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BY MR, METZCAR:

Q Good norning, Dr. Sonka. How are you?

>

Q MW nane is Jeff Metzcar. |'man attorney at
Thonpson Hines and | represent the petitioner in
this case, Caption Health. |'mgoing to be
aski ng you sone questions today, which you'll be
answeri ng under oat h.

Am | correct that you've had your deposition
taken many tinmes before?

A. | have taken deposition several tines, yes.

Q  Okay.

process; is that -- is that fair to say?

A. Reasonably.

Q Ckay.
] ust

reporter's purpose, the nost inportant thing is

| " mdoing fine. Thank you. Thanks for asking.

so things run a little nore snoothly today.

think, for ny purpose and the court

Page 5

M LAN SONKA, PhD, of |awful age,
called by the Petitioner for the purpose of
Cross-exam nation, as provided by the Rul es
of Civil Procedure, being by me first duly
sworn, as hereinafter certified, deposed
and said as foll ows:

EXAM NATI ON OF M LAN SONKA, PhD

So you're pretty famliar with this

Well, let's go over a couple ground rules

WWw.veritext.com
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that we try to not talk over one another. So if
you could try to let ne finish my question before
you answer, that would be very hel pful. And I
will try to let you finish your answer before |
nove on to the next question. Ckay?
Sounds good.
And of course, even though we can see each ot her
on video, please try to nake sure that you answer
audi bly rather than with a shake of the head or a
nod. OCkay?
Yes.
Okay. We'll be covering a lot of ground today.
It is inevitable I'mgoing to ask a confusing
guestion. | would ask if you are confused about
anything that |'ve asked, ask for clarification.
Because if you do not, | will assune that you
understood ny question. |Is that fair?
That's under st ood.
Okay. Today is not an endurance contest. |f at
any point you need a break, please just let ne
know and | will try to accommodate that as
qui ckly as possible.

The only thing that | ask is that we don't
take breaks while there's a question pendi ng.
Ckay?

WWw.veritext.com
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Under st ood as wel |.
Now, this deposition is being taken renotely. So
my expectation is that you are sitting there in a
room by yourself, not with someone else who is
hel pi ng you or feeding you answers.
s my assunption correct?
["'min the room al one.
And |'d ask that you not be in running
communi cation with your counsel or anyone el se
about your testinony or the answers that you're
gi vi ng.
Can | count on you to not do that?
Yes, that's clear.
Are there any reasons, any nedical reasons or any
medi cations that you m ght be on -- any reason
why you woul d not be able to give nme full and
trut hful answers today?
No, there are not.
Great. And we already discussed that you have
access to the Exhibit Share fol der and you can
see the two exhibits that |'ve already popul ated
t here.
MR. METZCAR: Chris, are you able
to see those exhibits as well?
MR. MARANDO | will be in a

WWw.veritext.com
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monent, if you just give ne one second.

VWile you're -- while you're logging into Exhibit
Share, one thing | want to make sure we're clear
on, Dr. Sonka, is sone definitions.

Thr oughout the day |I'm going to be generally
referring to Krishnan. | assunme that you
under stand that that neans Exhibit 1005 in this
case. |It's a public patent application nunber
2005/ 0251013.

Are you famliar with that?
Yes, | understand that and | will refer to that
patent as Krishnan as wel .
Okay. So we'll know what we're tal king about if
we just say Krishnan?
Yes.
Li kew se, throughout the day, | wll be referring
to the 029 patent or the patent, and I want to
make sure you understand when |'m saying that,
|"mreferring to the challenged patent in this
case.

Is that -- is that okay with you?
| understand that. It's okay with ne.
If at any point | reference a patent and you're
not sure which one |I'mtalking about, please ask

for clarification.

Veritext Lega Solutions
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I will.
Dr. Sonka, do you regularly serve as an expert
Wi tness in cases?
MR. MARANDGO: (Obj ecti on.
As Genevie nentioned, you are coming up a little
muf fl ed. Can you speak up a little bit? O |
don't know.
Do you regularly serve as an expert in patent
I nfringenent cases?
MR. MARANDO: (Obj ection. Form
You can answer.
| don't know what "regularly" nmeans, but | am
typically serving as an expert in | PR cases maybe
once a year or so.
Ckay. And how many of those cases have you been
I nvol ved in?
| don't know exactly, but | would say maybe seven
or eight.
Okay. Are you -- are you registered with any
expert | ocating services?
| don't know what registered really nmeans, but |
am soneti mes contacted by such services.
VWi ch one?
Teklicon is one which comes to m nd

Any ot hers?

Veritext Lega Solutions
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A. IM5, which actually may have nerged with
Teklicon, is the other one.
Q Do you know how the University of British

Col unbi a | ocated you for this matter?

A. No, | do not. What | do know is that it was not

t hrough one of those services.
Q Ckay. Thank you.
Did you prepare for your deposition t

A. Of course | did.

Q How did you prepare?

A. | looked at ny declaration because it's been a
few nonths since | prepared it. So | carefully
read the entire declaration. | reviewed --
nostly read the Krishnan patent, the 029 patent,
the prior, you know, exhibits, which are
rel evant, and | ooked at nost rel evant portions of
the many exhibits which are listed in ny
decl arati on.

| have also net with the counsel and, you
know, prepared for the deposition in
col | aborati on di scussions with him

Q GCkay. And | want to be very clear, |I'm not

aski ng you for any conmmuni cati ons between you and

your attorney. That's privileged material and

" mnot asking for it, but which counsel

oday?

did you

Veritext Lega Solutions
WWw.veritext.com
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nmeet with to prepare for this deposition? Was it
M. Marando?

M. Marando.

Anyone el se?

M. -- or Ms. Mbeka. Counsel can provide a | ast
name. | don't renenber exactly.

Okay. So you net with two of your attorneys?
That's correct.

And for how long did you neet with your -- with
your attorneys?

For several hours in the past few days, each.
Several hours each. So about six hours nmaybe?
Probably nore. It was probably nore like -- |

don't know, close to 20 hours in the past few

days.

Okay.

15 to 20.

Do you have any docunents with -- paper docunents
with you, |ike your declaration?

| do not have the declaration as printed. | have

the patents printed as unmarked copies next to ne
here and | have the listing of challenged clains
and the page fromthe original petition that

tal ks about the identification of the challenge

just for the reference. |If it's okay with you as
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the printed, otherwise, | can set it aside.
OCkay. | heard you say you have the patents with

you. Are you referring to the chall enged patent

and - -
| amreferring to the challenged patent. |I'm
referring to Krishnan, I'mreferring to the Chen

reference, which is a paper, Aase patent, and the

Wi paper.
OCkay. Are there any markings or notes on those?
Al'l conpletely -- conpletely clean and unnarked.
Thank you.

But you do not have a paper copy of the
decl aration with you?
| do not.
Ckay. Thank you.
It's too | ong.
Saving a tree.
Exactly.
Okay. Well, Dr. Sonka, as | understand your
position, you believe that the Krishnan reference
only uses non-neural network functions to extract
feature representations fromimages.

Is that a correct statenent of your opinion?
My declaration states that my opinion is that for

feature extraction in the Krishnan patent, the

WWw.veritext.com
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neural networks are not used to define the
features as described in the 102 nodul e of the
Kri shnan patent.

And so those would be -- | refer to them as

non- neural network functions for feature
extraction. |Is that a fair assessnent?

Those are the non-neural network functions of the
Krishnan patent, yes. One of the nmany non-neur al
networ k functions.

And these non-neural network functions, | believe
your declaration refers to them as conventi onal
approaches; is that -- is that right?

My declaration refers to conventi onal approaches
i n a broader sense than that, but extraction of
features, as described in the Krishnan patent, is
one of the many aspects of conventi onal
approaches as are described in ny declaration.
Let's go through -- let's go through sone

exanpl es.

VWhat are sonme exanpl es of what you woul d
consi der conventional non-neural network feature
extraction functions?

MR. MARANDO: Obj ection. Form
Al nost everything what was done in conputer

vision and -- | shouldn't say alnost. Everything

WWw.veritext.com
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t hat was done before the deep | earning revol ution
happened in, you know, early 2010. So after

2012. So that's what | consider conventiona
approaches. Those approaches which are nostly
built as a pipeline of sequential steps.

In the context of the Krishnan patent, the
nost i nportant steps of such a pipeline is that
you get inmages. You hand design -- expert design
the features that should be derived, extracted
fromthe inmages. You use those features to train
a classifier or to use a database retrieval or
tenpl ate matchi ng or sone ot her approach that
gets you to what you want to get and then you
identify a | abel associated with those i nmges
whi ch you entered in the beginning. Those
approaches -- go ahead.

No, please, | didn't -- | thought you were done.
Those approaches have been invariably used in

di fferent conbinations in conputer vision,

medi cal imagi ng, character recognition and things
i ke that.

So that's what | consider conventi onal
approaches, things where humans have very
substantial role in designing howthe

functionality really works and what kind of

WWw.veritext.com
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i nformation is being used for potenti al
deci si on-maki ng -- making in the sequential steps
down the road.
Okay. | appreciate the explanation, but | did --
my question was specifically for exanples of
conventional non-neural network functions for
feature extraction. Do you -- can you give ne
sonme exanpl es?
| can give you nmany --

MR. MARANDO: (Obj ection. Form
| can give you many exanples fromny own research
work. So, for exanple, | believe around 1996 or
many, many years ago, we have worked with
i ntravascul ar ultrasound i mage anal ysis. The
goal was to identify kinds of coronary disease,
pl aque in the coronary arteries which caused the
heart attack.

From the intravascul ar ultrasound i mages, we
have devel oped a set of features, nore or less in
a way as Krishnan is describing there in 102.
Then those features were calculated in the
i ntravascul ar ultrasound i mages. The cal cul at ed
features were entered into a classifier. The
classifier was trained using those features. And

once the classifier was trai ned, the inmages,

WWw.veritext.com
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portions of the inmages were identified as being
ei ther hard plaque or soft plaque, neaning
calcified plaque or lipid plaque and that was
provided to the physicians as a -- as a deci sion.
That's one of the exanpl es.

| can give you anot her exanple, which would
be very simlar in that. |In brain imging you
I dentify individual deep neuroanat om cal
structures |ike ventricles, anygdal a, caudate,
things like that. And those structures are
segnment ed.

After the segnentation, sone shape properties
are cal cul ated based on the expert design
features, what to neasure on the shape. Those
shape indices are conbined into a vector. Again,
extracted sane as in 102, provided as a vector,
entered into the classifier. The classifier is
trained and can distinguish, for exanple, between
schi zophrenic structures and normal structures in
t he brain.

| can keep going because you will| probably
find thousands of applications, exanples that
follow nore or | ess exactly the sanme pipeline.
That was the standard conventional typical

pi peline in conputer vision and nedi cal i maging.

WWw.veritext.com
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Ckay. Again, | appreciate the explanation. |
think we m ght be m ssing each other a little
bit. |'mnot necessarily |looking for exanples of
wher e non-neural -network feature extraction was
used. | was nore specifically asking you about
sone exanpl es of non-neural network functions
that are used for feature extraction.

So let ne ask it to you a different way. Are
you famliar with principal conponent anal ysis?
Yes, | am
Is that a -- is that a commpn feature extraction
function that's used on i mages that doesn't have
to be perfornmed by neural network?

MR. MARANDO: (Obj ection. Form
Agai n, the decision to use a principal conponent
anal ysis, or PCA, is nmade by a human desi gner,
nunber one.

Nunmber two, it's -- you know, it's nostly a
way how to decrease the dinensionality of the
feature space, which you start using on the input
of the PCA and you create nore of the sane
di nensionality feature space after the principal
conponent anal ysis; however, you choose sone
smal | er nunmber of the significant neaningful

conponents that carry the nost information from

Veritext Lega Solutions
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the set.

So they require on the input to have those
human- desi gned cal cul ated extracted features and
t hey provide the different representation of the
features, which is nore conpact than you started
with.

You don't need neural networks for that. |
agree on that. But you do need a set of already
extracted features to start with.

Ckay. Your position is that principal conmponent
anal ysis requires handcrafted features; is

t hat --

No, ny position is that principal conponent

anal ysis requires a set of features on the input
and generates a different set of features on the
out put, which is a conbination -- which is a
combi nati on of the input features.

Are you -- are you -- let nme make sure |
under st and.

Are you saying that principal conponent
anal ysi s cannot be used directly on an i mge;
instead, it requires features that have been
extracted from an i mage?

MR. MARANDO. Objection. Form

| am saying that in the context of the

WWw.veritext.com
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conventi onal approaches, the typical way how PCA
was used is that you start with the set of
extracted features, especially in the nedical
| magi ng because you want that to have the
under st andi ng of what you are actually
determ ni ng, and then use principal conponent
anal ysis for that.

| amnot saying that it's not possible to use
the entire image as a |long vector that would be
I nput into the PCA nodule. | amnot sure -- it
woul d be application specific. | amnot sure
what exactly the outcone would be, but it's
certainly possible.
Okay. But are you famliar with any scenarios
where that is done, where a principal conponent
analysis is performed on an i mage by taking
actual pixel values of the image as input to the
princi pal conponent anal ysis?

