural network kernel.

Batch nornmalization, a known neural network
| ayer. RelLU, a known -- this is the nonlinear, also
known. Conv 3 by 3, 32 maps, known neural network
conversion, neural network |layer. Batch nornalization
again. RelLU again.

THE REPORTER: You're going too fast, Doctor.

Pl ease sl ow down.

THE W TNESS: Sorry, sorry. So if you | ook at

(d), which is what conv | ayers are, you could see the

neural network structure, conv 5 by 5, conv 3 by 3 with

the batch normalization of each one of them conv 3 by
3, all these layers, conv 1 by 1, et cetera, conv 1 by
1 --

THE REPORTER: You're reading too fast,
Doct or.

THE W TNESS: Okay. So you could see the --
apol ogi ze for reading fast.

So Figure 10(d), you could see the
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structure -- the convolution that's known. It's a
known -- very nuch known by all POSA of the structure
of a convol ution neural network consisting of a conv 5
by 5 | ayer, the 16 maps, then foll owed by conv 3 by

3 -- convis c-o0-n-v -- followed by ReLU, which is the
nonl i near function, followed by another conv 3 by 3

| ayer, followed by, also, the conv 1 by 1 |ayer and,

al so, conv -- another conv 1 by 1.

So several convolution |ayers, and this is

specific, and the neural network -- that's the neural
net wor k convol ution -- known convol ution neura
net wor k. Il nmean, | -- no POSA would tell you this is

not a neural network.
BY MS. MOORE:
Q And ny question is very, very sinple. Figure
10, the words "neural network" do not appear anywhere
init, do they?
MR. STEIN: Objection; form asked and
answered 15 tines.

THE W TNESS:. Whet her they appear or not,

that's the convolution -- convolution |layers is a
neural network. It is known, and if | was Ganin
witing this paper -- this is like -- | would put conv,
al so, like that because this is for the techni cal
peopl e.
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When you are witing a technical document, you
don't want to put things that are -- you're witing a
figure. You want to put sonething that's nore
illustrative. You want to put that's the convol uti onal
| ayer here rather than saying NN. And it's known.
Conv layer is like -- conv layer is a neural networKk.

That's what |'m sayi ng.

lt's like -- like, to give an -- | don't
know -- an exanple, | nean, if this is a technical
docunment, writing NN doesn't fit the purpose of -- we

need to know what this neural network is, so we use the
conv layers to explicitly disclose the convol ution
neural network, okay? | will stop here, | guess.
M5. MOORE: | think, Nadia, did you need a
break?
THE REPORTER: Yes, please.
(Recess.)
BY MS. MOORE:
Q Dr. Karam you understand you're still under
oat h?
A Yes.
Q Let's look at Figure 4 of Ganin, if you would,
and | et ne know when you get there.
A Ckay. Do you want ne to -- okay. Figure 4,
Ganin. This would be Exhibit 1048. The Exhibit 1048,
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i ke,

t hen

t hat

| ower

which is Exhibit 1006 that | -- just to -- and
|'"'mgoing to page 8 that is Figure 4?
Q Yes. Are you there?
A Yes.
Q On the right-hand side of Figure 4, do you see
it contains an exanple of two training pairs?
A Yes.
Q The upper imges are the input inmges, and the
| mges are the output inages, right?
A Yes.
Q \Wat is neant here by input inmge?

A This is within the context of the training

dat aset, okay? So that's the input inmage that's going

to be input, and then you have the desired ground truth

i fo

take it in the context of training dataset, which

iIs the bottom

Q And there's only one ground truth per input,

right?

MR. STEIN: Cbj ection; form

THE WTNESS: It depends on the context.
Actual ly, even Ganin and others -- typically, for the
sanme subj ect, you can take several inmages, and you

coul d assign the sane ground truth to it. So,

basically, the sanme subject can be | ooking left, right,

t op,

bottom and the sane ground truth -- like, each
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one of these would have the sane ground truth.
BY MS. MOORE:

Q In Figure 4, there is one input and one
associ ated ground truth, right?

A That's an exanpl e.

MR, STEIN:. Objection to form

THE W TNESS: That's an exanple, yeah. That's
an exanpl e.
BY MS. MOORE:

Q Do you see any other ground truths here

besi des the two on the bottom of Figure 47

MR. STEIN: Cbj ection; form

THE W TNESS: | nmean, in Figure 4, they show
two sanple pairs of training data. One, they call an
I nput and one correspondi ng ground truth, you know.
BY MS. MOORE:

Q And what is a ground truth?

A | mean, here, it's not output inmage on the
bottom but two training pairs. And, again, in Gnin,
I f you |l ook at Section 4.2 on the sane page, "Training
Procedure," okay, and the ground truth or GI.

And you see they use an objective function,
al so, to assess the performance after -- this is gaze,
| i ke, correction, so to assess the performance of

obtaining the ground truth, whatever it is, so how far
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you are fromthe ground truth.
Q Is the ground truth the desired output?
A Desired output, yes, that's right.
Q How does having bad training data inpact the
function of a nmachine |earning algorithnf
A Bad training data?
Q Correct.
A Define bad. Just one nonent.
Q It doesn't do a good job of training the
machi ne | earning al gorithm
A So | believe you're answering the question,
t hen.
Q \What would be the output of a poorly-trained
machi ne | earni ng al gorithnf
MR. STEI N: Cbj ection; form
THE W TNESS: Okay. | nean, there are
different -- poorly is relative, you see? |It's
relative to what your objective is, okay? So there are
di fferent performance netrics in machine | earning. One
of themis to know whether the net -- what the nachine
| earni ng generalizes to unseen sanples, and if you
train on a training dataset, it does really well on the
dat aset .
But then you like it to -- usually, in

depl oynment, you like it to operate on sanples that are
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unseen that were not part of your dataset. And if it
doesn't performwell on these unseen sanples, that can
be taken as poor performance, you see, so there are
different nmetrics. So this records generalization
performance. W want to -- typically, we'd |ike our
machi ne learning to generalize to unseen sanpl es.
That's one of them

So doing well on the training dataset doesn't
mean it's going to do well for the task. And this
depends on the -- your objective function that you use,
on the network structure that you use, on the active
paraneters that you use. The training dataset is not
everything, many things.

So you could be doing real well on the
training dataset, but you don't generalize not only
because of your training dataset, because of nany ot her
factors, not using the right objective function, not
using the right structure that can perform your task,
so the structure of the network itself and the training
dat aset, whatever you want to train, on should be
representative of the task that you want to operate.

So there are a lot of factors, so it's not a single
answer to your question.
BY MS. MOORE:

Q So what would be the first step to inprove the
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performance of a machine learning algorithmthat is
perform ng poorly on unseen data?

MR. STEIN: Cbj ection; form

THE W TNESS: There are different -- it
depends on the architecture. And there are different
ways to, basically, inmprove on the network perfornmance.
| do talk about the generalization here, and the
underfitting in nmy declaration, by the way. And |
guess under the -- |ike, maybe page 14. Let's see.

THE REPORTER: What did you say? "Maybe"
what ?

THE W TNESS: Page 14, | believe, |ike, maybe
that's the section that | -- this is where | discuss,
i ke, this aspect, underperformance and so forth.

Yes. So if you go to, for exanple,
par agraph 30, 30 of ny declaration on page 15. So
par agraph 30 (as read):

"When training a machi ne | earning

nodel, it is inportant not only to

achieve a small error on the training

dat aset set but also to ensure that

t he trained nodel can generalize to

unseen data sanples.”

Thi s nmeans data sanples not included in this

part of the training.

Page 96

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o0 b~ wWw N P

N N N N NN P P P P P P PP PR
o A W N B O © 00 N O O b~ wWw N +—» O

So the generalization of the nodel is tested
by depl oying the trained nodel on unseen sanples |like a
testing dataset or validation dataset that you use that
you didn't -- that you did not choose for the training
and checking that the testing error is small enough,
and you check that -- you want to ensure the gap
between the training error. So you have a training
error, maybe, that small, but inportant -- the gap, how
far is the testing error fromit?

To have a small gap in addition to a snmall
training error is very inmportant. And otherwi se, if
you have a very small training error but the testing
error is wide, this is called overfitting. You're
doing really well on your training set and overfit it
because you have -- versus, like, the testing set,
you're not.

So it does not generalize. However, you can
have a |large training error also on the training set.
This nmeans underfitting. The nodel is not able to fit

wel |l the training dataset.

And these -- both of these should be avoi ded,
okay? And |'m saying, how can this -- |ike, exanples
of these, how can -- that if we continue on the next

page, same paragraph (as read):

“"This can be done by running the
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trai ning process through nore

iterations or restarting” --

You can restart the training with different
initialization of the weight or sone hyperparaneters
change by tuning the nodel hyperparaneters, and you
restart, and -- the training process or even addi ng
nore | ayers to the network.

So, typically, you have sone training data
that represent your task. And sonetines you have very
good training data, but the network structure cannot
sonetinmes fit because maybe the network structure can
underfit, because it cannot |learn that training
dat aset, because the structure of the network is not
really conpati bl e.

Maybe it's too snall to learn it. You need a

bi gger networ k because you have a pretty good training

dataset. So it's not -- so many factors there. So you
don't really just, like, no, increase nmy training
dataset. No, it doesn't work this way. Suppose you
have a good training dataset. Still your machine

| earni ng m ght not perform well.
BY MS. MOORE:

Q So the ways to inprove a poorly-perform ng
machi ne | earning algorithm are described by you in

paragraph 30, starting on page 16 at the "This can be
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done" sentence; is that correct?
A Well, sonme exanples, I'msaying. |'mnot
like -- it's not exhaustive. |It's |ike exanple of how
you coul d i nprove, okay?
Q But these are the ones that came to your m nd,
right?
MR. STEIN: QObjection --
THE W TNESS: These are perfectly -- these are
the m ni mum things you need to do.
BY MS. MOORE:
Q That's where you would start?
MR. STEIN: Cbj ection; form
THE WTNESS: No. |'msaying, at |east, I|ike,
do these things. Definitely, it's no-brainer that you
need a good training set to start that's representative
of your task because -- in addition to all of this
stuff in here, so this is no-brainer.
We're assum ng we have a good training
dataset. And even so, your network -- your nmachine
| earni ng m ght not be doing well because you're not
using the right objective function, you're not using
the right hyperparanmeters, you' re not using the right
initialization. Maybe you're not using the right
structure.

For example, in Figure 10(d) of Ganin, Figure
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10(d) of Ganin, you could see several convol utional

| ayers there, conv 5, 5; conv 3, 3; conv 1, 1, and you
have two conv 1, 1. How many |ayers you need to put,
you know? How many? So nmaybe one | ayer versus two
versus three versus ten, this can affect the
performance in terns of underfitting and overfitting.

MR. STEIN: And just one remn nder,

Dr. Karam -- sorry, Ashley -- but just give ne a couple
seconds to object just to make it easy for the court
reporter.

THE W TNESS: Yes. Thank you.

BY MsS. MOORE:
Q | knowit's hard, and it feels like a
conversation, and pausing is unnatural.

Let's look at Figure 7 for a mnute, and | et
me know when you get there. Figure 7 of Ganin, which
Is -- | guess we'll call Exhibit 1048 for now.

A Ckay. Figure 7 of Ganin. And let's see.
Okay. So Figure 7, this is on page 127

Q Yes. Are you there?

A Yes. Kind of | have a chall enge here because,

i ke, when |I'm holding the binder |ike that, it hides

my m crophone, so it's hard. Like, | want to tilt |ike
that, and -- so it's, like, alittle bit challenging.
Okay.
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Q If you'll look at the -- | guess I'Il call it
t he headings that are right above the figure that forns
Figure 7. Do you see those?

A Yeah. | see those, but -- yeah, | have to
rem nd nyself what the short names -- you know, they

are defined in here, so | have to see where Figure 7 is

di scussed, you know, and -- one nonment. And these
short notations -- yeah. For exanple, if you | ook, can
we -- can | say sonethi ng?

Q Sure.

A |If you |look at Section 4.3, there, the nodels

are listed, so |I'mdefining these shorthand notations.
| didn't nmenorize them That's why, yeah. Okay. So
yeah, now, | nmean, with this in reference, Section 4.3
and Figure 7, okay?

Q Sotell me what is nmeant by "lnput” in
Fi gure 7.

A Okay. Yes. So input is the input imge we
want to process by the system

Q And then the next colum over, it says "RF."
What does that nean?

A RF. One nmonent. Oh, yeah, | nmean, this is
| i ke random forest. So it's conpared with an exi sting
t echni que based on random forest.

Q So RF reflects the output of a random forest
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based nodel to correct the gaze; is that fair?
MR. STEIN: Objection; form
THE W TNESS: Yes, so RFis a system-- you

know, a prior art system |It's Reference 16, so let's
see 16 here. One nonent. |In that -- yeah, learning to
| ook up, you know, so this is -- we have this as one of

the exhibits, also, this Kononenko.

So it's conparing with the systemthat's
I ncorporate, integrate a random forest structure
classifier, so it's a conponent in that whole system
yeah.
BY MS. MOORE:

Q But the picture there under "RF, " that
represents the output fromthe random forest system
right?

MR. STEIN:. Objection; form

THE W TNESS: Random forest based system
Just like if you recall, renmenber when | pointed you
out to -- just like for the record, | pointed you
out -- and we can | ook at page 175 in ny declaration,
Exhi bit 1003. This is like Figure 3 in Chalom See
that? So page 175, Exhibit 1003, paragraph 328.
BY MS. MOORE:

Q Rght. M questionis sinply that that's the

out put, the picture there of the eye. It's the output?
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A  Yeah, but what | want to say, the random
forest doesn't output the corrected one. If you | ook
at Figure 3 of Chalom for exanple, it's outputting the
di spl acenent field, the flow. Then you have anot her
nodul e or an integrated with output, the ECClI, which is
t he corrected eye.