MR. MARANDO: (Obj ection. Form

| personally do not recall any work that that
woul d affect. You know, ny research, it would be
based on -- on what you descri bed.
Okay. You're not famliar with that.

How about edge detection? |Is that another

non- neural network feature extraction function?

WWw.veritext.com
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It is a-- it is a non-neural network -- edge
detection is a non-neural network feature
extraction function. It is.
And edge detection can also be perforned by a
neural network; is that true?

MR. MARANDO: (Obj ection. Form
Edge detection in the nost frequent way how you
do it. There are many different ways how you can
do edge detection. The npost fundanental way how
to do it is a result of a convolution of an
I nteraction of the image with a kernel. And the
kernel traditionally was human desi gned for
determ ning properties that get to edges fromthe
i mge to be extracted. And you can have the
Kirsch operators, the Prewitt operators, many
ot her things, which can be used and you get an
edge i mage.

You can continue with that in the pipeline
sense, as | was describing for the conventi onal
approaches. You can use, you know, threshol ding
of those individual edge responses to get the
significant edges. You can get hysteresis-based
threshol ding in which you connect, you know,

di fferent edges and so on.

So there are many ways, but the traditional

WWw.veritext.com
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approach is start with a kernel, which is sonmehow
desi gned by a human, and that very probably goes
back to the 1970s or so.

Under st ood.

You brought up thresholding. Is threshol ding
anot her non-neural network feature extraction
function that was used for imges?

MR. MARANDO. (Obj ection. Form
It is a function that is used for inmages. |
don't see a way how you would use it directly for
feature extraction w thout anything beyond that.
How about statistical functions? Are there any
statistical functions that you're famliar with
that woul d be essentially non-neural network
feature extractors for inmages?

MR. MARANDO: Obj ection. Form
There is a nunber of such approaches, and you can
start with very sinple ones, |ike average
bri ghtness of an imge, variation of brightness
in the imge.

My PhD, interestingly enough, back in, you
know, early 1980s, many, many years ago, was
dealing with texture imge analysis. And so for
texture descriptions there is a long |ist of

statistical approaches which determ ne different

WWw.veritext.com
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vari ations of pixel brightness configurations and
try to make sense of that and create descriptors
t hat may be useful for texture characterization.
Okay.

Again, traditionally based on human design
descriptors.

Okay. | appreciate that.

So now | would like to understand your
construction of the claimtermextracted feature
representations and how you got them Okay?

So for the record, your construction of
extracted feature representations is, "Feature
representations that are | earned using a neural
net wor k. "

Is that correct?

Yes, it is correct.

OCkay. And so although we have just gone through
and di scussed a nunber of non-neural network
feature extraction functions, your construction
of extracting feature representations for the
purpose of this patent is limted to the use of
neural networks; is that correct?

Let me get in nmy declaration in the Exhibit Share
to that -- to that | ocation.

VWhat specifically are you | ooking for in your

WWw.veritext.com
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declaration? | mght be able to point you to it.
If you can point nme to the claimconstruction
par agr aph.
Par agr aph 94.
Yes, I'"'mthere. So can you please repeat the
guestion?
| think it was nore of a sunmary statenent, but
you and | have just discussed a |ist of exanples
of non-neural network feature extraction
functions, but your claimconstruction is |limted
to just features that are extracted with a neural
network; is that correct?
That is my claimconstruction, which I am
proposi ng in the paragraph 94.
Ckay. Thank you.

And did you review the 029 patent and its
prosecution history?
Yes, | have.
Did you see anything in the 029 patent or its
prosecution history that disclainmed any of the
af orenenti oned conventi onal non-neural network
feature extracti on approaches that you and |I have
di scussed?

MR. MARANDO: (Obj ection. Form

VWhat | have seen in the underlying patent when

Veritext Lega Solutions
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was reading it inits entirety is a very clear
description in the specifications how the
features are extracted and derived. And that
description is very clear and it requires the
neural network to do that --

Okay. Again --

-- extraction --

| appreciate your effort to answer, Dr. Sonka.
l"mgoing to -- I'"'mgoing to ask you to pl ease
listen to the questions that |I'm aski ng and
answer those questions.

So | asked you if you saw anything in the
patent or its prosecution history that disclainmed
t hese other conventional non-neural network
feature extraction approaches?

MR. MARANDO: Obj ection. Form
There are many things which are not disclai ned.
So | don't quite understand why this would be
rel evant. But can you see the prosecution
hi story here?
I s your answer no, you did not see anything that
di scl ai mred t hose?
| am not aware of any |ocation which | can point
to at this nonent that would specifically say

t hat ot her things are not all owed.
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(Thereupon, Exhibit 1001, Patent No.: US
10, 751, 029 B2, was narked for purposes of
I dentification.)
Okay. Why don't you |l ook at the 029 patent,
which is Exhibit 1001. | understand you have a
paper copy there, but | also provided it in the
| ink on Exhibit Share.
Yes.
And specifically I'"m | ooking at colum 6, |ines
35 to 41.
Col um 6, yes.
Now - -

VWhat are the |ines?

For convenience, I'mgoing to read that into the
record. |'d ask you just follow along and let ne
know i f | have --

VWi ch -- which |ines are you tal king about?

35 to 41.

Uh- huh.

It says, "The analyzer 14 may then derive one or
nore extracted feature representations fromthe
recei ved set of ultrasound inmages. |n sone

enbodi nents, the analyzer 14 may inplenment a
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neural network including a feature-extracting
neural network and the analyzer 14 may input the
set of ultrasound inmages into the
feature-extracting neural network in order to
derive the one or nore extracted feature
representations.”
Did | read that correctly?
| believe so. Let ne nmake sure | amin the sane
| ocati on. So once again, it is colum?
Col um 6, line 35.
Sorry, | was soneplace else. | see it now Yes.
Now, as | read that passage, it sounds |like the
use of the neural network is perm ssive in the
i nvention, it's not required in the invention;
woul d you agree?
MR. MARANDO: Obj ection. Form
| see that. | believe that your statenent is
based on the word "may," am | correct?
Correct. It says, "In sonme enbodi nents, the
anal yzer may inplenment a neural network.™
So woul d you agree that that's perm ssive?
It doesn't require the use of a neural network?
MR. MARANDO: Obj ection. Form
| see the word "may." At the sane tinme when |

anal yze the entire patent, 029, | do not see any
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enmbodi ment that would not require the use of a
neur al network.
Ckay. So just to be clear, does the 029 patent
mention any other enbodi nents in which feature
extraction is perfornmed by neans other than a
neural network?

MR. MARANDO:. Objection. Form
| have not -- | have not seen that. M
understanding is that the enbodi mnents descri bed
-- the specifications of 029 are all clearly
t al ki ng about neural networks being used for
deriving the features, both in training and in
extraction itself.
Okay. | want you to -- you still got the patent

in front of you?

Yes, | do.

Now | want you to turn to colum 11, lines 39 to
42.

Colum 11, lines 39 to 42, yes.

Okay. |I'mgoing to read that into the record.

"I'n various enbodi ments, alternative or
addi ti onal feature extracting functions and/or
neural networks may be used to extract features
of the input set of ultrasound images."

Did | read that correctly?
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| see that sentence.
What does that nean to you?
As | -- as | read it, my understanding is that
there may be other neural network ways than
descri bed here that can be used to extract
features of the input set of ultrasound images.
You think this is referring to exclusively neural
net wor ks?
| would read it -- if | shortened it, | would
read it as various enbodi nents, alternate neural
net wor ks may be used to extract features.
But it explicitly says alternative
feature-extracting functions or neural networks
may be used, doesn't it?
It says and/or.
Ckay. Do you -- do you not understand that to be
referring to alternative non-neural network
functions can be used?

MR. MARANDO: (Obj ection. Form
| read it -- | read it alternative feature
extraction functions and neural networks nay be
used is one option. And the other option, as |
read it, is alternative feature extraction
functions or neural networks may be used. And

the alternative functions as described in the
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entirety of the 029 patent are always tal king
about the neural network approaches, and there is
no ot her enbodi nent than that.

So ny understanding of the sentence is that
all those approaches are neural network
appr oaches.

Q Did you consider this passage that we just read
In colum 11 before you provided your opinion?

A. | have seen this sentence before, yes.

Q Okay. And am|l correct that you did not quote
this passage or address it directly anywhere in
your decl aration?

A. | do not believe this is referenced in the
decl arati on.

Q Wiy not?

MR. MARANDO: Obj ection. Form

A. | don't think | was really considering the
sentence when | was witing the decl aration.

(Thereupon, Exhibit 2049, Declaration of
M | an Sonka, was marked for purposes of
i dentification.)

Q Okay. Let's look at your declaration, which is

previously marked as Exhibit 2049. You should
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have that as the |ink.

Yes, | have it.

If you go to paragraph 99, which is on --
' m there.

-- the bottom of page 50.

' mthere.

Okay. |1'mgoing to again read this.

"The 02" -- excuse ne.

"The 029 patent's figures and correspondi ng
descriptions uniformy disclose that these
extracted feature representations, i.e.,
encodi ngs of imge patterns, are |earned using a
neural network."

Did I read that correctly?

Yes.
Ckay. Did you wite that or did your counsel
write that?

MR. MARANDO: Objection. Form
This is ny declaration, so | amresponsible for
It -- for the sentence.
Okay. So even if -- well, are you saying you
reviewed the patent to nmake sure that this
st atement was accurate?
No. | am saying that | have witten substantive

parts of the declaration. The counsel wrote
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substantive parts of the | egal aspects of the
decl aration and the -- you know, sonme of ny
| anguage needed to be changed to be legally
proper, as | am sure you know that engineers
wite it differently.

And so the declaration was done in a
col | aborative manner; however, it's ny
decl aration and | have provided the substance to
it.
I n paragraph 99 of your declaration, what did you
mean when you used the word "uniformy"?
Vhat | neant by that is that you can say solely
di scl ose or that they consistently --
consistently is probably the right word.
Descriptions consistently disclose that these
extracted feature representations are |earned
usi ng neural networKks.
And directly after the sentence that | read,
paragraph 99 in your declaration goes on for
anot her seven pages, | believe, citing exanples
in the 029 where the feature extraction is
perfornmed using neural networks.

Was it your intention to convey to the judges
in this case that every tinme the 029 patent

di scusses feature extraction, that feature
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extraction is perfornmed by a neural network?
The reason why | provided these exanples were
that | was trying to denonstrate that
consistently neural networks are used in the
teachi ngs of the 029 patent for feature
extraction and for |earning the features.
You said "consistently.” But I'll ask again, was
It your contention to convey the idea that every
time the 029 patent discusses feature extraction,
It only does so with neural networks?

MR. MARANDO: (Obj ection. Form
| have not seen any other exanple than using
neural networks for this purpose.
Okay. What about the passage that | read fromin
colum 11, lines 39 to 42 of the 029 patent?
Does that di scuss using non-neural network
feature extraction functions?
| don't believe so because nothing else in the --
in the specifications or in the clains tal k about
an enbodi ment which would be different fromthe
one in which neural networks are used.
So when the 029 patent refers to alternative
feature extraction functions or neural networks,
you do not understand that to refer to any of the

conventional feature extracting functions?
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MR. MARANDO. (bj ection. Form

| do not because the specifications of the patent
and the entire flavor of the patent when read as
needed in the entirety is not tal king about
conventional feature extractions.

The conventional feature extractions are
conpletely inconpatible with the structure which
I's shown in the 029 patent. The conventi onal

feature extraction approaches have no place to be

used in the -- in the architecture, which is
disclosed in Figure 4, | think it is, for
exanpl e.

well, we'll have to agree to disagree on that,
but let's -- let's nove on.

Woul d you characterize the feature extraction
neural networks that are in the 029 patent as
deep neural networks?

Yes, | woul d.
Woul d you al so characterize them as deep | earning
neur al networ ks?

MR. MARANDO: (Obj ection. Form
| amnot famliar with the term deep | earning
neur al net wor ks. Because, you know, the deep
neural networks are used for |earning and they

are used for production once they are trained.
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So | don't know -- | amnot famliar with that
term how it would distinguish itself fromthe
deep neural network.
Okay. Well, let nme ask you this then: What is a
deep neural network, as you understand it?
As | understand, the deep neural network is a
neural network that has nultiple hidden | ayers,
typically nore than three, four, five, and nmany
nore than that. And the nunber of hidden |ayers
specify the depths of the network.
Okay. You say typically, | think you said three,
four, five.