So, yeah, | nean, that's the output, not
necessarily, however, of the random forest classifier.
| just want to nake sure we are -- so it's an output of
the system that incorporates a random forest, just
to -- yeah, okay.

Q \Vhat does "CFW nean in Figure 77

A  So this is the coarse-to-fine warping. Like,
the system incorporated the coarse warping nodul e and
the fine warping nodule of Ganin in cascade.

Q And it's the output of the Ganin system
ri ght?

A It is the output --

MR. STEIN:. Objection to form

THE W TNESS: Here, it's showi ng, yeah, the
cascade.

MR. STEIN:. Objection; formon the | ast
guesti on.

BY MS. MOORE:
Q And "+LCM " what is that one in Figure 7?
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A Yeah, | know what that is, but | don't want to
do it fromnmenory. This is the light correction
nodule. So you could -- that's again -- | nmean, you
could al so cascade a light correction nodul e that woul d
i nprove the performance of the systemor -- you know,
yeah.

And this actually -- the light correction
nodul e can be inpl enented using a nonneural network.
And this is disclosed -- | discussed this in ny
decl aration, that this nodule, LCM can be done using a
neural network off the top.

So now we have three neural networks: The
coarse neural network, the fine neural network and the
| i ght correction nodule, which can al so be done using a
neural network, as discussed in nmy declaration.

BY MS. MOORE:

Q And "GTI" in Figure 7, what does that stand
for?

A The desired output that you like to achieve.

Q The objective function would then be neasuring
the difference between the GI and whi chever of these
outputs we were interested in; is that fair?

MR. STEIN: Objection; form

THE WTNESS: Not really. | nean, it depends.

Not only this. This can be a term but, also, usually,
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we add other factors in the objective function,
regul ari zati on factors, not only the ground truth.

And this -- plus you mght want to also -- for
exanpl e, in a student-teacher architecture, you m ght
want to add a termthat makes sure that the student
out put matches. The out put can be, again, the vector
di spl acenent field, the pixel flow, not the actual
I mge. So you want not only the ground truth, but you
want the flow that's predicted by the network to match
the teacher network, for exanple, as | discuss in ny
decl arati on.

So you can have a termthere that you want to
m nimze the di stance between those if you pass this
information. |If you're passing information fromthe
t eacher and you wanted to -- and you want to use this
information to teach the student, you have to then
I nclude it sonmehow in your optimzation. And,
typically, this is a termin your objective function,
so you take it, and you try to mnimze the distance.
That's how you | earn

O herwise, if you don't take it into
account -- so here in Ganin, | mean, he discusses,
typically, the objective function can be done to
train -- you incorporate in the objective function the

ternms that you want to optim ze, basically. You see?
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And if you want to optim ze the flow of the
first nodel, the coarse nodule, you want to

I ncorporate, also, that you are within the limtation

of the structure. That's saying, | want -- | don't
want to have a dense pixel flow. | want to have
coarse, but still, do your best to approxinmate ny

ground truths. You have to give the ground truths
t here, too.

So that first network, you have to give -- |
want to get these ground truths within ny constraint of
having a coarser flow. Same thing for the fine. You
say, | want to know -- also, estimate the ground truth
given now that | can have it finer.

In both of them you have to incorporate your
task so that you optim ze your network, and you pass
this in the objective -- in the training -- you have to
account for both in the training because you would |ike
themto estimate the network that woul d best match the

ground truths, but given the constraints that here |

want to have | ess dense, here | want -- flow, here, |
want to have higher dense flow. |I'mnot sure if I'm--
can you hear me well, by the way? | noticed ny binder

was on top of the mc. Mybe is this --
MS. MOORE: Yeah. W -- we can hear you.
THE W TNESS: Okay. Thank you. So -- so that
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obj ective function can take different forms, you know,
where -- but when you are training your network to do a
task, you have to optimze it based on the desired task
pl us the constraint to nake sure you incorporate prior
know edge that can hel p your task. Because
optim zati on has various sol utions.

And a lot of times these do not convert to
global m ninmum for sure. It's always finding a -- a
| ocal mnimum You want to direct it to your problem
to your task. So a lot -- so you have to incorporate
ot her constraint to make sure it directs to the right
mnimumthat's nore -- can achieve the nore desired
sol uti on.

And this is what we discussed. For exanple,
t eacher-student hel ps to have a teacher pass
i nformati on, because you can incorporate this also in
the training. And this would be one term of your
obj ective function, saying, okay, use this informtion
to nore direct the learning, for exanple. | don't know
I f this answers your question.
BY MS. MOORE:

Q I nean, it was, like, a four-m nute answer, so

who knows.

My question next is, the objective defined

function in Ganin, that is shown as equation 7 on --

Page 107

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o0 b~ wWw N P

N N N N NN P P P P P P PP PR
o A W N B O © 00 N O O b~ wWw N +—» O

let's see -- in section 4.5, page 13 of Exhibit 1048,

right?
A Ckay. I'mgoing there. Just one nonent. One
monment .
This is an inprovenent, he said, by
I ncorporating nore to adjust alignnent. |It's not part

of the original system That's what actually is being
said here. We found that result can be further
perceptually inproved. See 4 also. Yeah, if the
objective is slightly nodified to take into account.

So -- so here, he's show ng sonething that --
not part of maybe -- what | understood here -- because
it's calculated later. Figure 7 was produced not using
this function. Does this nake sense? Because this was
| ater discovered. And we found further inprovenent and
see the results there. That's how | take it. So it's
not, per se, the -- the objective function being used
to produce the result in Figure 7 based on the
di scussi on here.

And based on the fact that Figure 7 -- based
on the fact that Figure 7, where the -- like, if Figure
7 was di scussed before, which it was, | guess, no?
Yeah, so 4.4, Figure 7 was discussed.

And then 4.5, say, oh, we can do this also to

further inprove. So this is not the function that was
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used -- the function that was used to generate the
Figure 7.

Q Does Ganin give the objective function that
was used to generate Figure 77

MR, STEIN: Objection -- (Si mul t aneous
speaki ng - unreportable.)

THE W TNESS: Okay. |'msorry.

MR. STEIN: Yeah, objection; form

Thank you.

THE W TNESS: Okay. So under the training
procedure, you see if you |l ook at section 4.2, second
sentence (as read):

"We used a regular |2 distance between

synt hesi zed out put and the ground

truth as the objective function. W

tried to i nprove over this sinple

baseline in several ways."

So they tried different variations, according
to here, to put enphasis on the actual eye region. So
it's nore weighted towards the eye regi on versus -- SO
It's a weighted approach to adjust the distance. But
they said this weighting did not get any significant
| nprovenents.

Al so, they tried adversarial loss. That's

what |'mtal king about. You can have these terns,
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"adversarial |oss" added, et cetera. It

I nconcl usi ve, as the residual flow predi

x-scal e nodul e tends to be quite noisy.
"We attenpted to snoothen the
flowfield by inposing a total

variation penalty."

was al so
cted by the 1

(as read):

You know, sSo you see, Sso you try to regularize

by putting these regul arization terns.
they got these results, whatever regul ar
t hey used here, like total variation for
mean, | have the stanp of the M crosoft

cannot read this.

It happens when
i zation terms
t hem -- |

on this, so |

But anyhow, this total variation penalty was

not maybe the best they used. So they said, okay, the

| 2 1 oss was worse; however, this doesn't

I mply the

perceptual quality was worse. So that's what | was

trying to say. 12 is the distance. It

doesn't

necessarily reflect the perceptual quality of the

synt hesi zed i1 mage.

So the total variation resulted in a higher --

hi gher, basically, 12, but | don't knowif it was
better perceptually. | -- they don't talk about that.
But this is what I'mtalking -- | nean, in ny
declaration, by the way, | talk about this noisy field
and ways to approve it using also prior art that it
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woul d be -- that would be by incorporating other
t hi ngs, because here they're trying to inprove it by
doi ng these regul arization term

The total variation did not work for them
Ot her things would work. So if we want to take to the
m nimum at | east, they have a termthat's based on |2
and the | 2 based on this distance between the synthesis
out put and the ground truth, okay?
BY MS. MOORE:

Q Do you agree that the '985 patent clains

requi re that both M.As use the sanme training data?

MR. STEIN: Cbj ection; form

THE W TNESS: Yeah, based on the claim to ny
recollection, it requires using the sanme training data
based on ny recoll ection, okay? And we can see -- |
mean, | et ne check, because | do have the claim
el ements, no, in here.

And we can | ook at either one or ny
declaration, | understand. So |I'll go to ny
decl arati on, because it's handy. One nonent.

|"mgoing to go to page 53 of ny declaration,
Exhi bit 1003. There, we have -- on page 54, we have
the claimelenments |isted, okay? OCkay. So if we go to
claimelenent 1[ D] on page 54, and this is claim1 --

one el enent of the '985 patent, okay? (As read):
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"Using a first machi ne | earning
algorithmto generate first reference
data using the training data."
Then if you go to 1[E], claimelenent 1[E (as
read):
"...using a second nmachi ne | earning
algorithmto generate second reference
data using the sane training data as
the first machine | earning.”
BY MS. MOORE:
Q So was that a yes, both M.As of the '985
patent clains used the sane training data?
A Based on here, yeah, the claimelenents.
Q You applied the plain and ordinary nmeaning to

the '985 patent clains in your analysis, right?

A Yes.
Q I'msorry. You broke up. What did you say?
A Yes, yes. Maybe it is ny mc again. | don't

know.
Yes. Yes, | did.
Q \VWhat is the plain and ordi nary neani ng you
applied to the '985 patent term "training data"?
A Training data is data that's used for
training. And in the context of machine | earning,

for -- for training the machine |earning algorithmso
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that it learns how to performa task.

Q VWhat is the plain and ordi nary neani ng you
applied to the '985 claimterm"input patches"?

A And within the context by the way, | woul d
like just to put this in context. The claimelenment
1[ A] starts "receiving data conprising," you see,

"i nput patches."”
So the set of input patches according to the

985 claimelenents are part of the training data,

okay? And these patches, input patches -- and | talk

about this, by the way, in ny declaration so -- because
there it's very well -- because | discuss it, so that's
what | applied. So -- but you want |ike in the context

of just the claimel ements or what?

Q Yes. I|I'mjust trying to understand the plain
and ordi nary neaning you applied to the term "i nput
pat ches. "

A Ckay. OGCkay. | nean, taking the specification
I nto account and everything, you know -- | nean, we
have to take this, too -- because if you | ook, "input
patch,” is it a Band-Aid patch here? 1t's not.
mean, because there is no inmage being -- you see if you
| ook at the claimelenent, you don't see the word
"i mage" there, no?

But per the specification, this guide doesn't
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orient us to input patch being here, input patch a -- a
vi sual representation fromthe spec. It's not like a
Band- Aid patch, okay? So taking the specification as a
context, okay, the input patch would be an inmage

regi on, okay, that's being input. That's to be input
into a system

Q \VWhat is the plain and ordi nary neani ng you
applied to the "985 claimterm"target feature"?

A Again, taking the specification into account,
the specification of the '985 defined "target feature"
to be a specific -- and | talk about this in ny
decl arati on.

But it is |like a portion of this had
representation. Some exanple is given, and | wll tell
you where because -- to be nore -- to validate.

If you go to -- one nonent. Yeah. For
exanple, claim 18, for exanple -- and there is another
one, but this is -- claim18. |If you go to page 98 of
my declaration, so Exhibit 1003, page 98, you could see
there claim-- element 18[F] (as read):

"Wherein the target feature conprises

an eye region conprising at |east part

of an eye of the adjustnment of the

digital representation of the head."

And then continues can be a nose region, et
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cetera.

So target feature by itself if it wasn't
defined in the specification, it would be |ike
I ndefinite, you see. It would be anbiguous by itself.
But because in light of the specification, in |ight of
di sclosed also, it's understood to be what is being
di scl osed here like an eye region. So a portion of the
head, nose region, chin, so forth, okay? Neck region,
head regi on.

Q VWhat's the plain and ordinary neani ng you
applied to the '985 claimterm "out put patches"?

A Ckay. So given that this is the training
data, okay, and, you know, and it said "input patches,"”
"out put patches,"” so the output are the ground truth
desired patch, how you want the -- you would |ike the
overal |l task, okay, by your system

You would li ke the input patch -- whatever
your system vyou'd like the -- the output of a system
or a subsystemthat you're applying this to, you would
like it to estimate as closely as possi bl e that output
pat ch.

Q What is the plain and ordinary nmeani ng you
applied to the "985 claimterm "first machi ne | earning
al gorithnt?

A | mean, when | see "first machine | earning"
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and "second," this neans there are two machi ne | earning
al gorithns.
Q And what's the plain and ordinary nmeani ng you
applied to the '985 claimterm "machi ne | earning
al gorithnt?
A Machi ne | earning algorithm basically, |
defi ne what a nachine learning algorithmis in ny
declaration, and it's the plain and ordinary nmeaning to
be here. So I'lIl refer you to machi ne | earning,
page 11. It says (as read):
"Used a machi ne | earning al gorithm
al so referred as machi ne | earning

nodel is an algorithmthat [earns from

data to performa task or a class of

t asks. "
And I'"'mreferring to -- here | reference the
Exhi bit 1043, so what's -- one nonent, so, yeah. |

mean, the reference is (indiscernible) book, textbook.

THE REPORTER: "The reference i s" what?

THE WTNESS: |I'mreferring to a reference,
Exhi bit 1046 [sic]. Yeah. Sorry, Exhibit -- | take it
out. Exhibit 1043. 1-0-4-3. |I|I'msorry.

BY MS. MOORE:
Q \VWhat's the plain and ordi nary meani ng of the

"985 claimterm"first reference data"?
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A Again, | nean, we have to go by what the
specification -- because if you just take "first
reference data" by itself, it will be indefinitely.

But in light of the specification and in |ight also
|ater, | mean, the limtation in the claim If you go
toclaiml, | nean, again -- just one nonent here.

If we go to page 53 of that Exhibit 1003, 53,
page 53. And 54, page 54. So you can see claim
el ement 1[F] (as read):

"Wherein the first reference data

conprised first editing instructions

for a range of possible configurations

of the target feature and first

sel ection instructions for selecting

editing instructions for a particular

i nput patch fromthe first editing

i nstructions based on the

configuration of the target feature of

t he i nput patch.”

In the specification, it gives exanples of the
first editing instruction and first selection, et
cetera. So in preparing ny declaration, |I took all of
these into consideration, the specification, the claim
also the -- yeah, the claimlimtations, claimelenents

and the limtation and also file history, relevant
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portions there to see if anything was defined,
construed, et cetera.

Q So are you saying that the plain and ordinary
meani ng of the term"first reference data" is editing
instructions for adjusting the digital representation
of the head region for a range of possible digital
representati ons of the head region?

MR. STEI N: Cbj ection; form

THE WTNESS: | nean, it conprised first
editing for the range of the target feature. Okay.
One nonment. It -- no, | didn't say this. And I'm
reading here and it doesn't, like, say -- | nean,
reference data conprised editing and sel ecting
i nstructions.

And it's limted here, the editing
i nstructions for a range of -- representation of the
| nput patch. That's what's witten, you know, and
that's what | took. So you have a range of input patch
having different orientation, different -- so this
first reference data represents all of these editing
instructions. And this is further in 1[D], by the way.
This is how it explains, |like, generating and first
reference data conprising editing instructions.

| mean, here -- and, you know, for adjusting

the digital representation of the head. Yeah, for that
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task, it is adjusting the digital representation of the
head region, you know, within the '985 task bei ng done.
The task that's being done in '985 is teaching
adjusting the digital representation of the head
regi on.
BY MS5. MOORE:
Q \VWhat is the plain and ordi nary neani ng you
applied to the "985 claimterm"first editing
I nstructions"?
A You know, | discussed this throughout ny
decl aration, the editing instructions. There are
different types of editing instructions. Sonme exanples
are given in the specifications, one of them |ike a
pi xel flow field and notion vector displacenent fields.
These -- this editing instruction is disclosed
by the '985 patent also. So this -- this further -- |
mean, so we know that this is one exanple of editing
i nstructions that's being taught by the '985 patent.
Q What is the plain and ordinary nmeani ng you
applied to the '985 claimterm "second reference data"?
MR. STEIN: Objection; form
THE W TNESS: Okay. "Reference data" by
itself, first or second, they can -- they are -- if you
remove "first" and "second" fromthe claimelenents,

it's like the sanme definition for reference data, okay?
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And here, the second reference data is in
relati on of being produced by the second machi ne
| earning algorithm The first reference data is with
respect to being produced by the first machine | earning
al gorithm
BY MS. MOORE:

Q Are the first reference data and the second

reference data the sanme?

MR. STEIN: Objection; form

THE WTNESS: There is no limtation saying
t hey cannot be. It's this -- in here, to ny
recollection. There is no limtation saying that these
are not the sane. | nmean, in terns of the claim
limtations, |'m saying.
BY MS. MOORE:

Q \What is the plain and ordi nary neani ng you

applied to the "985 claimterm"first sel ection
I nstructions"?

MR. STEIN: Cbj ection; form

THE WTNESS: | nmean, | discuss also -- |
don't want to do out-of-content answer here, but |
di scussed -- and based on what's disclosed in the
specification, we could go to the "985 patent to see
how sel ection instructions are being disclosed.

But for a given -- as stated in the claim
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element 1[F], the selected instructions that are -- the
first reference data includes editing instructions and
al so selection instructions. The selection

I nstructions -- given a particular input patch, the

sel ection instruction would select the editing

I nstruction for that patch, okay, based on the
conputati on of that target patch.

So it's like the mechanismto select, to allow
you to select out of the editing instructions that are
there in the reference data for all conbination or
ranges of possible configuration of the patch. When
you have an input patch with a specific configuration,
the selection instructions are the means to select the
editing instruction for that patch out of the editing
I nstructions.

BY MS. MOORE:
Q Are the first selection instructions and
second sel ection instructions the sane --

MR. STEIN: Cbj ection; form
BY MS. MOORE:

Q =-- inthe '985 patent? Sorry.

MR. STEIN:. Sorry, Ashley.

Cbj ection; form

THE W TNESS: Again, | nean, there are no

limtations in the clains saying they should be
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different. They can be different for sure but also no
limtation that they -- saying they cannot -- they
don't -- they have to be different.
BY MS. MOORE:

Q Are the first editing instructions and the
second editing instructions the sane in the --

MR. STEIN: Objection.

BY MS. MOORE:

Q ~-- the "985 patent?
A | believe | answered this question also before
saying the clains do not |imt -- providing limtations

sayi ng these should be different.

Q Let's look at paragraph 115 of your
declaration. |It's on page -- it starts on page 66 of
Exhi bit 1003. And |let me know when you get there.

A | amthere, but like -- yeah. | amthere.

Q In your declaration, you say that the
synt hesi zed out put Ooutput could refer to both a coarse
out put Ocoarse and a final output O

Do you see that part of your declaration?

A Where is it, please? Wiich |ine? Wich --
no, | don't see it. Sorry.

Q So let's see. Probably the easiest way to
find it is to go to page 67, and it's the -- |ike, the

first, second and third |ines.

Page 122

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




o 00 A W DN

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25

Do you see it?

A One nonent .

Okay. So |I'mon page 67, just like (as read):
“I'n ny opinion" --

(Reading to self).

So which line? "Accordingly"” or --

Q The -- it was that first sentence that you
just started to read (as read):

"A PHOSI TA woul d have understood that
t he synt hesi zed out put Oout put coul d

refer to both coarse estimte Ocoarse
and final output O"

Do you see that?

A Yeah. | nean, there is Ooutput. And we're
referring this to not be out of the context. There is
(as read):

"Id. p. 8."
Let's see that. Like, so let's go to
page 8 to see what --

Q Well, hold on. | want to ask you questions
about that sentence, so that's why |I'm bringing you
there first.

So I just want to understand. "OQOcoarse," what
does that nean in that sentence?

A Actually, Ccoarse is just |like a notation to say
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it's the output. It's the output of the coarse nodul e.
That's what it neans.

Q And --

A (I'ndi scerni ble) any nodule -- any one, you
know, to say, okay, COcoarse is the output of the first
nodul e.

Q And "Ooutput,” what does that refer to?

A OQout put is the output of anything, of any

nmodule. It can be the coarse nodule output. It can be
the fine nodule output. And if you want to -- | nean,
you can include the output of each. | nean, these are
two different outputs, but they are outputs -- out.

When I"mtraining a network, this is an Oout.

The other is an Oout. However, when I'mwiting a paper,
| want to differentiate. So | give Ccoarse to the first
one to say, okay, that's the output of the first
module. And | can still give Oout as long as | have
sonething to distinguish the notation. But Ocoarse is an
Oout put for the coarse nodul e.

Q And what is "Ooutput"?

A Could you refer ne to where you' re seeing the

Oout put and -- where?

Q In the sentence on page 67.
A " m saying that the synthesized output could
refer to both, like -- |like, Ccoarse is an Ooutput and
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when -- when also the Ois an Ooutput, too. | nean, the
out put of the final nodule of the fine warping, fine
war pi ng nodule, is an output. At the sanme tinme, the
output of the first nodule is also an output.

In some certain applications, you m ght want
to use only that. For exanple, |ow bandwi dth or | ow
resources applications, you mght be satisfied at |east
with sonme corrections because you don't have a | ot of
resources. And it's a nice scal able system here.

Then if you have nore resources, you could
define it further. But still both should approxi mate
the target within your constraint, because one is
operating on a -- |like, on some constraint, saying, |
want a course field. One is saying, | can have nore
dense field.

So it depends on your application, but both
can produce an output that's adjusted that's doing the
task. The first one is adjusting based on a, |ike,
coarser, |less dense notion vector displacenment field
that's being made dense through interpolation rather
than estimation at every point fromthe network.

So you estimte at sonme point, and then you
interpolate to estimate using interpolation so it
becomes dense. But network is the estimation first.

The second one is using the network to nore
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refined estimation and produce a denser field, a nore
refined field. But both of them can produce the output
for the task. Both of them can produce an eye gaze
corrected image and that can approxi mate. And you
would like -- you want to train both networks to
approxi mate that ground truth and to do their best
based on the constraint. One is based on constraint
just approximate a | ess dense. Less dense field one,
nore dense field.
Q So the Ooutput reflects the eye gaze corrected

image; is that fair?

MR. STEIN:. QObjection; form

THE W TNESS: Not -- | nean, one nonent,
because | don't want to -- | want to -- that's why |

don't want to answer it out of context. That's why I

want to refer -- I'mreferring to page 8 and what
output refers to. Ganin teaches using, on page 8 -- so
if we go to page 8, basically, yes, | nean the

synt hesi zed out put and the ground truths.
Synt hesi zed Ooutput in here -- | nmean, if | just
take that sentence -- I'mnot sure it's -- Ooutput was
used before in Ganin sonmewhere to refer to sonething
el se, but -- one nonent.
For exanple, | want to -- | want to refer you

to equation 6, for exanple, nowin Ganin. This is
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Exhibit 10- -- 1048. And this is page 7 of the paper,
section 3.4. You could see here the output of the
nodel is used to nmodify using a single elenent that is
Ofinal. That's an output. That's an O output, too, you
see, but it's called Ofinal to distinguish it. Ocoarse is
an Ooutput. Oinal is a normal output. Oine is an Ooutput.
So, you see -- so that's still an output, an
OQoutput. |If you want to -- you would want to mininize
the distance, the |2 distance between this Oinal and the
ground truth if it's the inage. And how you do it, you
know, you put it in the objective function, but then
you express it in terns of the paraneters you want to
| earn.
The network ni ght not be |earning Ooutput or
Ofinal but might be learning the editing instructions to
get you to the Ooutput. So you express Ooutput in ternms of
that, and the network would learn it, although your
objective function is O out mnus the ground truth, but
you express O out in terns of what you want to |earn
the editing, the vector placenent field are the
paranmeters now, for exanple.
' m giving you an exanple. So what you're
| earni ng, the output of your network would be the
vector displacenment field, but you're using those to

make sure you learn them so that you get the O outputs
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you want that's as you close to -- to -- as you can to
the ground truth.

So even though your objective function, it
shows you a distance with the O out and the ground
truth, what you're learning is how O out was obtai ned.
It was obtained by learning a pixel flow These are
your paraneters. So you |learn those, and you have to
express it in your objective function.

When you programthe thing, you express O out
in ternms of the parameters you're learning and in terns
of these pixel displacenent fields. And then you |earn
those to get you that Ooutput. |'m hopefully -- | don't
know if | answered nore than your question, but...

BY MS. MOORE
Q I's Ocoarse used to calculate Oinal?

MR. STEIN: Objection; form

THE W TNESS: So excuse ne. | didn't get the
questi on.

BY MS. MOORE
Q Is Ccoarse used to calculate Oinal?
A Ocoarse used to calculate Oinal? |Is COcoarse used

to calculate O final? Meaning Ofinal in the sixth

equation here? | have like -- this is after the

l'ighting correction nodule. You -- the thing is that

there are -- you can use the coarse vector field, and
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you can either directly apply -- it depends how nmany

nodul es.

For exanple, | could take the coarse working
nodul e and add a light correcting feature to it. If |
did that, then -- so can you rephrase your question?
Is it like to -- is it like used to produce the final

output or to learn, you said? So | didn't really get
your question. To produce or to |learn?

Q To produce.

A You could use the coarse -- the vector field
and then the lighting correction. Yeah, if |I use the
coarse nodul e, for exanple, the nodel for I|ight
correction, then | learn the coarse field. Then
apply to produce Ccoarse, but what I'mlearning -- |I'm
| earni ng the coarse field.

And this produced the output of that stage by
applying the learned editing instructions based on the
target input patch | put. So |I get sone output. |If
it's the coarse nmodule, I'"'mcalling it Ccoarse to
differentiate fromthe lighting correction nodel, which
is called Oinal here if you use the lighting correction
nodul e.

I now have a lighting correction nodule. Then
| apply that, and | get Oinal. The lighting correction

modul e can be also learned -- part of it -- like, it
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can incorporate neural networks nodel that would | earn
the transformati on and the mappi ng.

In that case, the input to that next nodul e,
whi ch i s doing another task, lighting correction, would
be Ccoarse as input, okay, but the target is still the
ground truth because at the end of the day, you |learn
your network, the course network, you learn it to match
t he ground truth.

So all coarse should match as nuch as possible
the ground truth given the constraint of the coarse
field. But now when you're designing and | earning the
| i ghting network, you should also -- definitely you
want to learn it to approximate the ground truth, too,
to inprove the output of the first network as nmuch as
possible if there is an inprovenent and |learn to
produce still all ground truths.

So al ways you have the all ground truth being
a target at the end. And then it's going to | earn now
what ? The transformation, the mapping, to map the
| i ghting better so that it matches ground truth.

But at every level, |I'"m mtching the ground
truth. And if | want to | earn these together, | would
have an objective function with two terns, one for the
first one saying ground truths with the Ooutput of the

coarse network which we call Ocoarse here plus another
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term which is the lighting, Oinal, mnus the ground
truth. Plus | express Ofinal with respect to the
transformati on paraneters that |'m | earning.

How Ofinal is produced? | express it. Maybe
it's a weighted conbination of pixels, so | just do W
times whatever and | |learn these paraneters. | learn
the mapping. And then the network applies this to
produce it.

So I'"'m-- so that's how -- and you can apply
some weighting to these terns. But anything you want
to use to learn, you have to incorporate in your
obj ective function. And you want to put what you're
learning -- | nean, so it's the ground truth -- that's
the ground truth you want, you have to incorporate it
in your objective function.

(Ms. Fortier left the proceedings.)

BY MS. MOORE

Q Do you renmenber what ny question was?