Can a neural network with only one hidden
| ayer be a deep neural network, in your opinion?

MR. MARANDO. (Obj ection. Form

A three-layer neural network with one hidden
| ayer is what | would call the pre-deep | earning
era neural network described and used, you know,
as a classifier, as sonething what you can train,
but does not have enough free paraneters to
performthings which are possible to be perforned
with deep networKks.
s there some m ni mrum nunber of hidden | ayers --
I"mtalk -- by hidden |layers | mean between the

I nput and the output.
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Is there sone nunber -- m ni num nunber of
hi dden | ayers that, in your opinion, is required
in order for a neural network to be called a deep
neural network?

MR. MARANDO: (Obj ection. Form
| am not aware of a hard nunber that woul d be
generally accepted. | can tell you that if the
network has nore than six or seven -- |'d say
nore than six hidden | ayers, it would be
consi dered a deep network.

| can think about exanples where, you know,
three hidden | ayers, plus the, you know, first
| ayer and the output |ayer are used in the past
in relatively small networks, which, in ny view,
do not satisfy the requirenent of the deep
| earning that sort of canme after the Al exNet was
I ntroduced.

So | don't think there is a crisp nunber as
you can say anything below a nunber is not deep
and above the nunber of hidden |ayers is deep. |
think it's associated with the entire
architecture and size of the network.

Okay. Well, here's ny quandary. You seemto be
maki ng a distinction in your declaration between

early machi ne | earni ng neural networks versus
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deep neural network, and you're inplying that the
029 patent is sonehow limted to deep neural
networks. So I'mtrying to understand fromyou a
definition of what that is.

MR. MARANDO: (Obj ection. Form
In the context of the 029 patent, the network has
to be deep enough and | arge enough to be capabl e
of deriving description features fromtraining
I mge data. And the sane network of the sane
architecture and sane size is then later used for
extracting those features from previously unseen
i mages. And that's what the deep learning really
brought to conmputer vision and nedi cal i maging.

That functionality is what started the deep
| earni ng revol ution, which really changed
conputer vision and brought us the capability of
self-driving cars and, you know, much better
character recognition and many ot her things.

So let ne ask you -- maybe 1'|I|l ask this a
different way.

Is a neural network considered deep, in your
opi nion, because of its structure or because it
perforns sone other function |ike |earning
features to extract?

MR. MARANDO: Obj ection. Form
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The network does not have to be able to learn
features to be put into the category of a deep
net wor K.
Say that again.
The network does not have to have the capability
or have the functionality of learning features to
be considered in the category of deep networks.
Okay. Okay. | still aminterested in
under standi ng, in your opinion, is a neura
net wor k consi dered deep because of its structure
or because it's perform ng sonme other function
t han non-deep neural networks?
MR. MARANDO: (Obj ection. Form

| don't think you can separate those things. You
know, the architecture, the structure, the size
enabl es sonme functionalities which are not
enabl ed by sinmpler neural networks.

| don't think we will be able to arrive --
and |'m not aware of any, you know, hard
definition which would provide a threshold of a
net wor k whi ch has | ess than X nunmber of nodes or
X number of layers is never considered deep. |
don't think it exists. And if you aware of
sonething like that, please tell ne.

So again, | want to make sure |' m understanding
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your term nology in your declaration. |If you're
referring to a network as being a deep | earning
net wor k, does that nean that you believe that
networ k perforns deep | earning?

MR. MARANDO: (Obj ection. Form
The network perfornms learning. And if the
network structure and architecture and all the
associ ated, you know, nodul es that connect
I ndi vi dual | ayers are designed in a neani ngful
way, it allows to learn different things. And
one of the different things may be to actually
| earn optimal features with respect to the
obj ective function of the learning set. And this
is sonmething which allows to use the network in
the end-to-end manner.

And here the end-to-end neans that you can
start with inputting the raw data to the network
and the desired output, which nmay be a deci sion,
whi ch may be | abel, which may be anything el se
which is desired is generated on the output wth
the proper training and the proper set of
training-truth pairs.

Well, I'"m-- your declaration enphasizes the sea
change that occurred with the advent of deep

| earning, and I"'mtrying to understand fromyou a

Veritext Lega Solutions

WWw.veritext.com 888-391-3376



© 00 N oo 0o b~ wWw N PP

N D NN NN P P P PR PR PR
ga A W N P O © 0 N O 0o~ WO N+ O

Page 39

definition that will allow nme to | ook at a neural
networ k and know whether it is deep |earning or
not. | nmean, can you explain to nme how | can do
t hat ?

MR. MARANDO: (Obj ection. Form
You are asking nme a very difficult question which
does not have a binary answer in ny mnd. M
opinion is that you cannot get a definition where
the line is between a network being deep and not
deep.
Okay. At paragraph 70 of your report, it's on
page 35. You quote froma -- froma Medical
| mage Anal ysi s textbook.
Yes.
And it says, "The term deep neural network
| oosely refers to neural networks with three or
nore stacked hidden | ayers.™

Do you see that?

| see that and | think it's very consistent,
which | was trying to relay to you in the past
answers.
Okay. But it's not a -- it's not a hard
definition; is that fair?
That's why it uses the "l oosely" reference.

Because | don't think there is a hard definition.
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If you are famliar with fuzzy logic, | think
that this is very nuch the fuzzy area between
sonet hi ng what is not and between sonet hi ng what
Is and the area in between is gray.

Okay. But you understand I'mtrying to
understand how | can identify deep | earning
neural networks since you are making a

di stinction based on deep | earni ng neur al
networks. So | want to be able to understand it.
We' Il discuss it nore when we tal k about your

cl aimconstruction.

So the construction that we referred to
earlier for extracted feature representati on,
your construction sinply refers to a neural
network. It does not refer to a deep neural
network or a deep | earning neural network.

s it your intention to restrict your
construction to deep neural networks or deep
| ear ni ng neural networks?

MR. MARANDO: (Obj ection. Form
| have -- you know, my claimconstruction which
is here, is really following the, you know, the
rule -- | may not use the exact right words in
the | egal sense, but the plain ordinary nmeaning

of that claim-- of that claimrepresentation.

Veritext Lega Solutions

WWw.veritext.com 888-391-3376



© 00 N oo 0o b~ wWw N PP

N D NN NN P P P PR PR PR
ga A W N P O © 0 N O 0o~ WO N+ O

Page 41

What | have adopted here is the construction
that is consistent with that used in the parallel
litigation, which | amnot famliar with it, but
you probably are.

Okay. | appreciate that, but you did not answer
my question.

Is it your intention to limt the scope of
your construction to deep neural networks or deep
| ear ni ng neural networks or can any neural
network satisfy the construction?

MR. MARANDO: (Obj ection. Form
| already asked before, so what's your
di stingui shing definition between deep neural
networ k and deep | earni ng neural network?
Well, | asked you and you didn't give ne a
distinction. So I'musing either of them as
options.

Are you -- are you limting your construction
to either of those?

MR. MARANDO: (Obj ection. Form
Deep neural network is a neural networKk.
Are you saying that the only neural networks that
can satisfy the definition that you are providing
are deep neural networks?

MR. MARANDO: Obj ection. Form

WWw.veritext.com

Veritext Lega Solutions

888-391-3376



© 00 N oo 0o b~ wWw N PP

N D NN NN P P P PR PR PR
ga A W N P O © 0 N O 0o~ WO N+ O

A.

Page 42

| amnot stating that here. So although --
al though in the context of ny background
information, | certainly have an opinion that the
non-deep neural networks that were published,
presented, used prior to that, as you say, you
know, watershed change in 2012, were not capable
of learning feature representations.
So any neural network -- it does not have to be a
deep neural network or a deep | earning neura
network. Any neural network could satisfy the
definition that you have provided in your
construction; is that fair?
The construction requires the learning to be done
with the neural network. And the neural network
for that needs to have the architecture that
al l ows that.
But it's not restricted to a deep neural network
that has, for exanple, three or nore stacked
hi dden | ayers?

MR. MARANDO: (Obj ection. Form
| don't think we established where the deep
neural network architecture starts. So | am not
going to agree on the statenent of three or nore
here.

OCkay. And it's not your intention to limt the
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construction to only deep neural networks,
correct?
It'"s ny intention to |limt the constructions to
neural networks which can provide | earning of the
feature extractions.
Are you aware of any neural networks other than
deep neural networks that performthe function of
extracting feature representation --

MR. MARANDO: Obj ection. Form
| am not .
Are you aware of any neural networks other than
deep |l earning neural networks that |earn on their
own the features that are to be extracted from
I mges - -

MR. MARANDO. (Obj ection. Form
-- other than using handcrafted features?

MR. MARANDO. Sorry. Just wait a

second. Can you -- | interrupted.

Can you say that again, Jeff?
"1l repeat it.

Are you aware of neural networks other than
deep neural networks that determ ne on their own
or learn on their own which features to extract
froman image rather than using handcrafted

f eat ures?
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MR. MARANDO. (bj ection. Form
Can you pl ease define what you nean by "on their
own" ?
Sure. Instead of using a handcrafted feature,

the neural network | earns the features through

training.
No.

MR. MARANDO. (Obj ection. Form
No, | am not aware of that and that's why |

call ed the 2012 Al exNet bei ng gane-changing --
not even publication, but result on the |InageNet
conpetition at that tine.

| think that's wi dely accepted that this is
what started the deep | earning inmaging
revolution. It took many years after 2012 before
It actually got accepted.

Let me try to understand -- a better
under st andi ng of your position.

If a neural network learned on its own the
features to extract from an i mage rather than
usi ng handcrafted features, do you consider that
to be a deep | earning neural network?

MR. MARANDO: Obj ection. Form
' mnot aware of any scenario that would go in

that direction. And | don't think you can
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specify sonething as being deep by functionality
only without considering the architecture.
Ckay. | understand that.

Let's | ook at your decl aration agai n.
Par agraph 134.
| see it.
I'mgoing to read a portion of that paragraph to
you. |It's actually the paragraph -- it goes on
to page 87, and I'm | ooking four |ines down on
page 87.

You say, "The shift from non-I earning-based
feature extraction to neural network-based
feature learning did not occur until 2012 with
the introduction of AlexNet. At the time of
Krishnan's filing in 2005, known segnentation
and/or filtering nmethods would have been
under st ood by a person having ordinary skill in
the art to refer exclusively to conventional,
non-| ear ni ng- based techni ques such as edge
detection, threshol ding, region-based nethods,
wat er sheds, and dynam c progranmm ng- based
optim zati on approaches, none of which involve
neural networks."

Did | read that correctly?

You have read it correctly.
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Ckay. And is that statenent based on your

per sonal know edge?

This statenent is referring to the person of
ordi nary skills understandi ng of what Krishnan
meant in the patent as known segnentation and/ or

filtering nethods.

Vell, I want to clarify that.
Do you understand that a person of skill in
the art is considering -- or is the person that

we use to judge, for exanple, obviousness of an
I nvention, that person is considered to be aware
of all of the prior art? Do you understand that?
It's a hypothetical person.
And do you understand that that hypothetical
person is assuned to be aware of all of the prior
art as if it was all sitting on the desk in front
of thenf

MR. MARANDO: (Obj ection. Form
Is that a question or is it a statenment?
| did ask you, do you understand that, that a
person of skill in the art is assuned to be aware
of all of the prior art just as if every
publication and every patent had been printed and
put on the desk in front of thenf

MR. MARANDO: Obj ection. Form
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Let me go to the page 17 of ny decl aration here.
Well, | do understand that the person having
ordinary skill in the art would have the

know edge fromthe teachings of the prior art,
including the art that is listed in ny |ist of
exhi bits.

" msorry, did you say you do understand that the
person skilled in the art is assuned to be aware
of all the prior art?

| understand that, you know, prior art is
sonet hi ng what the -- what POSI TA woul d be aware
of , yes.

Before you subm tted your declaration, including
the statenent that | just quoted, did you do any
research to determ ne whether at the tine of
Krishnan's filing in 2005 there were known

met hods for extracting features from i mages, of
segnenting i mages usi ng neural networks?

| didn't have to. | amwell aware of techniques
that were used for segnenting inmages using neural
net wor ks and for using neural networks to

I nprove, optim ze paraneters of handcrafted
features, for exanple.

|'"msorry, you're saying you are aware of

pre- 2005 neural networks that were used for inage
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segnent ati on?
Yes, | am
OCkay. So can you explain to me what -- what this
statenent in paragraph 134 neans?
MR. MARANDO: (Obj ection. Form

The statenent neans that edge detection is not a
neural network approach, that thresholding is not
a neural network approach, the regional -based
met hods are not a neural network approach,
wat ershed segnentation is not a neural network
approach, and the dynam c progranmm ng- based
optim zation is not a neural network approach.
Well, but at the start of the |ast sentence in
par agraph 134, you say, "At the tine of
Krishnan's filing in 2005, known segnentation
and/or filtering nmethods woul d have been
under stood by a person of ordinary skill in the
art...none of which involved neural networks."