A | --
MR. STEIN. Objection --
THE W TNESS: Yes.
MR. STEIN: | nean --
THE W TNESS: | believe your question was
whet her Ocoarse is producing the Ofinal. Now I explained

to you how it can be used to produce that, whether
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during training or whether during running, because you
have two stages to produce this.

BY MS. MOORE

Q Is your answer different if there is no
l'ighting correction nodel -- nodul e?
A If there is no lighting correction nodul e,

woul d stop at the output of the coarse nodul e, because
| don't want to correct it further. And ny objective
function woul d have one term wi t hout the second one,
wi t hout the |ight correction nodule, or I could -- for
example, or | could just -- also you could train them
i ndependent|ly where you train the first one and train
t he second one independently. But anyhow -- so both
are fine. So | answered your question during training
and during testing because didn't specify whether we're
tal king about training or testing.
Q Do you agree that the |2 distance described in

Ganin is a regular |12 distance between the single
synt hesi zed out put -- Ooutput and the single ground truth
gt as the objective function?

MR. STEIN. Objection; form

THE WTNESS: | nean, he states it's irregular
as to distance.
BY MS. MOORE

Q He states what? [|'msorry.
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A Section 4.2, second sentence in Ganin (as

read):
"We used irregular |2 distance."”

I s that your question?

Q Yes. VWhat is the |12 distance descri bed by

Gani n?

A Basically, it's like a -- usually,

you take --

here, if you have two matrices or vectors, you could

unroll the metric, scan it into a vector, or you take

poi nt by point difference and you square them and you

sum t hem okay? But you can also normalize

t hem by

di viding by the nunber. Sonetinmes you |eave it

unnormal i zed. So regular here doesn't nean
he tells us whether he's nornmalizing by divi

not. So like -- but that's the gist of it.

exactly --

di ng or

Q And you're referring to that second sentence

underneath section 4.2, "Training Procedure,"” right?

A Yes. Yes.

Q Let's | ook at section 4.5 of Ganin, which
Is -- Exhibit 1048 is the one that we're using.

A Yes.

Q Are you there?

A Yes, | amthere. | guess | just flipped to
it, although it's, like, very hard to manipulate this
bi g bi nder.
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Q It's entitled, "Incorporating Registration."

A Yes, yes.

Q Do you see equation 7 there?

A Yes, | see it.

Q That equation, is that an objective function?

A You could take it to be an objective function,
yes.

Q And it conpares the output Ooutput to the ground
truth?

A  Yeah, | see that.
Q Is Ogt or Oground truth the training data
out put used to train the Ganin M.A?
MR. STEIN. Objection; form
THE WTNESS: So are you -- can you clarify?
Are you saying is Ogt part of the training data?
BY Ms. MOORE
Q Correct. |Is Ogt part of the training data?
A Yeah. | nean, like if we go to the training
procedure, basically, to ny recollection, Ogt is
ground -- it should be part of the training data.
Ground truth, like it's not used except you could --
you could ignore it, too, even if you have it in the
training data and you're unsupervised during your --
you could use a nodification of that because you coul d

see here the distance changed in equation 7, for
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exanple. It's no longer a point by point. Do you see
that? It's changing. It's not using Ogt m nus O
anynmore. It's just used for turning it around for
alignnment in here.

So you can see here -- so they're taking Ogt
and enlarging it by adding to the border of it. You
see H+ 2k, W+ 2k and using it in the objective. So
they' re not using Ogt anynore as is but an enlarged one.
And the distance can be 12 or |1, he's saying, so it's
no | onger necessarily 2. You know, and he says |1
gi ves sharper results than | 2.

And he's saying that -- he's taking a cropped
version of Ogt with top left corner as position ING So
he's taking basically a pixel in the Ogt and cropping
it -- cropping -- taking a box around that. So he's
not taking Ogt anynore but taking different portions of
Ogt and trying to conpute a distance to incorporate
further alignment. So does this nake sense?

Q Do you know Dr. Saber?
A  Yeah, | know Dr. Saber

Q How |l ong have you known hin?

A You know, | don't want to answer this from
menmory. You know -- and plus, |ike, we net at
conferences. That's how we -- | got like -- | got to

know him at conferences, these | EEE conferences and so
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forth.

Have you ever worked with Dr. Saber?
No, we didn't coll aborate.

Are you famliar with Dr. Saber's work?
To sonme aspects, sone aspects of it.

What aspects?

> O >» O » O

| mean, he did work on -- on things related to
docunent processing and text processing and sonme inmage
processing. So work definitely, but it's nore -- | was
nore famliar when he was like at the start of his
career also in academ a.

Pl us, he was working at Xerox. So he was
focusing on text analysis, docunent analysis and things

| i ke that back then and sonme i mage processi ng work,

yeah.
Q Are you famliar with his qualifications?
A | mean, he's a -- he's like a, you know, |
woul d say like -- he's a full professor, tenured ful

professor, so this has its own nerit.

Q Do you have any reason to doubt that he's
gualified on the subject matter of the '985 patent?

A To tell you the truth, no comment over here.
| don't know his qualifications. | cannot assess his
qualifications with respect to the '985 patent and his

know edge about the subject. So this |I cannot coment
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on.
Q Do you believe himto be a person of ordinary
skill in the art?
A In light of the '985 patent, | cannot conment,
again. | cannot say he is or he's not. | -- yeah.

Q You don't know?
A I --

MR. STEIN: Objection.

THE WTNESS: -- wouldn't know because, Ii ke,
|"mnot famliar with him doing machine | earning work
until very recently. So that's why -- his work |I'm
famliar wth did not involve machine | earning before,
so that's why I kind of -- | don't want to comment on
t hat .

| haven't reviewed his machi ne | earning or
recent work in that area to coment. Based on ny
knowl edge and know edge of his work before, it doesn't
apply to the '985 patent.

BY MS. MOORE:

Q You don't know if he's done machine | earning
wor k?

A | haven't reviewed his recent machine | earning
wor k and what he has done. That's what |'m sayi ng,
| i ke, no comment on that, like, you know So | haven't

been referencing his work in any of ny papers or
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| ooking at it recently. And the -- you asked ne
whether | knew him and | told you I'mfamliar with
his earlier work nore than his |ater work.

So | cannot coment about his qualifications
in relation of the '985 patent. So |I'm not saying
anyt hi ng, neither positive nor negative, but | cannot
comrent, because |I'mnot famliar with his machine
| ear ni ng wor k.

Q Your other -- let's see. | think it's
ground 3 is a conbination of Chal om and Asl an; is that
right?

A Yes, that's right.

Q Chalomand Aslan is an obvi ousness
conbi nati on?

A Yes.

Q Chalomonly discloses one nachine | earning
algorithm right?

MR. STEI N: Obj ection; form

THE W TNESS: Just one nmonent. |'mjust
reorienting nyself also to this section on ny
declaration with -- so we have there the figures of

Chal om and everyt hi ng.

So, yeah, | nean, if you could | ook at
Figure 3, okay, what | want to say -- | nean, you
could -- let me -- could you |l ook at page 115 in ny
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decl arati on, paragraph 214.
BY M5. MOORE:
Q | see it.

A Yes. So you can see that first sentence (as

read):

"First, Chalomcontenplates that its

RFC 306 'may apply different random

forest nodels--" with an s.

And al so, you have ot her disclosures in Chal om
sayi ng he can have -- so here, by itself, |ike he does

teach nore than one machi ne | earning nodel because you
could have different machi ne | earning nodels and sanpl e
t oget her each one corresponding to different ranges or
subr anges.

So based on that and ot her disclosure by
Chalomin his specification, he does teach nore than
one machi ne | earni ng nodel .

Q So if you | ook at paragraph 209 of your
decl aration, you say it's your opinion that Chal om
di scloses all the features in claim11 except for the
training of two M.As.

What did you nean by that?

A Okay. So 209; is that right?
Q Yes.
A Okay. Okay. (Reading to self). Yeah, yeah,
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yeah. Wthin the claimlimtations of the '985 patent
requiring that you have, like, a first machine | earning
al gorithm passing information to the second nmachi ne

| earning algorithmis not expressly disclosed in
Chalom It's not expressly disclosed. That's what is
meant here.

So if you take the claimlimtations -- |

mean, Chal om does indeed -- through his specifications,
does -- he does teach an expressly disclosed training
nore than one machi ne | earning, but he doesn't, |iKke,

expressly disclose the elenents and |imtations of
claiml of the -- as taught in the patent. | nean, he
doesn't disclose training two MAs as taught by the
'985 patent. That's what's neant here.

Q \What is hindsight?

A Again, this is a legal question. So I'd |like
first to refer to ny declaration to see if | wote
anything about it, because this is -- | make sure |I'm
not expressing things -- not ina-- | nmean, it's
expressed nmuch better than it would be if it's witten.
Let's see if | have anything about it in here. |f not,
"1l tell you what --

THE REPORTER: Can you pl ease nove the binder
off your mc, Doctor.

THE W TNESS: Oh, thank you. |'msorry.
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Ckay.
(Ms. Fortier rejoined the proceedings.)
THE WTNESS: Okay. So | think in
paragraph 91 of Exhibit 1003, this is where | refer to
hi ndsi ght there, and | say (as read):
"I al so understand that when
consi dering the obvi ousness of a
patent claim one shoul d consi der
whet her a teaching, suggestion, or
notivation to conbine the references
exists to avoid inperm ssibly applying
hi ndsi ght when consi dering the prior
art.
"I understand this test should not be
applied rigidly, but that the test can
be inmportant to avoid such hindsight,"”
okay?
BY MS. MOORE:

Q So what is hindsight?

A So hindsight is, basically, after you read
sonet hi ng, you know, you get ideas fromit and now you
apply them You use that lens to apply it to the prior
art. But as | testified in nmy declaration, |I'musing
the lens of a POSA, which is prior to the filing date
of the '985 patent.
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And so this is to avoid any inperm ssible
hi ndsight, so I'm-- fromthe |lens of the POSA prior to
the filing date of the "985, |I'mavoiding this
hi ndsi ght here.

Q Well, let's be clear. You did read the '985

patent before you wote the declaration, right?

MR. STEIN: Objection; form

THE W TNESS: Definitely. Il nean, if |I'm

going to see and opi ne on sonething, whether it's

|i ke -- whether prior art teaches and discloses it, |
have to read it. But still, as a POSA with a | ens
prior to the filing date, |'m depending only on prior

art and their teaching and their disclosure. But |
have to show how this discloses what '985 is teaching
so -- and in ny declaration, | discuss that.

BY MS. MOORE:

Q Do you agree that all of the chall enged
I ndependent clainms of the '985 require a second MLA
that uses the first MLA's editing instructions?

A One nonent. Let ne go to the claimelenents
al so, because | don't want -- to answer your question
and | ook at them this would help nore and al so seeing
in the claimwhat you're asking.

So you're asking about the second machi ne

| earning algorithm is that right?
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Q |I'm asking whether the second nmachi ne | earning
al gorithmuses the first machine |learning algorithms
editing instructions.

A Ckay. So 19[E] on page 110 of ny decl arati on,
you can see the claimelenent related to that and the
limtations there. And -- to better answer your

guestion, you can see that claimelenent 19[E] (as

read):

"Using a second machi ne | earning

algorithmto generate second reference

data using the same training data of

the first" -- so first, we have the

sane training data there -- "and the

first reference data generated by the

first machine |earning algorithm"

And then it continues to clarify what part of
the first reference -- one nonent. Oh, yeah, later in
the claimelenent -- I"musing -- actually, |'m | ooking
at claim19. | want to ook at claiml1l, I'msorry,
because claim1 is nore relevant, | guess, to your
guestion. One nmonment. |'msorry.

So it's page, | guess, 125. Like because
we're looking -- that's where is -- like the claim

el ements are. Okay. Here we go. So it's page 125 and

126. The claimelenent that straddles it is on
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page 126

read):

1[ F] cont

of Exhibit 1003. So 1[E], claim1[E] (as

"Using a second machi ne | earning
algorithmto generate second reference
data using the same training data as
the first machine | earning.”

That's one (as read):

“"And the first reference data
generated by the first machine

| earning."

So we have the first, okay? But then claim
I nues saying (as read):

"Wherein the first reference data
conprised first editing instructions
for a range of possible configurations

of the target."”

And first -- but that said, | guess, |ike, we

have to nake use of nore claimlimtations, because

1[ D] should be also taken into account before 1[E].

we use - -

because 1[ D] says (as read):
"Using a first machine | earning
algorithmto generate first reference
data using the training data, the
first reference data conpri sing

editing instructions for adjusting the
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digital representation.”

So at 1[ D] level, we have the reference data
conprising editing instructions now. And now the
second machine learning algorithmis using this first
reference data generated. So far, in step 1[E], it's
-- you know, it's using the first reference data.

One part is the editing instruction, but here
Is not like the -- you know, so | don't know. It's
using the first reference data. That's what it's
saying. But in ny declaration, | applied this using
the first editing instruction of the reference data,
because based on the specifications also, it also
di scloses using first editing instruction part of the
first reference data.

The clains, they just say first reference
data. The claimelenment before that said first
reference conprising editing instruction, and then the
second is using it. The specifications showthat it's
using the editing instruction of the reference data.
Many figures in '985 show that, okay?

Q Sois that a yes, the "985 clains require a
second machine learning algorithmthat uses the first
machi ne |l earning algorithm s editing instructions?

A Yes.

MR. STEIN. Objection --
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THE WTNESS: |'msorry.

MR. STEIN:. -- form

THE W TNESS: So, basically, the -- |ike just
to, like, clarify, so the '985 patent based on the
claimand the specification discloses -- | nmean, the
claim they said the second machi ne | earning al gorithm
shoul d use the same training data and al so the first
reference data that's generated by the first machi ne
| earni ng al gorithm okay?

Now, the specification shall, using the first
editing instruction. That's what | can say. The claim
el ements kind of -- | nmean, the claim-- the 1] E]
doesn't say using the first editing instruction. It
just says, using the first reference data. The spec --
one part of using it, the spec discloses using the
first editing instruction. Does this nake sense? But
in the claimelement 1[E], it says just "and the first
reference data.”

BY MS. MOORE:

Q So l'mgoing to have to ask it again, because
| don't think you' ve answered. |Is it a yes, a no or an
| don't know? The '985 clains require a second nmachi ne
| earning algorithmthat uses the first nmachine | earning
algorithm s editing instructions?

A The first machine |earning algorithmreference
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data which conmprises editing instructions. So you
could use themfor sure, but to say reference data,
okay?

Q Wwell, what is the reference data if it does
not include the editing instructions?

A It does include the editing instructions, but
| ater on in the claimelenents, it includes also
selecting instructions, okay? So if you go at 1[§
or -- you know, or 1[F], "first reference data.”" So
1[F] claimelenent says (as read):

“"Wherein the first reference data

conprise first editing instructions

for a range and for selection

instructions for selecting editing."”

That said, | nean, you could use any part of
your first reference data, but in the specification,
Ganin teaches nore -- | nean discloses using the

editing. This is not explicitly expressed in the

clains.

So you're telling ne "claimelenent.” | want
to be nore specific. Claimelenent -- | nmean, show ne,
pl ease -- point nme out to your question. \Where does
the claimelenment say -- expressly say that you're

using the editing instructions of the reference data?

Where does it say?
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Q That's what |'m asking you, is, what's your
I nterpretati on? Does the second machi ne | earning
algorithmuse the first editing instructions?

MR. STEIN: Objection; asked and answered
three tines.

THE W TNESS: If it uses the -- the -- if the
second uses the first editing instruction, it does
satisfy the claimthat it's using the first reference
data. That's how | can answer. |t does satisfy and
di scl ose that claim

So if -- since the reference data has the
editing, if you have sonething using the first editing
i nstruction, this neans it's using the first reference
data, because it's part of the first reference data.
could -- this is nmy answer.

BY MS. MOORE:

Q So you think that when the second machi ne
| earning algorithmuses the first reference data, it
means any part, neaning sone or all of the reference
dat a?

A It could be. There is nothing limting saying
you have to use all of it.

Q Ckay.

A And even the specification shows not using all

of it, of the '985.

Page 148

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o b~ wWw N

O T N R R N T
o A~ W N P O © 00 N O 0o M W N +—, O

Q Chalomsays that its machine | earning
algorithmis fast enough for real-tinme inplenmentation.
Do you agree with that?
A Excuse ne --
MR, STEIN: Objection --
THE W TNESS: Can you repeat the question.
MR. STEIN. -- foundation.
BY MS. MOORE:
Q Chalomsays its machine learning algorithmis
fast enough for real-tinme inplenentation.
Do you agree with that?
MR. STEI N: Cbj ecti on; foundati on.

THE WTNESS: |'mdiscussing this in ny
decl aration, actually, and I"'m-- | quote this thing.
So let's go there and -- one nonent. | will go to
Chalom But | renenber discussing that and actually

tal ki ng about that, so | prefer to point you out to ny
decl aration about this. One nonent.

Coul d you point nme out in Chal om where,
basically, this is like stated so -- or | have -- |ike
| could ook in ny declaration, but we can | ook in
Chal om al so.

BY MS. MOORE:
Q So Chalomis Exhibit 1005.
A Uh- huh.
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Q Do you have that handy?

A Yes, | do. Exhibit 1005 is here. Uh-huh,
yeah, | do have it. Hopefully, I could -- yeah, it's
fine. It's |like the fine print here. | have to get
closer to it.

MR, STEIN:. [It's your first chance to use that
magni fyi ng gl ass.

THE W TNESS: Yeah. | nean, luckily, there
are no equations here that are small, but just in case,
| have ny magni fying gl ass here.

Yeah. Could you please point ne out to the
rel evant -- neanwhile, |I'll look into ny declaration
whil e you're doing that.

BY MS. MOORE:

Q So maybe it will be easier if we go to
page 114 of your declaration, paragraph 212.

A Okay. Let's see.

Q That is where Chal omteaches a machine
| earni ng systemthat is not only fast enough to support
real -time inplenmentation --

A Par agraph 212 on ny decl aration?

Q Yes.

A  Yeah, | was | ooking for that thing. |
remenber discussing it. So thank you. Yeah, and

l"'m-- we're quoting here where in Chalomit is. So
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what |'m saying here, like this is part of the
notivation to conmbine section. And it's stated here
(as read):

"“Chal om and Asl an are at | east

reasonably pertinent to this

efficiency versus accuracy problem™

Chal om t eaches a nmachine | earning systemt hat
Is not only fast enough to support real-tine
| npl enentati on but al so robust enough in terns of
quality. This is -- so (as read):

"e.qg., by 'reducing the histogram of

oriented gradient features' provided

to the Random Forest Classifier...

and predicting 'notion vectors...to

warp the eye.'"

And here we have where this is in Chal om
colum 1, 16 to 25. So -- okay. So that's the
problem For exanple, if we |look at colum 1, 16 to
25, he says (as read):

"Current techniques may not be fast

enough to support real-tine

i npl antation, may require speci al

addi ti onal canera hardware... may not

be robust enough.™

So this is where | quote that from |I|ike fast

Page 151

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o b~ W N P

N T T N N T e e e R R R N T e
o A W N P O © 0O N O 0o~ W N +—» O

and robust. And plus I quote it from9, 48-65. So
|l et's go, because | don't want to be tal king about
things -- | don't want to be tal king about things out
of context.

So here also, 48 to 65, Chalom states (as
read):

"Returning to Figure 3, any nunber of

eye contact corrected i nages may be

generated such as a video sequence of

eye contact corrected images. The

t echni ques di scussed herein may

provide for high quality -- may

provide for high quality eye contact

correction in real tinme. For exanple,

the di scussed processing as perforned

by system 200 may be perfornmed at a

rate such that videotel ephony,

vi deoconferencing or the like... in

real -ti ne between users."

Ckay. Yeah. So he's talking about there is
an -- there is an inportant -- there is an inportant
I ssue in existing techniques being not fast enough,

okay? And -- and not getting the quality needed and

he's trying -- his invention is to inprove on this by
making a faster and real-tinme -- and nore -- for
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real -time applications.
BY MS. MOORE:

Q So do you agree that Chal om di scloses a
machi ne | earning systemthat is fast enough to support
real -tinme inplenmentation?

A \VWhat is -- let nme tell you about real-tine,
because, like, | cannot answer your question for one
t hi ng, because |I don't want to answer it out of
context. Real-time -- | developed a real-tinme DSP
course that | taught and devel oped al so usi ng enbedded
system Real-tinme is relative.

For exanple, if you're driving your car and

you want to brake not to hit a pedestrian, you want the

real-time or the brake to -- real-tinme there is |ike
O mlliseconds or, like, very, very fast.
In a video, | nmean, real-time -- or in a slide

show, real-tine is one second. And a video, depending
on your video, is it 30 frames a second? 60 frames a
second? It can be. So real-tine is relative to the
application you' re considering. That one's first.

So whatever is real-tinme for Chal om m ght not
be sufficient real-time for other applications that
want nore high quality, for exanple, HD video.

Vi deot el ephony m ght be at | ower resolution. It is

using a lower resolution thing versus HD. And you want
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to, like, basically have HD quality in a nore
pr of essi onal setting.

Anot her inportant thing, you could actually
real-time if you use a super conputer. For exanple, to
achieve real-tinme using a system maybe | need a
hundred GPUs, whereas in other systens you can actually
real-time with 5 GPUs or 1. So you can al ways i nprove
on real-time. | nean, real-tine, he doesn't say here
how many GPUs he's using or whatever. He's saying, oh,
he wants real -time and faster than the other
t echni ques.

That said, when you | ook at Aslan, Aslan is --
they're considering limted resources and | ow power.
And you can see that there, also to | ow power, so for
devices with [imted resources |ike nobile tel ephone,
wear abl e, laptops. So this is what they're
consi dering, the | ow power constraints.

Wthin that constraint, with | ow power, so
| ess resources, how can you achieve real-tine? And
that's the inprovenent over Chal om because Chalomis
not considering limted resources and | ow power. So a
POSI TA | ooking at two devices with limted resources
woul d | ook at Aslan to inprove that.

And by the way, also, this is inline with the

probl em of the "985 patent. |In the beginning they're
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saying limted resources, low power. This is known in
the prior art by Aslan. That's the sane problem Asl an
I's tal king about. Aslan is saying |imted resources,

| ow power.

If you go to the '985 patent, go to the first
colum there -- actually, | want to show you -- | nean,
ot herwi se, Chal om woul d be good enough. But the '985
people didn't think so either. Aslan did not think so.

So if you go to colum 1 in Exhibit 1001,
colum 1 in Exhibit 1001. And this is, basically, the

'985 patent. If we go to colum 1 and 47 -- line 46
until maybe 55. Let's see if this is the one | want
to -- (as read):

"The present disclosure is concerned
w th process techniques (e.g., inmage
processi ng techni ques) for adjusting
digital representations (e.g., inmages)
of a head region to correct the

percei ved gaze and/or to inprove other
aspects of a conputer-

generated di splay of the head region.
The present disclosure is particularly
concerned with inplenmenting such
processi ng techni ques with m ni nal

demands on conputer hardware and/ or
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power" - -

Do you see that?

-- "such that they provide results at

or near input data frame rate or user

f eedback requirenents.”

So not only the real-tinme performnce here but
| ow power constraints, |limted resources. That's what
Asl an teach. That's the problem [It's not to the
'985. Chalomjust cares about real-tine. Did not
mention about |ow power; did not mention |limted
resour ces.

You could have real-tine with nmore resources,
with a bigger conputer desktop that you can nove
around. But if you want limted resources and | ow

power, it requires different techni ques which Aslan

sol ves using the teacher-student nodel. It's -- Aslan
exactly his -- |like he tal ks about the | ow power and
limted resources before -- and this was before the

' 985 patent.

M5. MOORE: Move to strike as --
THE REPORTER: Counsel -- Counsel, when
it's --
MS. MOORE: Yes?
THE REPORTER: When it's convenient, |'m going

to need a break, please.
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MS. MOORE: Sur e.

So nove to strike as nonresponsive.

Why don't we take a break, and then we'll try

It again.

MR. STEIN: | would object to that

moti on.

That was a perfectly responsive answer, before we go

of f the record.

MS. MOORE: It was a Si x-m nute non-answer.

MR. STEIN: She's entitled to respond as she

sees fit, and that's what she's doing. Her

fully responsive.

answer was

MS. MOORE: And contrary to her decl aration.

MR. STEIN:. No, it wasn't, but okay.

THE REPORTER: Shall we break, Counsel ?

MS5. MOORE: Yes. W're off -- we're off the

record, yeabh.
(Recess.)

BY MS. MOORE:

Q Dr. Karam you understand you're still under

oat h?

A Yes, | do.

Q Do you agree or disagree that Chal omteaches a

machi ne | earning systemthat is fast enough

real -time inplenentation?

to support

A | cannot answer this out of context. [
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menti oned what real-tinme nmeans. |t depends on the
context. He nentions he wants to inprove on things to
be faster and to support real-tine. That said, one can
al ways i nprove on real-tine.

And you -- |'mnot sure how nuch real-tine is.
| mean, you can always with nore resources achieve
real -time. Even these techniques he's tal king about,
exi sting techni ques, they could also achieve real-tine
wi th bigger resources.

So he's saying that's what his invention ains
to achieve. He's inproving on the real-tine
performance of previous techniques to nake them faster
for his invention. But how fast he is, | know he's
like a -- this is like a -- so real-tine is relative,
so | cannot agree really.

Q OCkay. So do we need to change paragraph 212
of your declaration where you say (as read):

"Chal om t eaches a nmmachi ne | earni ng

systemthat's fast enough to support

real -tinme inplenmentation"?

A So let's go --

MR. STEIN: Objection.

THE W TNESS: -- back to 212 of -- oh, sorry.

MR. STEIN: Yeah, just form objection.

THE W TNESS: Let's go back to 212 of ny
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decl arati on, okay?

Basically, let's go to where -- so we're
sayi ng "teaches a machine learning." That's what he's
stating and teaching. "Fast enough to support

real -time inplenentation.”

' m saying, yeah, it can support but here
there is no limt on the resources, okay? So it can
support real-tinme inplenentation given the right
resources. There's no limt on resources. But if you
want to limt to | ow power and have limted resources
for nobile, then you have to seek to i nprove on Chal om
I n order to have that.

BY MS. MOORE:
Q Chalomcreates high quality inmges, correct?
A Could you point me out to where high quality
IS nmentioned.

Q Do you have Chalom which is Exhibit 1005,

handy?

A Yeah. | can go to that. So 1005. Yeah, |I'm
t here.

Q And colum 9, line 50 says (as read):

"The techni ques di scussed herein,"
meani ng i nsi de Chalom "may provide
for high quality eye contact

correction in real tine."
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Do you see that?

A Colum -- which one? 97

Q Colum 9, |ine 50.

A  One monent. |'mgoing there. |I'mstill not
t here.

So colum 9, line 50 is referring to the --
(reading to self).

(As read):

" may provide."

“"May." There is "may," okay? It's not
guaranteed. (As read):

" may provide for high quality eye

contact correction in real tine."

“May," it depends on the situation and whet her
he has the perfect, like, input for his nethod. So
“may provide."

Q Yes. So there are instances where Chal om
provi des high quality inmages, right?

A | would Iike to say because one of ny areas of
expertise is imge quality, what does "high quality"
nmean? What does it -- | nmean, when you say "high
quality" or optinmum if you don't define optinmumwth
respect to what, it doesn't have any nmeaning. So high

quality with respect to what?

| mean, quality is relative, also. If |
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can -- so it depends on your application. |[If you can

i nprove the quality, high quality in what respect? HD
quality? SD quality? You know, videotel ephony
quality? So quality is relative again. So, yeah, |
mean, he may provide high quality -- whatever high
quality neans for Chalom-- for his particular setup,
resources, et cetera.