Are you saying there that known segnentation
techni ques as of 2005 did not involve the use of
neural networ ks?
If I look back at Krishnan and | | ook at exanples
of the known segnentation and filtering methods
whi ch are provided in the Krishnan patent, none

of themtal ks about neural network-based
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approaches, and that is what this statenent is
based on.

So what the statenent says that known
segnentation and filtering nmethods described in
the Krishnan patent involved neural networks.
Sorry. So are you trying to say -- are you
trying to give your opinion of how a person of
ordinary skill in the art would interpret
Kri shnan?

Dr. Sonka appears to have frozen.
| amlooking at the -- this entire section talks
about -- tal ks about prior art of Krishnan. So
this statenent is describing the Krishnan patent.
Are you saying that prior to Krishnan -- prior to
Krishnan's filing date in 2005, there were not
known techni ques for perform ng inage
segnent ati on usi ng neural networks?

Can we introduce the Krishnan patent? ['Il | ook
at it.

| do have the Krishnan patent, but |'m asking you
from your know edge and experience, and are you
saying in your declaration that before Krishnan,
its filing date in 2005, it was not known to use
neural networks for inmage segnentation?

MR. MARANDO: Obj ection. Form
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What |'m saying is that inmage segnentation -- |'m
not aware of inmage segnentation bei ng done
directly with neural networks w thout having sone
ki nd of handcrafted features in the process.

Okay. So you're not aware of neural -- before
Kri shnan in 2005, you're not aware of neural

net wor ks bei ng used to segnment images using the

I mge directly rather than handcrafted features?
VWhat |'m saying is that | amnot aware of works
that would not include a handcrafted step in
feature definition which is used down the road by
neural networks.

Are you aware of neural networks that were used
to performinmge segnentation by taking the imge
as i nput before Krishnan's filing date in 20057
So let's -- let's nmake it clear what we are
saying. So whether | am aware of inmage being
used directly as the input into the neural
network? |Is that a question?

Yes.

Not without -- |I'mnot aware of such a
functionality w thout having a human-desi gned
feature that is required by the neural network to
use.

Okay. |'mgoing to popul ate your Exhibit Share
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folder with another exhibit.

MR. MARANDO: Jeff, if you want to
take a break at sonme point, | think we've
been goi ng for about an hour and ten
m nut es.

MR. METZCAR: Sure. That would be
fine. Let's take five m nutes.

(Ther eupon, a recess was had.)
(Thereupon, Exhibit 1047, Article titled,
"I mage processing with neural networks —a
review', was marked for purposes of

i dentification.)

BY MR. METZCAR:
Dr. Sonka, we're back on the record.

Are you able to access Exhibit 1047 in
Exhi bit Share?
Yes, | see it now.
Okay. So this is a publication entitled "I mge
processing with neural networks - a review " |t
was published in 2002 in volunme 35 of Pattern
Recognition, which is the journal of the Pattern

Recogni ti on Soci ety.
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Are you famliar with the Pattern Recognition
journal generally?
| know it exists. That's about how far | would
go.
Is it considered a reliable authority?
Yes, | would say so.
Have you ever seen this particular publication in
Exhi bit 10477
It's one of the exhibits which | have listed in
my list, | believe.
You think you've seen this before?
Let me make sure -- | can | ook or you can tel
me.
| believe I"'mpresenting it to you for the first
time. I'maquite certain your counsel has not
cited this exhibit to nme. | believe I'm bringing
It to your attention, but |I'm asking you whet her
you have ever seen it in any context.
| have not.
Okay. So this is a very long review survey of
| mage processing techni ques using neural
networks. To speed things along, |I'mgoing to
direct your attention to sone particul ar passages
that are relevant for our discussion. That's

probably going to involve nme doing sone reading
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into the record. And | will direct you to
particular parts, and | hope that you would maybe
read along with nme. And as before, when | get
done, I'll ask you if | accurately read the
passage and then I'll ask you sonme questions
about the passages. GCkay?
Yes.
|'"'mgoing to start with the abstract. It says --
MR. MARANDO: Before you get
started, | believe this is a new exhibit
you're introducing. This is in the record,
Is that right?
MR. METZCAR: Correct.
MR. MARANDO: It's marked today?
' mgoing to object to foundati on,
rel evance, outside scope. You can
conti nue.
MR. METZCAR: Well, okay. Wat's
your foundation objection?
MR. MARANDO. It's not of record
in the proceeding. You haven't -- no
wi t ness has tal ked about it.
MR. METZCAR: |'m asking hi m about
it. | nean --

MR. MARANDO.  Ckay.
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MR. METZCAR: Yeah.

MR. MARANDO. And ny rel evance
objection is no -- it's not in the
petition.

MR. METZCAR: Well, this is --
this is evidence being offered to rebut his
testinmony and it will appear in the reply.
So |'m asking him about it.

MR. MARANDO: | understand. Just
stating ny objections for the record.

MR. METZCAR: Sure. Dr. Sonka
made a | ot of representations about what
was known and what was not known before
2012 and before 2005. We have a nunber of
docunents that are directly relevant to
that issue. So |I'mgoing to ask him about
t hose.

Okay. So let's look at the abstract. It says,
"We review nore than 200 applications of neural
networks in image processing and di scuss the
present and possible future role of neural

net wor ks, especially feed-forward neural

net wor ks, Kohonen feature maps and Hopfield
neural networks. The various applications are

categorized into a novel two-dinensional taxonony
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for imaging -- for imge processing al gorithns.
One di nension specifies the type of task
performed by the algorithm Preprocessing, data
reduction/feature extraction, segnentation,
obj ect recognition, imge understandi ng and
optim zation. The other dinmension captures the
abstraction I evel of the input data processed by
t he al gorithm Pi xel -1 evel, | ocal feature-I|evel,
structure-level, object-level, object-set-I|evel
and scene characterization.”

Did | read that correctly?
Yes.
Okay. And do you understand what they're talking
about, the extraction |level of the input as being
ei ther pixel-level input or feature-level input?
| believe so.
So if you turn the page to, | believe, it's
mar ked 2280 at the top of the page. Second page.
"' m | ooking at the second colum. There's a |ist
there of the various imge processing
appl i cati ons.

Do you see that?
| see that.
OCkay. And the second |isted processing -- inmge

processi ng operation is data reduction/feature
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extraction. And it's defined as, "Any operation
that extracts significant conponents from an

I mge (wi ndow). The nunber of extracted features
I's generally smaller than the nunber of pixels in
the i nput w ndow. "

Then it defines segnentation. "Any operation
that partitions an inage into regions that are
coherent with respect to sone criterion. One
exanple is the segregation of different
textures."

Do you see that?
| do.

Okay. Now | want you to go to the next page,
which is | abeled 2281. And you'll see there a
Tabl e 1.

Do you see that?
| do.

So this is the taxonony that they were referring
to. They have done a review of neural network --
of the use of neural network for image processing
and they've broken down applications that

perform for exanple, feature extraction,

segnent ation, or object recognition within the

I mge, and they have al so broken it down by

whet her those neural networks accept pixels as
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t he input or accept extracted features as the
I nput .

Do you understand that?
| do.
Okay. And Table 1 lists at |east 25 neura
networks in the review that extract features
using pixel input directly fromthe image.

Do you see that?
| do see nunber 25.
Yeah, and it lists under -- in the segnentation
colum, it lists that this review has seen 39
neural networks that performinmge segnentation
directly fromthe pixel, pixel data, and 19 that
use extracted features as the input.

Do you see that?
| see that.
Do you have any reason to dispute that table?
| have no opinion about this paper because | am
seeing it for the first tinme. | have not
provided that in ny declaration. | would have to
study this carefully and find out what those 25
and 39 papers actually are before | can answer
your question, and that is not sonething that |
have di scussed in ny declaration.

Okay. Let's -- if you turn to page 2283, second
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col um. Bottom of the second colum, there's a
headi ng, 3.2.2 "Feature extraction applications.”
Do you see that?
| do.
It says, "Feature extraction can be seen as a
speci al kind of data reduction of which the goal
is to find a subset of informative vari abl es
based on imge data. Since inmage data are by
nature very high dinensional, feature extraction
Is often a necessary step for segnentation or
obj ect recognition to be successful. Besides
| owering the conputational cost, feature
extraction is also a neans for controlling the
so-called curse of dinensionality. Wen used as
I nput for a subsequent segnentation algorithm
one wants to extract those features that preserve
the class separability well. There is a w de
class”" -- I'"'msorry. "There is a wide class of
ANNs that can be trained to perform mappings to a
| ower - di nensi onal space, for an extensive
overvi ew see reference 60. A well-known
feature-extraction ANN' -- and do you understand
ANN is artificial neural network?
Yes, | do.

"A well-known feature-extraction ANNis ga's
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neural inplenmentation of a one-di nensi onal
princi pal conponent analysis (PCA), |ater
extended to nultiple dinensions.”
Do you see that?
| do.
It also says, "In reference 63, Baldi and Hornik
proved that training three-|ayer auto-associ ator
net wor ks corresponds to applying PCA " or
princi pal conponent analysis, "directly to the
I nput data."
Do you -- do you have any basis to dispute

t hat any of that description is accurate?

MR. MARANDO. Objection. Form

Foundat i on.

| have not provided the opinion about this. |
woul d have to | ook at what is reference 60, what
I's reference 61.
Okay.
The | ayer references.
Okay. You are not personally famliar with
neural networks that perform feature extraction
before the filing date of Krishnan; is that
correct?

MR. MARANDO. Objection. Form

| don't agree with that statenent.
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Ckay. So you are aware of neural networks that
performfeature extraction on inmages prior to the
filing date of Krishnan?

MR. MARANDO: (Obj ection. Form

Under the definition to feature extraction is

cal cul ation of the features. | am aware of such
scenari os. | am not aware, as | al ready stated
It earlier, I"'mnot aware of the capabilities of

neural networks to design features fromtraining

set s.
Okay. |'m skipping down fromwhere | stopped
reading to the next paragraph in that colum. It

says, "Anong the ANNs that have been trained to
performfeature extraction,” and it lists a
nunmber of citations there, "feed-forward ANNs

have been used in nost of the revi ewed

applications.” And there it lists four nore
citations.
SOVMs -- can you tell nme what a SOM neans?

MR. MARANDO: (Obj ection. Form
Foundat i on.
The SO suggests sel f-organi zing, but | don't know
what SOM neans.
OCkay. Well, it says --

Is it defined soneplace?
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It's self-organizing map. It's a type of --
Map, okay.
"SOMs and Hopfield ANNs have al so been trained to
performfeature extraction. Mst of the ANNs
trained for feature extraction obtain pixel data
as input."”

Do you see that?
| see it.
OCkay. Do you have any basis to dispute that
that's a true statenent?
Again, | have not provided opinion of this paper.
However, we seemto be m xing things here, and we
are m xing use of neural networks for performng
a wel | -desi gned operation, handcrafted operation
i ke PCA, which has mat hematical equations which
need to be followed, and we are m xing that with
designing feature extractors which are not
handcrafted. And once again, to be able to
digest it, I wll require, you know, tinme to do
that and | ook at the references.
Okay.
It seens to nme that when you are tal king about
pi xel s being used as input, at that tinme, nost
i kely you'd be tal king about small nei ghborhoods

of pixel, not the entire imges.
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But again, | cannot provide an opinion on
that w thout going into those 200 references
whi ch you are tal king about and which are
summari zed in the data.

Yeah, | understand you can't -- you can't | ook at
t hose references now, but obviously you' ve nade
sone representations about people with skill in
the art not being aware of perform ng feature
extraction or imge segnentation using neural
networks prior to Krishnan, and |I'm pointing out
to you sone docunentation that discusses that and
asking if you have any basis to dispute what is
said here. I'mecertain you will go back and | ook
at the references that are cited.

Ckay. |'mgoing to nove over to the second
colum of the sane page. |'msorry, page 2284.
And in the second colum there is a section
heading 3.3.1 "I mage segnentati on based on pi xel
data."

Do you see that?

Yes, | do.

So this survey in 2002 reports, "Many ANN
approaches have been presented that segnment

I mges directly from pi xel or voxel data." And

then it lists sone 30 references. "Sever a
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different types of ANNs have been trained to
perform pi xel -based segnentation: Feed-forward
ANNs, SOMs, Hopfield networks, probabilistic
ANNs, radial basis function networks, CNNs,
constraint satisfaction ANNs, and RAM networks."
Do you see that?
| see that.
Goi ng down to the next colum -- do you have any
basis as you sit here today to dispute that
that's an accurate characterization?
MR. MARANDO:  Cbj ecti on.
Foundation. Form
That's what the paper says, yes.
And do you agree that the paper provides
citations to many references to support its
cl ai nf?
MR. MARANDO. (Objection to form
It still does not show me how this is relevant to
what Krishnan was teaching in 102 nodul e.
Well, if Krishnan says that feature extraction
can be perfornmed with a neural network, woul d
t hat have been sonmething that a person of skil
In the art would have been aware of, at the very
| east, after this publication in 20027

MR. MARANDO: Obj ection. Form
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| have not seen that statenment in Krishnan.
If Krishnan refers to performng feature
extraction using known segnentation techni ques
and states that feature extraction can be
I npl enented by a neural network, would that
disclose to a person in skill in the art?
| think those are two different things.

MR. MARANDO. (Obj ection. Form

Go ahead.
| think those are two different things. Feature
extraction and segnentation are two separate
things. Usually, traditionally, how it works is
that it's a sequence of operations; that you
segnent sonmething fromthe image and then you
calculate features fromthe segnented objects.
The segnentation itself is not giving you the
features which are described in 102 of Krishnan.
| understand Krishnan -- Krishnan does, however,
refer to feature extraction being perforned by
known segnentati on neans.

Do you agree with that?

MR. MARANDO: (Obj ection. Form
A POSI TA woul d understand that segnentation
doesn't get you where you need to be with respect

to 102, and that would interpret the statenment as
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segnentation and filtering or sonme other
extraction techni ques which are based on the
segnent ed portions of the imge.

So let's discuss this.

Do you agree that Krishnan provides
alternative means for analysis, including, for
exanpl e, the use of classifiers, which could be a
neural network classifier, or tenplates, or
dat abase query net hods?

Do you agree with that?

Can we --

MR. MARANDO: (Obj ection. Form
Can we | ook -- can we | ook at Krishnan patent?
We still don't have the Krishnan patent here.

You're not famliar with that?

Il would like to see the | anguage which is exactly
used.

We'll keep nmoving on. |I'mnot going to -- |I'm
not going to waste any tinme going through

Kri shnan.

Movi ng down after the passage that | quoted
on page 2284, second columm, |'m now | ooki ng at
the | ast paragraph in that second col um.

It says, "Hierarchical segnentation

approaches have been designed to conmbi ne ANNs on
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di fferent abstraction levels. The guiding
princi ple behind hierarchical approaches are
speci alization and bottom up processing: One or
nore ANNs are dedicated to | ow | evel feature
extraction/ segnentation, and their results are
conbi ned at a hi gher abstraction |evel where
anot her neural network classifier perforns the
final image segnentation.”
Do you see that?

| do.
Okay. Do you have -- as you sit here today, do
you have any basis to dispute that that is an
accurate description of things that have been
done?

MR. MARANDO: (Obj ecti on.
| have not --

MR. MARANDO. Form

Go ahead.
| have not provided an opinion in ny declaration.
At the sane tine, | have no reason why not
under stand that you can use the pipeline of these
processi ng nodul es, which is very consistent with
what | had described as traditional approaches in
t he background in ny decl aration.

If you turn to page 2285, the next page, first
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colum, you'll see at the top of the first colum
there's a nunber of bulleted points there. [|I'm
readi ng from about the m ddle of the colum bel ow
the end of the bulleted points.

It says, "In nost applications, ANNs were
trai ned as supervised classifiers to performthe
desired segnentation.”

Did | read that correctly?

MR. MARANDO: Obj ection. Form
Yes, you have.
And do you have any basis to dispute that
st at ement ?

MR. MARANDO: (Obj ection. Form

Foundati on.

Can you repeat your question?
Do you have any basis to dispute that that's an
accurate statenent?

MR. MARANDO: Sane obj ecti ons.
Not knowi ng the applications which are
referenced, | cannot agree that in nost
applications this was the case.
Okay. | believe the last thing for this exhibit,
|'"d like you to turn to page 2292. It's a ful
page table, Table 2.

| see that table.
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Ckay. So this breaks down the inmage processing
tasks -- they're listed across the top -- by the
type of neural network that is used to perform
t hose tasks.

Do you see that?

MR. MARANDO:. Objection. Form

| see the table. | see the matri x structure.
Yes, | do.
Ckay. So at the top, listed across the top in

t he i mage processing tasks, included there
feature extraction, and then segnentation,
pi xel - based, and then segnentation,
f eat ure- based.

Do you see that?
| do.
And the table lists a nunmber of different neural
net wor ks that they have -- that the authors have
reviewed for performng those tasks.

Do you see that?
| do.

MR. MARANDO:. Objection to form

And do you have any -- as you sit here today, do
you have any basis to dispute that that's an
accurate -- that that table's an accurate

depi ction of what existed in a prior art?
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MR. MARANDO. (bj ection. Form
Foundati on.

Wt hout knowi ng what we are referencing to, | do
not understand what they nean by segnentation
pi xel -based. And | will repeat nmy comrent from
-- which | made earlier, that this nmay or nmay not
be based on small nei ghborhoods of a specific
pi xel, not on the entire image. | wll have to
| ook at those individual citations which are, you
know, given in the previous paragraphs that you
r ead.
Okay. Well, let's -- let's follow up on that.

The 029 patent, you agree that its feature
extractor is described as, at least in the
enbodi nrent shown in Figure 4, a convol utiona
neural network?
Figure 4A? \Which block are you tal king about?
"' masking you if you're aware that the 029
patent descri bes using a convol utional neural
network for feature extraction?
It does. It does not do that solely. It
conbi nes the | ong short-term nenory and the
convol utional neural network, DenseNet.
But does a convol utional neural network operate

on individually parts of the inmge?
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Not as a whole. As a whole, the input is the
entire imge. And especially in the context of
029, it is the entire image. |It's actually the
entire image sequence.
But it's looking -- it's looking -- convol utional
neural network | ooks at the inmage in pieces,
correct?

The kernel progresses across the inmage until
all pixels have been evaluated, but it |ooks
I ndi vidually at pieces of the image, right?

MR. MARANDO: (Obj ection. Form

Until you get to the -- you know, to |ater
| ayers, which may be 1x1 |l ayers, which actually
consider the entire inmge.
Well, you --
As a whol e, the network considers the entire
I mage.
Okay. And you expressed sone confusion or you
don't understand whether or not these
segnentation applications that are listed in
Exhi bit 1047, the ones that take pixel-based
Il nput, you expressed sone m sunderstandi ng about
whet her it was | ooking at the entire inmage or
only portions of the image; is that right?

MR. MARANDO: Obj ection. Form
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Foundati on.

| would have to | ook at what pixel -based neans.
OCkay. |If you |l ook back to page 2280, it's the
second page of the docunent.
Yep.
So we tal ked about sonme of the inmage processing
functions at the top of colum 2, but | negl ected
to read to you farther down the abstraction | evel
of the input that is used in the author's
t axonomy.

It says about hal fway down the col um,
"Besi des the actual task perfornmed by an
algorithm its processing capabilities are partly
determ ned by the abstraction | evel of the input
data. We distinguish between the foll ow ng
abstraction levels: A Pixel level,"” which is
defined as, "The intensities of individual pixels
are provided as input to the algorithm B
Local feature level. A set of derived,
pi xel -based features constitutes the input.”

Do you see that?
Yes.
So, do you now understand what the table is
referring to when it says it | ocated neural

net wor ks that performinage segnentation using
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pi xel data, as well as neural networks that
performinmage segnentation using feature --
f eat ur e- based?
MR. MARANDO: (Obj ection. Form
Foundati on.

| am not saying | don't understand what a pixel
value is. What | do not understand and cannot
tell without reading the papers which are
referenced, whether the pixel-level informtion
Is like a | ocal neighborhood of a specific pixel
or whether it's the entire image; whether we are
usi ng, you know, |ocalized information or whether
sonehow the entire pixel is entered into the
neur al networ K.

| can imgine, as you just read in the
previous version, that there is a sequence of
neural network operations; that the first neural
network is perform ng individual operations on
sone small nei ghborhood. The small nei ghborhood
I's nmoving al ong the image, and |l ater on, the
second- | evel nei ghborhood is conbining those and
training segnentation algorithm for exanple.
And why does that matter for the question of
whet her or not soneone of skill in the art would

have known before Krishnan's filing date in 2005
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whet her neural networks were used to perform
| mge segnentation taking the --
Because --
-- pixels directly?

MR. MARANDO: (Obj ection. Form
Because the -- because the neural networks sinply
were not capable of --
l'"msorry, | couldn't hear you. They were not
what ?
The neural networks at that tinme, the
architecture which was used, were not capabl e of
managi ng i mages of -- especially nmedical imges,
of the required size and resolution --
Okay.
-- to be considered as the entire entity.
So it's your position that before Krishnan in
2005, there weren't neural networks that were
capabl e of segnenting nedi cal inmages?

MR. MARANDO: (Obj ection. Form
That's not what | said.
Okay. Maybe you can repeat your answer.

MR. MARANDO: (Obj ection. Form
VWhat | said that, at -- at the 2005 tine, nedical
| mges were not used in combination wth neural

networks to design new features that would be
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based on the entire inages.

Okay. Well, | think that's a different answer.
We're tal king about designing features with the
neural network. We will get to that, whether or
not that's your -- you're limting the claim
construction to that.

But et me ask you this: Wre -- do
convol uti onal neural networks learn their own
features for the purpose of image anal ysis?

MR. MARANDO: (Obj ection. Form
Convol utional neural networks as were introduced
after 2012, and later than that, can learn its
own features, yes.
So it's your understanding that only after 2012
did convol utional neural networks learn their own
features for inmuge anal ysis?

MR. MARANDO: (Obj ection. Form
s that correct?
That was the introduction of the first
practically applicable approach that all owed
that. And that really brought to the community
the capability of learning features from
exanples - that something that was not accepted
before, it was not accepted when Al exNet cane, it

was not accepted until many years |later actually.
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At that tinme, the understandi ng was very
clearly done that focus nmust be put into hand
designing the features, getting the best features
you can think about for a particular task and
that those features are task-specific and that
you cannot have a set of uniform general features
or features that are designed using a general
algorithmthat will be applicable to nultiple
applicati ons.

(Thereupon, Exhibit 1048, Article titled,

"Segnentation of ultrasonic imges with

neural networks", was marked for purposes of

i dentification.)

Let's ook at the next exhibit. |[|'ve marked this
Exhi bit 1048. Do you have access to it?
| see it.
MR. MARANDGO: (Obj ecti on.

Foundation, rel evance, scope to the

exhi bit.
So we've been -- we've been tal king about whet her
or not it was known to performinmge segnentation
usi ng neural networks, including nmedical imges.

This is a publication entitled "Segnentation
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of ultrasonic imges with neural networks." It
was published in 1991, volune 5, in the
I nternational Journal of Pattern Recognition and
Artificial Intelligence.

Are you famliar with that journal?
Yes, | am
Okay. |Is that journal considered a reliable
aut hority?
Yes, certainly.
|'mgoing to direct your attention to -- well,
|l et me ask you, have you ever seen this
particul ar publication that's marked as Exhi bit
10487
No, | have not. | have not provided any opinion
on that in ny declaration.
Ckay. So |I'mjust going to read to you the
abstract.

It says, "Neural networks differ from
traditional approaches to image processing in
terms of their ability to adapt to regularities
in image structure and to self-organize so as to
i npl ement directed transformations. Bionmedical
ultrasonic i mages are often degraded in quality
by noi se and ot her factors, making enhancenent

techni ques particularly inmportant. This paper
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descri bes the use of back propagation and
conpetitive learning for enhancenent and
segnentation of ultrasonic inmages of the eye. O
particular interest is the extension of these
techni ques to segnentation of three-dinensional
dat asets, where sinple threshol ding and gradi ent
operation are not entirely successful."

Do you see that?

MR. MARANDO: Obj ection. Form
Foundati on.

s the question whether you read correctly? You
read the abstract correctly.
|"d like you to turn to -- turn a couple of
pages. The top of the page is |abeled 621.

Under the heading "Methods," it's 1, 2, 3, 4,
5 6, 7, 8 -- nine lines dowm. It says, "All
back- propagati on networks described in this paper
accepted square input regions fromthe inmage
pl ane as input, had two hidden |ayers, and a
single output unit. During processing, the
networ k i nput regi on was scanned over the entire
I mage. "

Did | read that correctly?
Yes.

MR. MARANDO: Obj ection. Form
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Yes, you have.
Okay. Are you -- are you famliar at all with
this type of neural network for nedical -- or
ul trasound i mage segnentation?
MR. MARANDO: (Obj ection. Form

| amnot famliar with this paper. | amfamliar
with this general approach described here.
If you turn to page 625, the conclusion, it says,
"In the paper it is shown that neural networks
using either directed or undirected | earning may
be used to segnent ultrasonic imges of the eye.
These techni ques are applicable to other
radi ol ogi cal imges and to processing of
gray-scal e i mages in general."