This doesn't nean we can't inprove on the
quality further in ternms of this -- his setup or
anot her setup with nore limted resources that you
could achieve simlar or high -- simlar quality or
hi gher quality with limted resources. So -- yeah, so
that's nmy answer.

Q So you are unable to understand what Chal om
means when it says that they -- the techniques in
Chal om can provide for high quality eye contact
correction?

MR. STEIN: Objection; m scharacteri zing.

THE WTNESS: |'mnot saying this. | nean,
what's mainly here is, |like, Chalomdisclosing that his
invention is trying to solve this problem of speeding
up existing techniques while keeping a good quality,
what -- that he calls high quality. W are maintaining
the quality too, okay?

But exactly what his quality is, he doesn't
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di scl ose how he neasured quality, how -- whatever. But
the inmportant thing this teaches us is that that's the
problem he's trying to solve, whichis in line with
every -- with |ike being discussed, which is in |ine
with Aslan.

That's why the notivation to conmbine, which is
also within the field of the -- also -- the problem
also is trying -- is -- also this issue was brought up
in '985. But the prior art -- Aslan brought it up,
too, and Chalomis bringing it up -- you can find other
al so patents, prior art bringing. It's all relative.

Li ke, you're trying to inprove. You inprove
up to a certain degree. Does this nean that you
reached the perfect quality? Not necessarily. W keep
| nprovi ng our quality because you can reach a very good
quality if you have a lot of resources. But now if |
put a constrain on you, | want |ow power and give ne --
give ne a good quality -- or whatever, high quality is.

So kind of that's what here is saying.
Definitely, I nean, Chalomis saying that his technique
| nproves on the real-tinme performance, inproves on --
| i ke generates high quality -- relative high quality
conpared to the other techniques.

This doesn't nean that you achieve -- you

cannot inprove on quality further and you cannot
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| nprove on the real-tine performance especially when --
with limted resources. Then it becones -- yeah, if
you have the -- you don't limt your power or
resources, it's easier to achieve the quality you need
with -- yeah.
BY MS. MOORE:

Q So you don't know what Chal om nmeans when it
says "high quality"?

MR. STEIN:. Objection; form asked and
answered at |east three tines.

THE WTNESS: |'mnot saying that, but Chal om
doesn't quantify how he neasures quality. He likes to
achieve quality that's as good as the other technique.
That's how, as a POSITA, | would understand that. So a
quality that's as good as the other techni que or
better, that's how | understand.

BY MS. MOORE:
Q Oher techniques that existed in October 20177
A \Vhatever technique he conpared to and he
references in his -- he has referenced in his, like,
patent application. So he considers these techniques,
and he's inproving on whatever he's -- | can say
what ever he's nmeaning at | east and referencing, he's
trying to i nprove on those. \Whether he achieves that

or not, I don't know. | nean, he's stating "my
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provide." In certain instances, this is what he's
stating.

Q And what are the other techniques that he
provi des high quality inmges conpared to?

A | didn't look into like a -- | don't recal
out of menory now what -- what he's conparing to. But
he's making the statenment that this is his objective,
Is to keep the quality, preserve the quality, whatever
high is. "H gh" neans different things to different
peopl e.

So -- and then while -- so he wants to
preserve certain quality while being able to be
real -tinme. That's what he's saying.

Q \What quality is he preserving?

A He said "high quality.” You know, it could be

based on an | 2 distance, |ike we discussed before,
because you can neasure quality. It can -- it could be
measur ed based on the perception nmetric. |t could be

very subjective quality at the end of the day. So his
high quality is relative to what he wants. | nean,
what quality preserve? W have to test the systens and
see, and you have to conduct subjective testing and so
forth. But that's his intent. That's the main thing.

| nmean, the spirit of that is Chal om wants

I ndeed to achieve to keep the quality that's acceptable
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to the users of the task while making it faster, okay?

Q \What is Chalom s paraneterized surface

fitting?
A Okay. | nean, it's a technique to conpress --
you know, you can paraneterize, |ike, for exanmple --

"1l give you an exanple. A line, okay? This is not a
surface but, like, for a -- a plane also is a surface.
You can paraneterize a plane now using just how many
paranmeters, |ike four parameters to a pl ane.

For a line, you have three: A B, C Ax +
By + C. So you have paraneters instead of |ike --

I nstead of sending every point on the line, you can
just give an equation with three paraneters.

So the plane also -- instead of sending every
point in the plane, so now you could represent surfaces
by sone basic surfaces, like spline. And you give only
the weights for those. And this way, you can generate
different surfaces. So you could express a surface
I nstead of sending every point using few paraneters.
That's what it is.

MR. STEIN:. There was a little bit of a
technical glitch there. Did everyone el se see that, or
was that just nme?

M5. MOORE: It was fine for ne. | don't know

for the court reporter. Nadia, was everything okay for
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you, or do we need to go back?

THE REPORTER: | didn't get a glitch.

MR. STEIN: Oh, okay. Sorry to interrupt,
Ashl ey.

MS. MOORE: ©Oh, no, that's okay.
BY MS. MOORE:

Q VWhat is Chaloms "pre-trained classifier"?

A Coul d you point nme out to the section you're
aski ng about and where it occurs in Chalomor in ny
declaration that's referring to Chal om

Q I'Il try and find it in your declaration just
SO we can use that.

Let's go to paragraph 244, which is on
page 134. And |let me know when you get there.

A Oay. I|I'mthere, but I'm-- yeah.

Q So in photograph 244, the second |ine of that
par agraph tal ks about Chalom s pre-trained classifier.

Do you see that?

A  Yeah, but | want to, like, put nyself --

nmyself into the context of that, so one nonent.
Ckay. So the questionis -- and | can go to
4, 19-22 just a nonent, also, in Chalom One nonent.
Because | want to --
Q Sure.

A -- make sure | know the context of that.
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Q And ny question is, what is Chaloms
pre-trained classifier?

A | mean, here, | nean, | -- | nean, pre-trained
classifier can be -- in Chalom | nmean, we can | ook at
the different -- where it occurs, but typically,
pre-trained classifier, |like, you could have a
classifier -- | nean, sonetinmes you could -- Chal om
based on sone enbodi nent uses pre-trained as the one to
be trained, like in sone enbodinents to ny recollection
and to the training of the classifier that you're going
to use during deploynent as the pre-trained classifier.
So that -- in sone enbodi nents, he said, yeah,
depl oying the pre-trained classifier, you see? So he
never -- like, he didn't use "trained classifier." He
used "pre-trained."” So training of the pre-trained,
he's reserving -- he's referring to the classifier.
That's -- that's -- you know, to -- |ike when he
deploys it, he called it pre-trained, too.

| don't -- | didn't -- to nmy recollection, |
didn't see in Chalom saying trained classifier. He
calls the trained classifier "pre-trained classifier."
That's according to ny recoll ection.

Q |Is a paraneterized surface fitting a way to
conpress the pre-trained classifier?

A If we go to Chalom Figure -- if you go to
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Figure 14. Okay. The |last stage here, you have 1406,

the block diagram This is in Chalom Exhibit 1005.

The last thing here, he says (as read):

"Conpressed Random For est
Cl assification based on paraneterized
surface fitting."

| nmean, he -- this is one where he doesn't

however talk at all how to do that, neaning, he just

say "conpressed,"” and he just nentioned you can use

surface fitting or any other suitable technique, by the

way. He said "or any other suitable technique.”
| discuss this in ny declaration. One moment ,
because -- let's see. One nonent. Yeah, so you can

see on paragraph 216 of ny declaration, page 116. So,

like, | wite (as read):

“"Alternatively, or in addition, Chal om

expressly notivates | ooking for ways

to further conpress its random forest

by indicating that '"it may be

conpressed using any suitable

t echni que or techniques.'

Here he's giving one exanple, but -- yeah, so
this is in Chalom line -- colum 15, line 4 to 7, if

you go there to give it context. So if we go to 15

where the -- (reading to self.)
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The pre- -- okay. So the pre- -- like, 6 --
colum 15, line 6, the pre-trained classifier may be
conpressed using any suitable technique or techniques.

I n an enbodi nent, the pre-trained classifier my be
conpressed based on paraneterized surface fitting. And
you' re using the processor.

Anyhow, okay. So generates. So this shows

that random forest for inplenentation --

THE REPORTER: |'msorry, | -- so that shows
what ?

THE W TNESS: Excuse nme? So |'m saying that,
like, line 6 and 7, Chal om di scl oses the pre-trained

classifier may be conpressed using any suitable

techni que or techniques and continues to say in an
enbodi nent the pre-trained classifier may be conpressed
based on paraneterized surface fitting. Yeah, so here.
"1l stop here.

BY MS. MOORE:

Q So that's a yes that paraneterized surface
fitting is a way to conpress the pre-trained
classifier?

MR, STEIN:. Objection; form m scharacteri zes.
THE WTNESS: This is one way that -- in an
enmbodi mrent channel -- will refer to using paraneterized

surface fitting to conpress the classifier.
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BY MS. MOORE:
Q Is having two nmachine |earning algorithms nore
conpl ex than having one?
MR. STEI N: Obj ection; form
THE W TNESS: Are you tal king about during
depl oynment or during training?
BY MS. MOORE:
Q WII take themone at atine. Let's start

with during training.

A Ckay. | nean, it -- it depends how you want
to doit. | mean, and so it depends on whether -- so
nore conplex, the conplexity in terns of -- it can go
both ways. |[If you have the right conbination and you

are doing the training, because they could help each
other, like the teacher-student conbination, and if
you're passing information fromone to the other, it
can speed up the training.

For exanple, if | take a network and |I want to
train it fromscratch, actually, it's going to take a
long tine to train. However, if | can have a teacher
already trained and then | make use of that teacher
to -- to, basically, train that, ny other network is

going to be faster.

So the training of that network will be faster
and it will learn to be nore accurate because it's
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trying to match the output of the teacher. So it helps
in that regard. At the same tinme, | could save on
resources. So that's the advantage of doing that.
That's -- you know, so given if you have
like -- and al so sonetines you could have al so two way
passi ng where the student |earns, then passes back.
And the situation may help al so give you a better
sol uti on.
Yes. And so it depends on your goals and
obj ectives and what you're trying to achieve.
Q \What are the factors that inpact the
conplexity of a machine | earning al gorithnt
A The factors that inpact the conplexity of a
machi ne | earning algorithnm? The nunber of paraneters
you need to train is one of them | nean, |'m saying
sone factors that can inpact, okay? Definitely having
a big training data. |f you have a |arge training data

set, you have to go through them

So this -- | nmean, can you define
"conplexity"? | nean, conplexity can be -- go in
different direction. | mean, what -- what do you nean

by "compl exity" when you're asking?
Q \well, the previous question was having two
MLAs is nore conplex than having one. And you

under st ood and answered that question, so whatever
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definition of conplexity you're using.

A  Yeah. Gkay. So based on that, what |'m
saying like in terns maybe that -- I'msaying if you
have nore data, bigger dataset, a nore conpl ex node
with a |lot of paranmeters, big structure, this can
affect the conplexity of your machine | earning training
and depl oynent -- deploynent later if it's, like, a big
structure. The training data is for the training
phase.

Q So | heard the nunmber of paraneters, the
amount of training data and the size of the structure.
Is there anything else that you can think of that
affects the conplexity of a machine | earning al gorithnf

A There are sone factors. | can't think now,

i ke, out of nmy menory of many things. You know, these
are sonme factors as an exanple. | don't want to be
up -- going, like, generally -- general -- out of
context stuff.

| f you can point nme to ny decl aration where |
di scuss that, | will be happy to maybe nore answer
within this context. But other than that, 1"l just
gi ve you exanpl es.

But again, it depends on your application,
your task, what you care about, because conplexity can

be relative to the context again. Like in our case,

Page 172

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o b~ wWw N

O T N R R N T
o A~ W N P O © 00 N O 0o M W N +—, O

| ow power. That's the context. You want to mnimze
power. So conplexity will get neasured in | ow power,
or limted resources, you want to -- so it depends on
what the task is.

But if you can point ne to ny declaration, if
| -- if | discuss that sonmewhere in nmy -- or sonmewhere
you need clarifications on, |'Il be happy to answer.

Q Wien you say it depends on your application,
what did you nean by that?

A Li ke when | discussed with you real-tine.

It's, like, relative. | mean, whether you're on a --
when you're driving a car and want to brake, | nean,
the real-tine there is like really -- it should be

quick. Oherwise, it's not real-tine, versus you're
wat ching a video. So sanme thing. |t depends on your
application, what conplexity factors you care about.
Q And when you said it depends on your task,
what did you nean by that?
A Again, driving versus watching a video.

Q So application and task are the sanme thing?

A | don't want to use this out of context. You
know, task can be used like -- | like to |ook at the
context. Now I|I'mtalking -- | don't want to do
general. | mean, task can be application. |t depends

on the context.
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Now |I'musing it when talking nowin terns of
this application, yes, but it could be in a different
cont ext neaning sonething else. So this is why | would
li ke to be nore specific, if you -- you know, point you
out to nmy declaration to the sane context. There |
woul d have to | ook and...

Q Yeah. |I'mlooking at the answer you gave ne a
nmonent ago. It says, "It depends on your application,
your task, what you care about because conplexity can
be relative."

So "application” and "task," are those the
sane things or different things in your answer?

A So let's renove task. So like it depends on

your application. Let's put that. |In that context, |
mean -- | was referring to the sanme thing, yeah.
Q OCkay. | appreciate that. | was just trying

t o understand your answer.
A No problem  Thanks.
Q Is it nore efficient to augnent a training
dat aset or to augnent the nunber of paranmeters in order
to nmake an MLA | ess conpl ex?
MR. STEI N: Cbj ection; form
THE W TNESS: Renenber, you have sonet hing you
want to achi eve, okay? And already like in ny

decl aration, | discuss overfitting, underfitting, et
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cetera, no? |f you go augnent your dataset and the
net wor Kk cannot handle this, you mght really cause
underfitting.