Do you agree with that? O do you have any
reason to dispute that?

MR. MARANDO: (Obj ection. Form
Foundati on.

| cannot nmake an opini on because | don't know
what they nean by directed or undirected | earning
her e.

Just to comment, you know, to what you read
before, that's exactly what | was tal king about
before, they were using small sub-regions of the

Il mages to enter into the neural network, not the
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I mages t hensel ves.
(Thereupon, Exhibit 1056, Article titled,
"Current nmethods in nedical inage
segnentation”, was marked for purposes of
i dentification.)
Q Let's take a look at the next exhibit. It should
be | abeled as -- |'ve labeled it as Exhibit 1056.
Do you see that in the Exhibit Share fol der?
| don't see it. Not yet.
Do you have it now?

No. | just see four exhibits there.

o > O »

| probably pushed the wong button, Dr. Sonka.
will fix it. Now take a | ook.
A.  Yes, now | see.
MR. MARANDO. (Objection to the

exhi bit, foundation, relevance, scope.
Q This is a publication entitled "Current methods
I n medi cal inmge segnentation.” It was published
in 2000 in the Annual Review of Bi onedi cal
Engi neering. The three naned authors are all
fromthe Departnment of Electrical and Conputer
Engi neering at The Johns Hopkins University.

Are you famliar with this Annual Revi ew of
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Bi onedi cal Engi neering?

| am not .

Do you consider it to be a reliable authority?
MR. MARANDO: (Obj ection. Form

| know the authors. They are very reputable

authors. | have no reason to believe that the

journal would be a bad journal.

Okay.
So -- but | don't know the journal.
OCkay. | just want to wal k you through a few

passages in this.

Starting with the abstract on the first page.
It says, "Image segnentation plays a crucial role
i n many nedi cal inmaging applications, by
automating or facilitating the delineation of
anatom cal structures and other regions of
Interest. W present a critical appraisal of the
current status of sem -automated and aut omat ed
met hods for the segnentation of anatom cal
medi cal i mges. "

Then below, in the contents of this paper,
you'll see it lists a variety of nethods for
| mge segnentation, including threshol ding,
regi on grow ng, classifiers, clustering, Markov

random field nodels, and artificial neural
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net wor ks.
Do you see that?
Yes.
Okay. If we go to page 238 -- |'msorry, 328.
Yes.
This was published in 2000.

So the first full paragraph at the top of
page 328, "ANNs represent a paradigmfor machine
| earni ng and can be used in a variety of ways for
| mage segnmentation. The nost wi dely applied use
in medical imaging is as a classifier" -- it
lists some references -- "in which the weights
are determ ned by using training data and the ANN
is then used to segnent new data. ANNs can al so
be used in an unsupervi sed fashion as a
clustering nethod, as well as for deformble
nodel s. "

Do you see that?
| do.

So if this refers to using a neural network in an
unsupervi sed fashion to performclustering, do
you believe that that is using handcrafted
extraction features?

MR. MARANDO: (Obj ecti on.

Foundati on. For m
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| have not provided opinion about this paper. |
do not believe that --
Wul d you agree with ne that unsupervised
| earning typically nmeans that the neural network
Is not being trained with a handcrafted feature?
MR. MARANDO:  (bj ecti on.
Foundation. Form
That would go into the category of
sel f-organi zi ng networks, you know, for cluster
analysis. They are not being trained in the
supervi sed manner.
Okay. And | believe you'll remenber that in
Exhi bit 1047 that we di scussed earlier, the imge
processi ng revi ew paper, but that also listed
SOMs or self-organizing networks as being used
during the segnentation.
Do you recall that?
| do recall that.
MR. MARANDGO: (Obj ecti on.
But again, there is no relevance for 102 in
Kri shnan because that requires features which are
associated with a specific class to be then used
as the input for the classifier, which is in 104,
105, 103. And clustering nmethods don't provide

i nformati on about a cl ass.
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| understand that that's your position and it's
based on your construction, but if that
construction is not correct, would you agree with
me that before Krishnan in 2005, it was known to
segnent nedi cal images using neural networks that
take the image as input?

MR. MARANDO: (Obj ection. Form
" mnot going to provide a new opinion which is
not in ny declaration, which is based on the
hypot hetical of if construction is not accepted.
All 1"masking is as a matter of fact or a matter
of your know edge of what was in the prior art.

Woul d you agree with ne that before

Krishnan -- the filing date of Krishnan in 2005,
It was known to segnent nedical inages using
neural networks that accepted the pixel data of
the i mage as input?

MR. MARANDO: (Obj ection. Form
The neural networks at that tinme, the ones which
I"'mfamliar with used for inmge segnentation,
were using small subfields of images, not the
entire inmages as input into the neural network.
Okay. So you require -- or under your
under st andi ng, the 029 patent requires that the

entire image be received as an input rather than
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pi ecewi se portions of the inmage?

MR. MARANDO: (Obj ection. Form
My understanding is that 029 patent specifies
that. And the |earning process described in 029
descri bes that and specifies that.
And is it your understanding that neural networks
exi sting before Krishnan in 2005 coul d not accept
| mges as i nput because they -- conputationally,
they could not accept that nuch data?

MR. MARANDO: (Obj ection. Form
You can scale anything at any tine even using
conput ati onal hardware of that tinme. It would
not be done -- the POSI TA would not do that
because the expectation would not be there for
such operation to be useful.

There was a reason why it didn't appear until
2012. There was a reason why there was a Nobel
Prize given in association with that, and why the
Nobel Prize was not given to Krishnan but
sonebody el se, because this is different.

We di scussed principal conponent anal ysis before.

Are you famliar with principal conponent
anal ysi s?

Still famliar with that, yes.

And that's a dinensionality reduction technique
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to identify the nost relevant features that wll
best perform sone |ater classification task; is
that fair?
It's an -- it's an anal ytical approach. It's a
| ear ned appr oach.
Does it identify what features fromthe dataset
that are to be used for sone |ater task |ike
classification?

MR. MARANDO: Obj ection. Form
PCA is useful for description of properties, not
for classification necessarily. So if you are
t al ki ng about designing features, PCA does not
al ways give you good features for classification,
number one. Number two, it's an anal yti cal
technique. [It's not a |earning-based technique.
I's principal conponent analysis used for feature
extraction frominmages?

MR. MARANDO: (Obj ection. Form
| woul d define PCA as a technique that is used
for feature dinensionality reduction, not for
feature extraction. Because you don't get any
new i nformati on after PCA which would not be
present in the original features which you are
feeding into the PCA nodul e.

Are you aware of anyone else in the field that
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woul d refer to PCA, or principal conponent
anal ysis, as being a feature extraction function?
MR. MARANDO: (Obj ection. Form
It's very likely you can find references |ike
that. The term nology is not crisp here.
Do you think they -- do you think if others in
the field do refer to PCA as being a feature
extraction function, do you --
You will find feature selection, feature
extraction, feature ordering, but that doesn't
change the fact that PCA gives you a conbi nation
of features previously provided on the input of
t he PCA nodule. They are not --
Explain that to ne. You're saying that the
person who's going to perform PCA has to pick the
features first before they perform PCA?
MR. MARANDO: (Obj ection. Form
Yes, and it depends on what you consider the
features. But what PCA is doing, is that you
have a nulti di nensi onal space. The
di mensionality of that space is given by the
number of inputs. And those inputs are
I ndi vi dual features which have been either
cal cul ated or sonmehow acquired or associated with

the i mge, whatever they are.
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They are features. And PCA fromthe
mul ti di mensi onal space is trying to find the
maj or axes of the distributions and present --
represent it in a new orthogonal space
differently positioned. And finding the
di mensi on of that new orthogonal space which has
t he | ongest eigenvector, which, therefore, is
I dentified, associated with the npost inportant
descriptor of the set you are providing.
Q  Okay.
A.  That, however, does not give you the nobst
I nportant distinguishing factor, which is
I nportant for classification, and that's -- if
you hear sonme thunder and lightning, | think
there's a thunderstorm here outside.
And that's the reason why PCAis a feature
space reduction techni que and not necessarily a
good techni que for feature finding or
determnation in classification setting, nunber
one. Nunber two, it's not a |earning technique.
It's an anal ytical technique.
Q Are you aware of neural networks that are used to
per f or m PCA?
MR. MARANDO: (Obj ection. Form

A. | amnot, but | can imgine that you can train
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t he neural network to approxi mate the anal yti cal
algorithm Approximate is the word here.

Let ne explain to you what | understand PCA to be
and you can explain to nme why |'mwong, or if

"' m wrong.

My understanding is that rather than
handcrafting or hand-picking those features that
an engi neer or scientist believe will be the nost
I nportant for a classification task, instead, PCA

Is a mat hematical or conputational algorithmthat

wll identify the nost distinguishing feature.
Is that -- is that a fair assessnment?
That's -- that's not true.

Okay. Explain to ne why |'m wrong.

It identifies, nunber one, not -- nunber one, it
only gives you the best features fromthe set of
features you use in the input. There may be

ot her features which are better and you sinply
did not provide themin the input at all. So
that's nunber one.

Nunmber two, there is a difference between --
you used the best distinguishing features. Not
true. Because the distinguishing neans that you
are trying to distinguish between classes. PCA

I's not doing that. PCA is giving you the best
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description. It doesn't tell you whether the
description, which is nost relevant, is actually
useful at all for the classification.

Under st ood.

Okay. So the distinction is between
identifying the best features or the best
descriptors of the whole image rather than
I dentifying those features that will provide the
best classification. That's the distinction
you' re maki ng?

No. No, no, no. It is alnost -- alnpbst correct
what you said. But it's not giving you the best
description of the imge if you want to have the
i mge on the input. It's giving you the best
description of the set of images -- of the entire
set of images fromnultiple classes. Not one,
but of the entire set of data which you are

subj ecting to the PCA.

Okay. Okay. So --

If you are |ucky, then one class wll have

di fferent eigenvectors than the other class and
you can use it for classification. But you wl]l
then use that for training the classifier down
the road in the pipeline -- traditional pipeline,

which I'"'mcalling traditional and which | have
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described in nmy background.
Okay. But PCA is identifying features within the
I mges that can be used for |ater tasks?
No.

MR. MARANDO: (Obj ection. Form
No, that's not the case. PCA is reorganizing the
features which you are using on the input of the
PCA al gorithm
Okay. Well, let's | ook at sone -- sone --
Think about it this way: You have that
mul ti di mensi onal space. You have to fill that
mul ti di mensi onal space sonehow, and that sonmehow
is that you put your initial features there,
what ever they are. And they may be, you know,
sonme neasurenents or it may be, you know,
I nformati on about texture and sone el ongati on,
what ever it is.

And then it reorganizes all those features,
whi ch you have many, into a space that allows you
to order those features in a different way,

di sregard the | ater ones and keep a snmaller
number. And you have referenced sone place in
sonme of the things that there is an issue of
curse of dinensionality. And that's why you do

It, because the nore features you have, the nore
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training set data you have to have for training a
classifier, that being a neural network or
anyt hing el se.

So we are trying to mnim ze the nunber of
your features in your feature space, and PCA
allows you to do that. But it does not allow you
to create new features. It's just a conbination
of the features which are used on the output. It
does not allow you to claimthat you are getting
di stingui shing features.

Okay. | think it will be helpful for us to | ook
at another publication or two that's describing
PCA.

(Ther eupon, Exhibit 1051, Article titled,

"Unsupervi sed neural network | earning

procedures for feature extraction and

classification", was marked for purposes of

I dentification.)

So | just sent to you what |'ve marked as Exhi bit
1051. Do you have that?

| see it. | opened it.

So this is a publication entitled "Unsupervised

neural network | earning procedures for feature
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extraction and classification." |t was published
In 1996 in volune 6 of the Journal of Applied
Sci ence.
Are you famliar with this Journal of Applied

Sci ence?
| amnot famliar with the journal --

MR. MARANDO: (Cbjection to the

exhi bit.
Hol d on one second, Dr. Sonka.
Cbj ection to the exhibit. Form
Foundati on. Relevance. Scope.

You can answer.
| amnot famliar with the journal. | am
fam liar with the Kl uwer publisher, of course.
Again, this is a paper | have not seen before, |
have not provided ny opinion on.
" msorry, you said you're famliar with the
publ i sher of the paper?
By publisher, I"'mfamliar with Kluwer Academ c
Publ i shers.
Okay. Wuld you -- would you consider this to be
a reliable authority if it was published by
Kl uwer ?
Very likely so. Alnpbst certainly so.

Have you ever seen this particular publication
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that | marked as Exhibit 10517?

As |'ve already said, | have not seen it. | have
not provided nmy opinion in the declaration. | am
not ready to provide my opinion wthout being
able toread it in full

Okay. Well, | want to direct your attention to a
coupl e passages and then I'Ill just ask you

whet her or not you agree with them or do you have
a reason to dispute what they say. | understand
you haven't read the paper yet, but | still want
to ask you the question.