So these do not go -- we can't just say, oh, |
want to augnent ny dataset, and this is where | want
the efficiency. It doesn't work this way. And | nean,
t hese patents are not discussing training dataset in
ternms of the quality. They're assuming -- | nean, |ike

a POSI TA woul d assune the training dataset is adequate

for whatever it's doing to -- to learn. So they're
not -- you have to have a training dataset. This is
not being discussed, |ike the adequacy.

So given that you have a reasonabl e dat aset
that you can learn from augnmenting the dataset by
Itself is not going maybe to solve your problemif your
network is limted or the network is too conpl ex
already. And I nean, it -- like, we're assum ng here
we have the adequate dataset, okay? Now what can you
do with this adequate dataset? Your network m ght be
consumng a lot of resources. It cannot run real-tine.

Having a small network that can run -- well,
It cannot run on | ow power. Real-tinme on |ow power,
limted resources -- unlimted resources in real tine.
So having a smaller network, augnenting the dataset

nmore and nmore, the smaller network would not be able to
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| earn that. Usually, very, very -- like a very conpl ex
dat aset m ght require a bigger network. That's the
pr obl em

That's why this teacher-student conbination is
advant ageous, because you woul d have a bigger network
| earni ng and then passing the know edge. So this would
avoi d sone of the problens related to the overfitting,
underfitting, you know, that we discussed before.

A smal l er network m ght not be able to |earn
froma conpl ex dataset, because it doesn't have the
capabilities by itself. And that's why if you want to
do | ow power and -- while maintaining the quality, we
need this student -- this teacher-
student conbi nation is advantageous, because it hel ps
us achi eve that.

BY MS. MOORE:

Q Sois it easier to reduce the conplexity of an
MLA by decreasing the number of paraneters or
decreasi ng the anmount of training data?

A | would say that the training data -- you use
the training data that is representative of your task
Thi s shoul d be i ndependent of really -- you need the
good training data. You need to sanple enough to
represent your task. |If you don't have enough sanpl es,

you cannot generalize, you see? So sonme structures can
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| earn differently fromtraining data.

So we have to assune we have the good training
data to start with. And now what can we do? So the
probl em here at issue is not the training data, |I'm
sayi ng. Suppose you have a good training data and a
conpl ex network for your task, okay?

How can you have a smaller network |earn from
that? Having a smaller network, especially, you know,
a -- learn fromthat training data you have, the
smal  er network woul d not have good quality because
it's small and it cannot -- it cannot |earn everything
It needs to do.

So you need -- that's why the teacher-student
nodel woul d make sure that the student would learn from
the teacher, so it maintains the accuracy while
reduci ng the conplexity.

And if you renove that in between, it m ght be
problematic. You won't achieve the accuracy you need.
And you have -- and you're going to have | ower accuracy
and -- yeah.

Q \When you nentioned the size of the MA
structure as affecting conplexity, were you referring
to the paranmeters or sonething el se?

A | mean nunber of |ayers, paraneters in there.

And usually, these can go together because the nore
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| ayers, the nore paraneters you have. So -- and plus
the structure can affect, |ike sone structures are nore
efficient than others but the learning -- sone others
are nore conplex, can |learn nore, but sone are nore
ef ficient.

That said, for |ow power, you want to -- |
mean, you al ways want to inprove, you know, so given a
certain task, it requires sonme -- a certain conplexity
to learn it. And sonetinmes going beyond that wll
af fect your accuracy. You know, like, so given that,

I f you want to reduce your power and make it faster at
t he reduced power, you would need to reduce the
conpl exity.

And that's why the teacher-student nodel woul d
gi ve you that advantage, because it takes the know edge
of the teacher now, |earn, and passes it to the
student. In addition, the student is taking the
training data but also is taking that know edge -- the
knowl edge would bring the student to a level so that it
can deal better with that training data. W have a
different m ni mum

So if | can put you next to the m ninmum you
need to be close to, you will converge faster to that.
And that's what the teacher does. |t guides to the

mnimumthat is -- gives the better accuracy. And now
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the student would need to | earn around that instead of,
| i ke, starting fromscratch and the student is a
student and woul dn't know where to go. So that's the
whol e thing. And the student is the smaller network.
Q So you said sone structures are nore efficient

t han ot hers.

Can you tell nme what is a nore conpl ex exanpl e
of a structure versus a | ess conplex exanple of a
structure?

A At the level --

MR. STEIN: CObjection.

THE WTNESS: -- of the POSA? -- |I'msorry.

MR. STEIN: Objection; foundation, form

THE WTNESS: | nean, through -- | nmean, we --
| discuss in ny declaration, by the way, in here.
Remenber, | have to ook in the -- in the lens of a
POSA, okay? So |ooking at the prior art here, at |east
what |'m considering now for my declaration. Also,
here where | say -- one nonent. | have like a -- |
tal k about sonme exanpl es of this.

| have, like, a place where | tal k about Asl an
mentioning a deep neural network. | don't know if you
can point nme out to this because you have the outline,
| i ke a deep neural network being nore accurate, but

sonething -- then so that paragraph is what |I'm | ooking
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for here. Oh, yeah. | found it, | guess.
BY MS. MOORE:

Q Well, you nention three different
architectures in your declaration: Random forest,
neural networks and teacher-student architectures.

Can you tell nme between a random forest and a
neural network which one is nore efficient.

A Excuse ne. So | nentioned in ny -- in random
forest, neural network and -- could you point nme out
where in ny declaration?

Q The background.

A Background? Oh, | see. GCkay. Thank you.
Let's go there. 16:24- -- again, if we want to go to
t he background w thout going further -- and |'m just
| ooking at the TOC here. |t depends how big the neural
network is, how big the randomforest is, et cetera.

If | take a one-layer neural network but the
random forest with a hundred thousand trees and a | ot
of layers in the tree |like |levels and notes, | nean,

depends what we're tal king about.

So you have to look at -- you know, it can't
be -- it depends what |'mlooking at. So |I cannot
conpare apples to oranges. | would have to |ook at the

specific network and tell you, yeah, this network which

is this, like -- |like Aslan showing this or Chal om or

Page 180

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o b~ wWw N

O T N R R N T
o A~ W N P O © 00 N O 0o M W N +—, O

"985 or whatever. This particular network, because
they' ve given us the paraneters, they've given us --
it's billion versus this is -- then you can do the
anal ysi s.

Agai n, however, in ternms of the |earning, you
know, based on the prior art -- and al so, even the
985, likeinny -- let's go back to that. | just
found it and now | mssed it, the 400-sonethi ng-12.
224.

So Exhibit 1003, paragraph 224 -- so as
recogni zed by the '985 patent, |I'm saying (as read):

"It was well known at the tinme of the

"985 patent” -- this is |like the '985

disclosing it as prior art -- "that

usi ng random forest resulted in |ess

opti mal prediction accuracy as

conpared to deep convol uti onal neural

net wor ks for inmage

processi ng/cl assification tasks."

So this is, |like, based on sone prior art,
"985 even saying that random forest has often |ess
optimal prediction accuracy as conpared to deep
convol uti onal neural networks for inage
processi ng/ cl assi fication tasks.

This i1s for tasks of interest --
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Q M'am I'msorry. You' ve been talking for

li ke five mnutes, but I'"'m-- |I'mnot tal king about

accuracy. |'mtalking about efficiency.
you answer ny question?

A Efficiency. Okay. OCkay. So i

So can -- can

n terns of

efficiency, | go back and tell you in terns of, but

these -- you want to maintain the accuracy and the

efficiency, okay?

So, again, it depends on the network, but I

can tell you that with the sanme conplexity, random

forest versus deep convol utional network, with the sane

conplexity -- | nean, | don't want to answer based on
generality. But in general, like -- but | don't want
to answer in generality. | mean, deep neural network
has shown |i ke outstanding -- |like -- has shown

significant inprovenent in performance r
ot her, you know, machi ne-| earning al gori
random forest, but this depends on the t
depends on what you're | ooking at.

But in terms of, you know, the

elative to
t hms, including

ask again. It

performance on

i mge classification or a prediction and things, the

deep convol utional neural network has shown over a | ot

of tasks that they can perform better.
saying. And they can generalize better,

unseen data sanple which we want, okay?

That's what |I'm
generalize the

Remenber the
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generalizati on.

Training could give you a small error, but
when you generalize, it doesn't work anynore. So deep
convol uti onal neural network, they generalize better.
They performbetter on a | ot of tasks as conpared to
the random forests, as recognized also by the prior
art.

(M. Devkar left the proceedings.)

BY MS. MOORE:

Q \Vhat do you nean by "performance"?

A Could you -- could you rephrase what the
sentence and -- | said and within that context? So
what -- could you say, you said this and what do you
mean by that?

Q You said, "but in terns of, you know, the
performance on inmage classification.” So what did you
mean by "perfornmance"?

A Performance is like a -- like a -- again, |I'm
telling you, given the sane conplexity -- we started
with that. Performance is accuracy. This is one
performance, how accurate it is.

Q Oay. And this is the third tinme I'll ask.
" m not tal king about accuracy. |'m accurate -- asking
about efficiency.

A But it should be related to accuracy, because
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| can give you a highly efficient network that's not
accurate. | could just give you -- take one node in a
neural network. Yes, | select very efficient, but it
doesn't performthe task.

You cannot -- you cannot have this disjoint.
G ven a certain conplexity, which one is nore accurate
or given a certain accuracy, which one. You cannot --
If you want just to talk about conplexity w thout
accuracy, | could tell you, yeah, take a single node in
both and we're done. | nean, you don't care about the
performance. | added zero classification accuracy. It
doesn't -- it doesn't make sense for nme to answer such
a question, because it doesn't work.

Q |I'm asking you about them separately, because

you addressed them separately.

So what is efficiency separate from accuracy

when you're conparing a random forest and a neural

net wor k?
A | didn't address them separately. Actually,
if you look at ny -- when | discuss that, | said

efficiency versus accuracy, for exanple --
Q No. Page 170, you say (as read):
"This is consistent with Aslan's

obj ective of efficiency."

And that's what |'m asking you about. So what
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does --

(Si mul t aneous speaki ng - unreportable.)

THE W TNESS: Coul d you point ne out, please.

BY MS. MOORE:

Q 17o.

A 1-7-07?

Q Yes.

A Page or paragraph?

Q Page.

A But this is within the context | discussed
before, so | have to go back. You know, we cannot --
the context -- you can see it in the notivation to
conbine. And this is what | want to bring you. Like,
but et me go to what you're asking and then -- this is
after | discussed for so nany pages efficiency versus

accuracy that I'musing it here based on what |

di scussed before. So |I've said the context. But

anyhow,

Q
fifth Ii

A
Q
A

let's | ook at that page and see.

So whi ch paragraph on that page?

First paragraph -- one, two three, four --
ne says (as read):

"Obj ective of efficiency.”

311? OCh, I"'msorry. 170. 308? 307?

| said the fifth |Iine down.

In 307? The paragraph nunber is 307?

Page 185

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o0 b~ wWw N P

N N N N NN P P P P P P PP PR
o A W N B O © 00 N O O b~ wWw N +—» O

Q I'mon page 170, the fifth |ine down.
A | don't see the word "efficiency"” there. |'m

on page 1-7-0, fifth |ine down.

Q Yes. The first word is "objective,"” then
"of ," then "efficiency."

A You know, does the -- does this page start
with (as read):

“Chal om s Figure 3"?

Q Yeah.

A Ckay. One, two, three, four, five. | have --
okay. So this is also -- so | have to go back to see

what context we're saying. Because |'mdiscussing this

within a context, so | have to go to the beginning of

this paragraph. Try -- let -- give ne like just a few
mnutes to -- for ne just to review, one mnute or
sonet hi ng.

Ckay. But this is in context definitely to
maintain -- also, it's a certain |evel of accuracy.
You cannot take them because that's what we di scussed
in all the pages before notivation to conbine the
efficiency versus accuracy.

So what this is saying is if you conpress,
then you have to operate on |ess input because it's
conpressed, fewer paraneters. You could then have a

nore |ighter nodel, lighter, neaning |ess paraneters to
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operate on the input because you have | ess input but
nore conpressed. You could design sonething to operate
on that.

You could design a lighter nodel, nore
efficient in here in terns of power consunption, in
terms of flaps. You know, efficiency can go different
ways here. So that's what it nmeans.

But definitely we care about maintaining the
accuracy, because definitely, | could -- | could
decrease ny nodel and nake it one node and so
efficient. |If I don't care about mamintaining a certain
| evel of accuracy, it wouldn't really -- it is -- it
woul dn't make sense, you know.

Q If arandomforest and a neural network had
t he sanme | evel of conplexity, which one would be nore
accurate?

A Again, out of context, | cannot answer,
because it depends how you trained your neural network,
whet her you trained it well, you didn't -- you
initialized it well. It -- | have to have all of this.
This is howit was trained. These are the two systens,
you know, and then test it. And you do retesting to
that. So the training aspect is very inportant.

Now, if it's -- now, as | said before, also,

t he deep neural network had nore ability to generali ze,
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but this assunes you trained it well. You trained --
you had -- so | cannot answer out of context.

Q If a random forest and a neural network both
were trained well and had the sane | evel of conplexity,
whi ch one woul d be nore accurate?

A It depends on the nunmber of |ayers used. Sane
conpl exity, you nmentioned. Okay.

So sane conplexity and a deep neural network,
if it was trained well, the deep neural network woul d
have better ability to generalize. This nmeans -- and

this, again, given sonme benchmarks, you see that were

there -- | nean, you could give nme a task specific to
sonet hi ng.

So given -- this is based on benchnmarks of
there. | nean, testing, like prior -- you know, prior

art, prior art results, okay? Then the deep neural
networ k can generalize better based on this prior art
for a lot of the tasks, okay?