So first, let's |look at the abstract.

It says, "In this article, we review
unsupervi sed neural network | earning procedures
whi ch can be applied to the task of preprocessing
raw data to extract useful features for
subsequent cl assification."

Then in the introduction, it says, "One of
the nore difficult and inportant parts of the
classification process is the preprocessing of
raw data to extract useful and appropriate
features. The raw data are often too | arge or
conplex to be used directly as input to a
classifier, leading to the curse of

di mensionality and ot her generalization problens
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If insufficient training exanples are avail abl e.
Even when this is not the case, sinply reducing
t he nunber of variables representing the data can
make | earning easier in a later classifying
stage. In sone cases, prior know edge about the
probl em can be used to determ ne heuristic
features such as edges in an inmage classification
problem "

' m going to pause.

Is that -- is that the kind of thing you're
referring to as handcrafted features?
That's correct.

MR. MARANDO: (Obj ection. Form

It goes on, "However, this is not possible in all
cases, and may not be the conplete solution in
cases where such features are identifiable. In
this article, we review unsupervi sed neur al
networ k | earni ng procedures which can be applied
to this preprocessing task. In contrast to
ei t her supervised or reinforcenent |earning
procedures, these unsupervised algorithns use no
know edge of the eventual targets or errors of
the classification process. They learn their
eventual operation purely from observing the raw

| nput data."
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Did | read that correctly?

MR. MARANDO: (Obj ection. Form
| see the text.
Okay. This is from 1996, which is al nost ten
years before Krishnan's filing date.

Do you have any reason to dispute that
someone of skill in the art would have been aware
of unsupervi sed neural network feature
extraction?

MR. MARANDO: (Obj ection. Form
The statenent that this is needed does not give
me any informati on about how it should be done.
Okay. Take a look -- if you turn the page to
page 2. Halfway down the first colum is the
heading 2.1, "Principal conponent analysis and
subspace nethods."

It says, "Principal conmponent anal ysis (PCA)
I s a popul ar di nension reduction and feature
extraction nethod."

Do you agree with that?

MR. MARANDO: (Obj ection. Form
| agree with the popul ar di nension reduction
techni que, and we discussed that in the past.
Feature extraction. Extraction fromwhat? From

t he conbi ned space of previous features. In that
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sense --
So you dispute that it's a feature extraction
met hod?
No, | don't dispute it's a feature extraction
met hod, but it's not a feature extraction nethod
that woul d design new features from nothing.
Okay. If you look just below where | read,
there's a figure, Figure 1. And it's -- the
| abel references a three-input two-output PCA
net wor K.
Do you see that?

| do.
Are you famliar with neural networks for
perform ng principal conponent analysis?
No, | am not.
Okay. Let's look at the next -- do you -- do you
-- do you dispute that the neural network that is
depicted in Figure 1 of that exhibit is a
feature-extracti ng neural network?

MR. MARANDO: (Obj ection. Form
As | already stated, | consider PCA to be a
feature space reduction techni que.

(Thereupon, Exhibit 1052, Article titled,

"Artificial Neural Networks for Feature
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Extraction and Multivariate Data Projection",

was mar ked for purposes of identification.)
Okay. Let nme show you the next exhibit. It's
mar ked as Exhibit 1052.

Do you have that in Exhibit Share?

Okay. So -- I'msorry, you said you do have
it?
| see it, yes.
Okay. This is a publication entitled "Artificial
neural networks for feature extraction and
multivariate data projection.” It was published
in 1995 in volunme 6 of | EEE Transactions on
Neur al Networks' journal.

Are you famliar with that journal?
Yes.

MR. MARANDO. (Objection to the
exhibit. Form Foundation. Relevance.
Scope.

Do you consider the journal to be a reliable
authority?
Yes, | do.
| want to point out a couple of passages in this
-- in this publication, which again, it's

published in 1995. So this is about five years
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-- or, I'"'msorry, about ten years before
Kri shnan.

Looking in the first colum of the first
page, | am-- | believe the page is 296. The
| ast full para- -- or the |last paragraph on the
page, it says, "Recently, a | arge nunber of
artificial neural networks and | earning
al gorithns have been proposed for feature
extraction and data projection,” and it lists a
nunmber of citations in here.

Do you have any reason to dispute that
feature extraction neural networks were proposed
in 19957

MR. MARANDO: (Obj ection. Form
Isn't it interesting that, you know, we are
tal ki ng about 1995. The ot her paper was 1996.
The ot her one was shortly after that, the
sunmary. We do not have too many papers fromthe
years around 2005.

And ny recollection, because |'ve been around
| ong enough, is that, you know, neural networks
have been com ng in waves up and down. And there
was a |lot of research, as you can see, in the md
"90s, which did not really go anywhere.

| think that we will find a substantially
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| ess nunber of publications fromthe md 2000s
that are going to explore these uses. And this
Is just a comment which | wanted to make that,
you know, that affects of, you know, the
under st andi ng of what is taught in here, in those
patterns we are tal king about.

But to answer your question --
"1l just point out --
-- 1 do not -- | do not know what papers 1
through 5, 12 and so on are. | would have to
| ook at them and see what they consider feature
extraction, what they consider feature reduction,
and nmultivariate data projections before making
-- you know, having any opinion about this.
OCkay. And I'll just respond quickly to your
comment about all of these papers being too old.

Exhi bit 1047, which we di scussed, the imge
processing with Neural Networks review, that was
published in 2002. And if you'll recall, it
showed a taxonony, a table with over 50 neural
net wor ks that had been reviewed for performng
feature extraction and segnentati on of imges.
So I'"I'l just point out that that docunent was
from 2002. And we'll discuss others that are

nore recent.
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MR. MARANDO. (bj ection. Form

To the extent that was a question.

If you look at it -- just to answer, you know, to
your comment. |I'mjust -- | just opened the
exhibit. |If you look at that, it's a review It

takes a while before you put together a review

I nterestingly enough, 1994, 1995, 1992, that
was -- you know, those were good years for neural
net wor ks, but just to respond to what you said.
If you turn to the second page of Exhibit 1052,
it's | abel ed page 297 at the top, you will see a
figure. It says Figure 1, "A taxonony of neural
networks for feature extraction and data
proj ection."

Do you see that?
Yes, | see that.
And it lists a variety of neural networks for
perform ng feature extraction, sone of them
supervi sed, sone of them unsupervised, sone of
them linear, sone of them nonlinear. They
i nclude a principal conponent analysis network, a
linear -- a linear discrimnant anal ysis network,
and Kohonen's map.

Do you see that?
| do.
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Were you aware of these networks performng
feature extraction?

MR. MARANDO: (Obj ection. Form
Again, the critical thing we are tal king about
here throughout all those papers is whether you
used the neural networks to nassage exi sting
features or whether you use themto design new
features not previously existed. And | do not
know and |'m not providing an opini on about what
this paper is talking about. | cannot do it on
the fly.
Okay. So just to be clear, you are requiring not
only that the 029 patent performfeature
extraction with a neural network, you are
requiring that the 029 patent performfeature
extraction with a neural network that learns its
own features; is that correct?
Getting away fromthe paper we are | ooking at and
getting back to 029. The specifications of 029,
all the enbodi nents of 029 are teaching the way
how features are being | earned fromthe i mges
usi ng neural network. And the neural network is
described in Figure 4 and it shows that the
| anguage in 029 is tal king about how the training

of that network described in Figure 12 is being
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used for the paraneters of the 304, 306, 308
networks in Figure 4 of 029.
So your understanding is -- |I'msorry.

Your understandi ng of the 029 patent and your
interpretation that it requires the |earning of
extracted features is based upon the fact that
t he neural network shown in Figure 4, you
Interpret that to be -- to be a | earning network?

Strike that. Strike that. W'Il get back to

| want to point out another passage to you in
Exhi bit 1052. This is still on page 297. 1In the
second colum there's a heading there at the
bottom "Principal conponent analysis networks."
Do you see that?
Yes, | do.
Ckay. It says, "Principal conmponent anal ysis,
al so call ed Karhunen-Loeve transform is a
wel | - known statistical nmethod for feature
extraction, data projection, and nultivariate
data projection and has been widely used in
conmuni cation, signal and image processing,
pattern recognition, and data analysis."
Do you agree with that?
Wth the caveat of what do we understand by
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feature extraction. |It's calculating features
based on the statistical approaches which are
hand designed. [It's calculating features from
the set of inputs. W are saying it over and
over again. |It's a data space reduction
t echni que.
Let's talk a little bit about convol utional
neural networks, which are sonmetines abbrevi at ed
as CNNs.

Are convol uti onal neural networks deep
| ear ni ng neural networks in your opinion?

MR. MARANDO. Objection. Form

We tal ked about it. If the -- you know, the
convol uti onal neural network these days is
certainly understood as being the deep neural
net wor K. For the network to be convol utional,
don't think it has to be deep.
Okay.
Is it going to be useful? That's a different
questi on.
Okay. They are -- |'msorry.

Convol utional neural networks, are they
typically used for imge anal ysis?
These days, convol utional networks are very

frequently used for imge anal ysis.
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And it's because of their architecture they're
able to handle | arge datasets |i ke |arge nunbers
of pixels; is that fair?

MR. MARANDO: (Obj ection. Form
|'"d say it differently. | think that in addition
to what you said, they are able to identify
| i nkages across space and scale in the inmges
whi ch may not be humanly observable and are nore
conpl ex than the human design features are able
to capture.

Okay. So that leads ne to ny next question. Do
convol uti onal neural networks -- do they learn
the features that are -- that are to be extracted
t hrough the training process rather than using
handcrafted features?

MR. MARANDO: Obj ection. Form
They are capable of |learning features which are
optimal with respect to the objective function
used in training for the task the network is
supposed to perform
Okay. And is AlexNet that you keep referring to,
is that a convol utional neural network?

It is a convolutional neural network.
And is LeCun's LeNet, is that a convol uti onal

neur al network?
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MR. MARANDO: (Obj ection. Form
Foundati on.

It is a convolutional neural network not used in
a way that woul d design new features because of
the conplexity of that, but it's certainly a very
i nsi ghtful neural network for the tinme it was

I ntroduced.

MR. MARANDO: At what point do you
want to take a break?

MR. METZCAR: |If you're asking for
one, | could probably go just a couple --
couple nmore m nutes and then we could stop.

MR. MARANDO: Yeah, is that okay
with you, Dr. Sonka?

THE W TNESS: That's fine. That's
fine.

I n your experience, were convol utional neural
net wor ks used for imge anal ysis before
Krishnan's filing in 2005?

MR. MARANDO: (Obj ection. Form
It depends on the definition. Wre you able to
see a neural network that was perform ng
convolution with sone small kernels and try to
I dentify, you know, |abels for individual pixels

in the i mges, perhaps for segnentation, | would
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say yes, you coul d.

If the answer is could you use an end-to-end
based neural network which started with the
i mages directly, designed their own features, the
answer woul d be no.
So maybe your -- nmaybe you've al ready answered
this, but were -- in your experience, were
convol uti onal neural networks being used for
| mge segnmentation before Krishnan's filing date
in 20057

MR. MARANDO: (Obj ection. Form

In very special, very constrained ways and
research settings, | would say yes, but not in a
way that would allow features to be | earned.
Are you saying --
The feature extractor paraneters and
architectures could not be |earned at that tine.
So are you saying those convol utional networks
used handcrafted features or handcrafted kernels
only?
They use handcrafted feature architectures and
may have been used for sonmehow i nproving the
paraneters of those handcrafted features, but not
di scover new features.

That's based on --
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It's the same difference between the traditional
and post-2012 scenari os.
So only after 2012 were convol utional neural
net wor ks used for imge segnentation in which
they could learn their own features?
| think that's a --

MR. MARANDO: (Obj ection. Form
| think that's a fair statenent. It happened
years after 2012 because there is always a | ong
del ay before something this transformational is
-- actually bubbles through to the community and
the community accepts that.

It was certainly a vital nmonent for all of us
that features can be learned. And it has sone
advant ages and di sadvant ages, as | am sure you
know, that those features that are |learned this
way may not nmake sense to humans. And that was a
big problemearly on, and still is a big problem
that, you know, interpreting those features which
are actually calculating -- calculated is
difficult or inpossible.

And then you have a separate branch that
deals with the explainable artificial
i ntelligence, explainable nets, which are to nake

sense of what is actually -- what those
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convol uti onal neural networks are actually doing.
OCkay. Are you famliar with LeCun's optical
character recognition neural network, sonetines
referred to as LeNet?
MR. MARANDO: (Obj ection. Form

| believe that we are tal king about the -- what
isit, like the 19 -- 1989 or '90 paper about a
postal code, a ZI P code?
We have one that's been marked as an exhibit in
this case. It's Exhibit 1027 and it's addressed
I n your declaration.
Yes, I'mfamliar with that.
Okay. So you're aware of it.
It's a great exanple how you do the handcrafted
feature as the input. You decide -- the designer
decides that it's going to be a 5x5 mask and then
the network is being used to sonehow -- sonehow
by training the network optim ze the paraneters
of the 5x5 kernel, but it cannot design kernels
t hat woul d not be 5x5. So there is that hand
desi gn enbedded in that, nunber one.