Q Can you deploy a neural network on a cel

phone?

A Neural -- the deep neural network on a cell
phone? | mean, | ook, we're talking about this as the
POSI TA fromthe -- | have to -- so are you asking ne

now or before?

Q Can -- I'"ll just ask the question again so it
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has all the right context in it, okay?

Can you deploy a neural network on a cel

phone as a POSITA in 20177

A | cannot answer this. | have to have the
specific reference, what was published then, what
was -- and plus, remenber, | could deploy a neural
network that doesn't performthe task accurately, yes.
| could have a one-layer neural network. But again,
accuracy is inportant. | nmean, whether -- |ike how
accurate you want your task to be.

The idea of the teacher-student nodel is to
mai ntain a certain | evel of accuracy matching that of
the teacher while mnim zing the conplexity and making
the nodel nore efficient to be deployed on | ow power.
So we have to keep in mnd the accuracy |evel. Yes, |
could take a neural network that is very small and
doesn't performnuch and put it on nmy -- on a cel
phone.

But to do the task at hand here, you would
need sonething |like the disclosed teacher-student
nodel, for exanple, to have it | ow power.

Q So you could deploy a neural network on a cel
phone in 20177
A I"'mtelling you if you take, like -- |ike

seven nodes, few layers, but it's not going to perform
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the task at hand. And the accuracy is not going --
it's not going to be accurate at all. | could -- |
could deploy in one node, like -- like a neural |ayer,
one network, edge, basically, neural network.

But it's not going -- plus in terns of the
cell phone, the battery is very inportant, okay? You
could deploy it, but it depends -- the neural network
m ght consune a | ot of power then, even. |t depends on
your neural network.

If you want to have hi gher accuracy, it's

going to consune | ow power. Guess what, your phone

wll last you one hour. When you watch video on your
phone now, the -- your (indiscernible). Battery is
dead.

So al ways we need inprovenent on getting | ower
and | ower power. \hether we can deploy or not is not
| i ke the question. The question is to have | ow power
that's nore suitable so that | can use my nobile
devi ces and wearable Iike for a |onger range plus
depl oying a neural network that will give you the

accuracy needed for this application, you know, and --

you know, and be efficient on whatever it was -- was
not -- what was not sonething then that is -- what was
not -- was not then the prior art -- except the prior

art was not then basically for the neural network, the
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conpl ex was not. So you needed to have -- to teach
a -- the conplex -- so you needed to have -- so ||
take it -- I'll phrase it back.

There was a problemthen to depl oy | ow power
devices. You could deploy in your network, for sure.
If it wanted to be high accuracy, it will be conpl ex.
It will drain your power. You would inprove it by,

yeah, designing a smaller neural network. But to train

the smaller neural network fromscratch -- | amjust
going to, like, clarify what |'m saying because,
like -- to have a smaller neural network performat the

accuracy of nore conplex neural network, you need a
t eacher-student. Yes, you could then teach that
smal | er neural network, and it will help deploy it

t hen.

But to start from scratch, training from
scratch in your network to achieve the accuracy was
probl ematic, wouldn't give you the accuracy needed.
You coul d inprove the power and maintain the accuracy
t hrough the teacher-student. And so then the batteries
can last longer or it can maintain the accuracy al so
nore. We're using a smaller network, so that's the
probl em we' re | ooki ng at.

So, basically, | answered the question

assumng we're training fromscratch a conpl ex networK.
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But with a teacher-student conbi nation, you coul d,
yeah, deploy a neural network after being taught with
this respect and to naintain the accuracy.

| don't know if this answered your question.

Q Wat's a notion vector field?

A | describe this also in the -- in ny -- also
"Background"” section, "Optical Flow and Warping," so
page 34.

So you're asking notion vector field? Like I
prefer, basically, if |I have it witten because it
woul d be nicer, like, to -- and it saves tine.

So under optical flow and warping, it -- |
start tal king about warping in there, and -- and |
said, like, one of them warping includes coordinate
transformation, which is pixel displacement accounting
for transl ation, scale, et cetera.

The notion vector field -- so paragraph 61 in
ny declaration on page 35, | say (as read):

“I'n particular, translational

coordi nate transformati on nodel s

('transl ational nodels') are included

as part of the affine transformation

and ' have been used successfully for

estimating and representing the

optical flowfield [e.g., pixel
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di spl acement" -- also called -- or
"vector field, warping field]', and
they offer a computational advantage

by only 'requir[ing] two basis fl ow
fields, horizontal and vertical
translation, while [nore general]
affine nodels require six basis flow
fields.""

So these model s have been applied locally

within small image regions. And then |I go and |

explain (as read):

“"Let | be an input imge and O be the
out put i mage obtained by warping I,
where the warping is performng

t hrough | ocal transl ational
transformati ons according to an
optical flow field (also called

pi xel -flow field, displacement vector
field, motion vector field, warping
field.) The optical flow field
consists of two di mensions also known
as two channels, (u, v), with the
first dimension u corresponding to the
hori zontal displacenment and v

corresponding to the vertical
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di spl acenent. Such an optical field

provi des an optical flow vector."

So for each pixel or for each position (x, Yy),
you could have u and v. wu for the horizonta
di spl acenent. v for the vertical. It could be at each
pi xel | ocation, or it could be at, |ike, varied pixel
| ocations in a select set of pixel locations in a
regi onal interest.

The output image O can then be obtained by
sanpling the image | according to the optical flow
vector. And given the equation showi ng how t he out put
can be obtained froman input imge by applying the
notion vector field. So you can see the equation here.

So |"'msaying in English, in other words, the
pi xel value at (x, y) in the output inmage is
copy- pasted from another |ocation in the input inmge
determ ned by the flow vector (u, v), which corresponds
to the notion vector displacenent.

And yeah, and |I'm saying (as read):

“"Alternatively, the 'copy-paste

operation can be used in conbination

w th ot her mappi ng and/ or i nmage

processing (e.g. bilinear

i nterpol ation, |ow pass filtering,

texture mappi ng, |anding)."
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And so forth. And |I'msaying later on the
next paragraph 63 --

Q Are you just going to read nultiple paragraphs
out of your declaration?
A No. | mean, are you satisfied?

MR. STEIN: Ashley, | think we've got to make
sure we don't interrupt, though, because -- it'd be
good to wap up if we can, but she -- she's answering
t he questi on.

THE W TNESS: Yeah, because it's --

M5. MOORE: Well, she's reading fromher --

THE WTNESS: |It's in ny declaration. It is
very well in ny declaration. And this describes very
well the -- your question.

BY MS. MOORE:

Q \What was ny question?

A Can you describe what is the vector
di spl acenent field? And that's what it is.

Q No. | asked, what's a notion vector field?

A  And this is the notion vector field. It's the
sane.

Q Do you have any idea what it is apart from
sinply reading three paragraphs out of your
decl aration?

A | wote it. So that's what it is. And
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because | wote and put tinme into witing it, instead

of just, like, answering in English like this, | prefer

to be reading it because | don't want to be answering

out of menory. And | believe it is well witten here,

and that satisfies an answer to your question.

Q So if a student were to ask you what a notion

vector field is, you would read these three paragraphs

out of your declaration?

A

what ?

No. | -- oh, sorry to interrupt. You would

Q So if a student asked you what a notion vector

field is, you would just be reading these three

par agraphs out of your declaration?

MR. STEIN: Objection --
THE WTNESS: Well, it's a -- look, it's an

i nformal setting nore. Here, |'munder oath, okay?

That's different. That's one thing. Another thing is,

t here,

| woul d be using the board, and | would

illustrate to them Look here, this, that, this. Her e,

| can't do that.

And | prefer for accuracy to go to ny

decl arati on, because this is accurate. |I'm-- you

know,

" mnore confortable. | spent tine on it to go

through it. You're welcone to visit ne, and | can

expl ai

n to you on a board. Then it's different.

Page 196

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o0 b~ wWw N P

N N N N NN P P P P P P PP PR
o A W N B O © 00 N O O b~ wWw N +—» O

BY MS. MOORE:
Q You

don't have any pictures here in your --

this part of your declaration, do you?

A No,

Q No.
right?

A No.

| didn't think it's needed.

Not if you wanted to actually explain it,

| thought | explained it well enough. If

a student reads that, they are going to understand.

And if they have a question, they would ask ne, Wat

did you nean

by this? Then | could explain it further.

But | think --

> O > O

t hem What ?

So what did you nean by this?

Excuse nme?

So then what did you nmean by this?

By "this," specifically what? | would ask

| mean by what? Can you point nme out to

what you didn't understand, what section, what part,

what word.

Q Wat's a notion vector field?

A Ckay. The nmotion vector field gives

di spl acenent
gi ves you --
vector field.
transform - -

I nt o anot her.

-- likeit's witten here, it's a -- it
| mean, you can generate using the notion
It gives you a way -- it's a

It gives you a way to transform one inmage
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But it has other uses, to tell you the truth.
Wthin our context, it's used for warping the inmge,
the input inmage. You apply the notion vector field.
It's like editing instruction to produce an out put
i mge that is transforned version, a warped version.
The war pi ng using the notion vector field is using
di spl acenent in the vertical and horizontal direction,
okay?

So you just, |ike, take your val ue, displace
it horizontally and vertically. So you -- so for a
gi ven pi xel position, you go to the original imge, you
go u along the horizontal direction, v along the
vertical -- because you have a notion vector that's (u,
v) -- you find the value, you copy it into that. And
so that's kind of one way.

But you can use it a lot for many things.
Motion vector field can tell you the notion, and you
could use it in other applications for recognizing
gestures or action recognition or video conpression.
For exanple, now we wouldn't be able to talk real-tinme
if it wasn't for notion vector fields and estimation.

Because when | nove ny head, they send notion
vectors, they copy fromthe previous frame, and they
just send the difference. So we wouldn't have this

real -time Zoom even weren't it for notion vector
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estimati on and prediction, the notion vector fields.
So they have a |l ot of applications.

But they give you displacenent at -- at
different pixels, in different regions and you can nmake
the notion vector field dense or coarse, and you can
I nterpolate in between. So there are different ways to
generate these notion vector fields.

Q Is the notion vector field a two-di nensional
di spl acenent vector in the x and y directions?

A Yeah. | nean, you could -- for images, it's
typically two dinensions. |If you have, like, a
t hree-di nensi on data and things, you could have al so
three-di nensional. But here in our -- this context,
this is two dinensions. W're taking it to be a
t wo- di nensional field for now, but it doesn't have to
be just two di nensions.

Q VWhat is a class?

MR. STEIN: Objection; form foundation.

THE WTNESS: A class? | nean, it can be --
out of context, it can be every -- anything. Could you
point me out in nmy declaration to a specific context so
that | could --

BY MS. MOORE:
Q Do you know what a class is in the context of

machi ne | ear ni ng?
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MR. STEIN: Objection; form sane foundation.
THE WTNESS: In the context of
classification, | nean, you could have different
categories also called classes, okay?
BY MS. MOORE:
Q Are classes and | abels the different --
different things or the sane thing?
A Again, it depends on the context, okay? A |ot
of tinme we use |abels for classes because the class
| abel .  You can have an index, even class 1. One would
be the | abel, or you can give it a nunmber or you can
quantify it or you can give it an index. That's the
class label. You can decide a representative |abel for
your class. It can be an index: class 1, class 1,
class 2, class 3.
Q So the class would be an integer?
A It could --
MR. STEIN: Objection.
THE WTNESS: |'m-- it could be, |I'm saying.
BY MS. MOORE:
Q Wuld you -- strike that.
MS. MOORE: Why don't we take a break for
about five mnutes. |'mgoing to go through nmy notes
and see if | have anything el se, but we m ght be done.

THE W TNESS: Ckay.
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(Recess.)

MS. MOORE

Al right. Well, if we're back on

the record I'm happy to announce |'m done. So no

further questions.

THE W TNESS: Ckay.

MR. STEIN:

Ckay. So it's our turn now. So

just give me -- | won't need nuch tinme but give nme the

same sort of five,
not es and see, but

redirect. But just

maybe ten mnutes just to review

don't really expect any -- any

give nme sort of five m nutes.

(Recess.)
MR. STEIN: Ckay. Well, thank you,
Dr. Karam for your testinony today. | have -- | have

no questi ons.

THE W TNESS: Okay. Thank you.

(TIME NOTED: 2:38 p.m)
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I, LINA J. KARAM Ph.D., do hereby declare

under penalty of perjury that | have read the foregoing

transcript; that | have nade any corrections as appear

noted, in ink, initialed by ne, or attached hereto;
that ny testinony as contai ned herein, as corrected,
true and correct.

EXECUTED t hi s day of :

20 , at ,

(CGity) (State)

LI NA J. KARAM Ph. D.

Vol ume |

Page 202

i S

Veritext Lega Solutions
Caendar-CA @veritext.com 866-299-5127




© 00 N oo o0 b~ wWw N P

N N N N NN P P P P P P PP PR
o A W N B O © 00 N O O b~ wWw N +—» O

I, the undersigned, a Certified Shorthand

Reporter of the State of California, do hereby certify:

That the foregoing proceedi ngs were taken before ne
at the tinme and place herein set forth; that any
wi tnesses in the foregoing proceedi ngs, prior to
testifying, were adm nistered an oath; that a record of
t he proceedi ngs was nade by me using nmachi ne shorthand
which was thereafter transcribed under ny direction;
that the foregoing transcript is a true record of the
testi nony given.

Further, that if the foregoing pertains to the
original transcript of a deposition in a Federal Case,
before conpletion of the proceedi ngs, review of the
transcript [ ] was [ ] was not requested.

| further certify that | amneither financially
interested in the action nor a relative or enployee of
any attorney or any party to this action.

I N WTNESS WHEREOF, | have this date subscribed ny
nanme.

Dat ed: February 29, 2024

<) [ ) f /
Iladia Hewriad

NADI A NEVWHART

CSR NO. 8714
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