Nunber two, it uses the sane kernel for each
and every location of that subimge which is
taken fromthe i mge of the envel ope that only

contains that one digit.
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So there is that handcrafted feature which
can be inproved, optim zed sonehow by the
network, but it's not the end-to-end | earning
which Al exNet started to teach and which made the
revol ution.

So | want to follow up.

Is it -- is it your understanding that
LeCun's network as described in Exhibit 1027 used
handcrafted features, not |earned features?

Yes, hand- --

MR. MARANDO: (Obj ection. Form
It used handcrafted features to the extent that
it decided to use and only use a 5x5 convol ution
kernel and nothing else. And then within that
constraint, and within the constraint that the
sanme kernel will be used everywhere, it uses the
classifier as a sort of secondary pipeline

el enment to determ ne the paraneters of the 5x5

kernel .
But the 5x5 kernel has been decided. It may
not be the best one. It has not optimzed that

kernel because there may be a better kernel which
Is not 5x5. That's the way how it did not go
beyond the handcrafted feature at the begi nning.

OCkay. So your understanding is that LeCun did
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not use |l earned features, it used handcrafted
features; is that what you're saying?
| " m saying that a handcrafted --
MR. MARANDO: (Object to form

| " m saying that a handcrafted aspect is the start
of the pipeline. And in the second step of the
pi peline, learning, training the neural network,
Is used to optim ze those 25, plus the bias, 26
paranmeters of the kernel. But you could not go
to define features which are different than 5x5.
You could not define 5x1. You could not define
7X7.

You had a handcrafted feature in the
begi nni ng, which conpletely and significantly
constrai ned your capability to |learn the nost
di stinguishing features in the proper term of
that -- of the word using classification
t echni ques, |earning techni ques.
Okay.
And that's what Al exNet enabled. And that's what
really | see as the -- as the watershed nonent,
whi ch made all ny books, which were published
prior to that, overnight obsolete, and the world
has changed and everything is different since

t hen.
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So is it your understanding -- is your
construction of extracted feature representations
limted to feature representations that are
| earned using a neural network just |ike Al exNet?
MR. MARANDO: (Obj ection. Form
As | already explained, the -- I'musing the
plain ordinary meaning of the term | am
adopting the construction that is used in the
paral l el proceeding. And the construction is
what it says. It's a -- it's a technique which
uses | earned features which are | earned using
neural network. | may not exactly say the
wor di ng which is there, but you know what | nean.
MR. METZCAR: Wy don't we take a
five-m nute break and we'll come back and
go through some nore docunents.

(Thereupon, a recess was had.)
BY MR. METZCAR:
Al right. Dr. Sonka, we're back after a |unch
break. 1'd like to follow up with you on a few
nore docunents.

(Thereupon, Exhibit 1044, Article titled,
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"Feature extraction methods for character
recognition - a survey", was marked for
pur poses of identification.)
The next one | would like to show you -- | just
put in your Exhibit Share fol der what's been
mar ked as Exhibit 1044. Do you have that?
| see it, yes.
Okay. So this is a publication entitled "Feature
extraction nmethods for character recognition - a
survey." It's published in 1996 in volune 29 of
the Pattern Recognition Journal, which we
previ ously di scussed before.
| assune you still consider that to be -- a
journal to be a reliable authority?
MR. MARANDO: (Obj ecti on.
One second. Objection to the
exhi bit. Foundation. Relevance and scope.
You can answer .
Havi ng not seen this paper, | have not nmade an
opinion on this paper in the -- you know, in ny
decl aration, but the Pattern Recognition Journal
Is certainly a reputable one.
And you' ve not seen this paper specifically you

sai d?
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| have not seen this paper before.

Well, it's a 1996 survey. It discusses nmany
techni ques for extracting feature representations
fromimges. Most features are to be used for
optical character recognition specifically.

One of the many techniques that is described
is feature extraction by neural network. And I
just want to point out a couple of passages for
you. If you turn to page 656, second col unm at
the bottom it discusses neural network
classifiers.

Do you recall that right before our |unch
break we were discussing the LeCun neural network
for optical character recognition?

Yes.

Ckay. So the second columm on page 656 under the
headi ng "Neural Network Classifiers," it says,
"Multi-Ilayer feed-forward neural networks have
been used extensively in OCR, for exanple, by
LeCun, et al., Takahashi, and Cao, et al. These
net wor ks may be viewed as a conbi ned feature
extractor and classifier."”

Do you agree that LeCun is a conbined feature
extractor and classifier?

MR. MARANDO: Obj ection. Form
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It calculates the features in the prescribed 5x5
smal | nei ghborhood and then classifies
characters, in this case digits, accordingly.
Okay. Did you -- before lunch, did you
characterize the features in LeCun as being
handcrafted features?
The size of the window, the portion of the
feature, which is critical in LeCun, has been
handcr af t ed.
Ckay. But does LeCun also learn features for
extraction through training?

MR. MARANDO: (Obj ection. Form
| don't know if you want to bring the LeCun's
paper so that we can cite it exactly, but | can
talk about it even if you don't.

LeCun states specifically that in designing
his features he used his prior know edge of
shape, properties, which decided -- he decided to
be used when designing, handcrafting the 5x5
wi ndow. That's the handcrafted part.

Wthin that handcrafted envel ope, inside of
t hat envel ope starts the feature extraction. He
uses the neural network to train, to learn. And
in the end it learns the paraneters of the

kernel, but it does not change -- the kernel
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Itself doesn't change size, doesn't change the
fact that it requires the kernel to be used
uniformy across the entire imge in different
| ocati ons and so on. So the handcrafting
character of that work is, in ny view,
undi sput abl e.

Q Ckay. But it -- but it's also undisputable that
It does learn the paranmeters of the kernel?

MR. MARANDO: Obj ection. Form

A. It uses that -- it uses that for classification.

So it's a classifier. Classifier |earns, yes.

Q Are the features of the -- I'msorry, the

paranmeters of the kernel, do those not correspond

to features that are extracted fromthe i mage?

MR. MARANDO. (Obj ection. Form

A. It may be represented that way, but it really is

the result of the network paranmeter set up within

the constraints of the handcrafted feature.

So you can think about it as optimzing the

al ready-deci ded, man-desi gned feature. And that

was not unusual, but it does not specify that you

can derive, design, determ ne new features.

Q Ckay. Well, let's turn to page 67 of this
exhi bit, 1044. " mlooking at the --
A. 667 or?
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657. It's the next --

657, yep.

So I'm | ooking at colum 1, the last full
paragraph in that colum. It says, "Another

vi ewpoi nt can al so be taken. LeCun, et al's
neural network" --

| don't -- | don't see that. G ve nme a second.
So the last -- the second colum of 657?

First col um.

First col um.

l"msorry, | may have m sspoke. First colum --
" Anot her viewpoint." "Another viewpoint." | see
it, yes.

" Anot her viewpoint can al so be taken. LeCun, et
al's neural network can be regarded as perform ng
hi erarchical feature extraction.”

And then the | ast sentence of that paragraph
says, "Note that the feature extractors are not
handcrafted or ad hoc selected rules, but are
trained on a |large set of training sanples.”

| think | understand the distinction you're
making that it is constrained to a 5x5 pixel
kernel for feature extraction, but | do want to
understand -- or do you disagree with this

st at enent ?
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MR. MARANDO. (bj ection. Form

Foundati on.
In my mnd, | draw the distinction based on the
di fferences between what 029 patent teaches, what
the deep learning is capable of against the
tradi ti onal approaches. W went over this
several times and |I'm sure that you understand ny
distinction, and | understand why you keep
aski ng.

My take is that there are two parts to the
feature design here. One part is handcrafted,
and that is based on the experience and expertise
of the designer -- uses that prior know edge of
shape characteristics, uses the information about
how | arge the images are. Because if the imges
woul d be nuch | arger, then the kernel would have
to be nmuch larger. You know, this is all
I nterconnected. This is the human intelligent
desi gn.

After that, within the constraints of that
design, you are using the neural network in this
case to identify paranmeters. And in this case
It's those 26 paraneters that are uniformy
applied across the entire i mage.

So | have said it before, |'mhappy to say it
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again: This is a very insightful paper. The
wor k of LeCun has been insightful many, many
years before it really made a difference, but it
does not, in nmy opinion, fit the definition of

| earning features. It |earns paraneters of
hand- desi gned features, and that's the
distinction | have been nmking, you know, over
and over again.

And is there anywhere in the 029 you can point ne
to that discusses the |learning of extracted
feature representation?

Let ne open that 029 patent. | think I know
where it is.

So let's start with Figure 12. And Figure 12
describes the training process. It starts wth
receiving sets of ultrasound imges in 702. It
receives the desired output in 704 and 706, and
It trains the neural network 708. Not nuch
detail here, but the details are com ng.

Let me stop you.

So this is a -- this is directed to a
training process. You understand that there are
claims that are directed to neural network
systens and clains that are directed to nethods

in the -- in the 029 patent?
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Yes.
MR. MARANDO: (Obj ecti on.
Obj ection. Form
Do you interpret those -- all of those systens

and nmet hods as being restricted to just the
neural network training nmethod in Figure 12?

MR. MARANDO: (Obj ection. Form
As we already established, there is one
enmbodi nrent that is -- or one characteristic of
all the enbodinents in 029, that the training is
done using a neural network. And that's uniform
across the 029 patent.
Say that agai n.
Al l the enbodi nents nentioned in 029 are talking
about using a neural network for training and for
feature derivation determ nation, as shown in
Fi gure 4.
VWhat about the passage that we discussed in
colum 11 earlier that says alternative functions
can be used for feature extraction instead of
neural networ ks?

MR. MARANDO:  (bj ecti on.
| already explained my understanding is that
those are -- say it again. VWiich -- which

portion you're looking at? Alternative
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approaches?

Lines 39 to 42.

I n colum? \Which col um?

11. It says --

| already explained nmy understanding -- ny

under standing of that is that those are
alternative feature extraction functions and
neural networks; that the neural networks are
requi red throughout the pattern because that's
the only way how 029 is teaching that things can
be done in the enbodi nents. That's ny
interpretation. So nmy opinion is that the neural
network is -- is there.

Let's tal k about --

Do you want nme to continue explaining --
answering the question that you asked before
about how the |l earning is done?

Sure. You pointed ne to Figure 12. Was there
sonet hi ng el se?

Right. And if you go to -- absolutely, there is.
If you go to colum 17.

Yes.

Line 37, it says that at block 708, which is the
training block, direct the trainer processor to

train the neural network 300 shown in Figure 4.
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"Using each of the sets of ultrasound inages

stored in the | ocation 640,

11, which we did not tal k about.

which was in Figure

Then, at the bottom of this col um,
additional details are given. |[If you |ook at
line 64 of this colum 17, it says that this
trai ning block, block 708, "may direct the
anal yzer processor 100 to feed the input tensor
to the neural network 300, where each ultrasound
I mge first goes through an instance of the
comonly defined first feature-extracting neural
network or DenseNet feature extraction nodul e.
The output tensor is comonly defined" -- skip
t hat .

It tal ks about the size of the -- of the
DenseNet tensors and follows by 708 and directs
the trainer processor 600 to flatten the out put
tensor and -- into the 32x10 or 32x10x6000 in
sone enbodi nents, for exanple, so that the second
feature-extracting neural network, the LSTM
nodul e, can process it.

And where does that -- where does that state that
the features that are being extracted nust be
| earned by the system as opposed to handcrafted?

MR. MARANDO: Obj ection. Form

Veritext Lega Solutions

WWw.veritext.com 888-391-3376



© 00 N oo 0o b~ wWw N PP

N D NN NN P P P PR PR PR
ga A W N P O © 0 N O 0o~ WO N+ O

Page 122

It's part of the training process. |It's part of
t he steps which are described in claim 12 and
described here in nore detail, which I'Il read it
agai n, that bottom of colum 17, that each

ul trasound i mage goes through the instance of the
first feature-extracting neural network.

And in the training step, that's what you do.
Then you conpare your output with the desired
output. As part of the training of the network,
you nodi fy the weights of your network until you
are satisfied, until the machine is satisfied.

Here, if you go -- if you go to line 20 of
colum 18. O starting in line 18 of colum 18.
Yes.

"Bl ock 708 may direct the trainer processor 600
to conpare the predictions made with the quality
assessnent val ue specific neural network and vi ew
category specific neural network with respective
ground truths."

This is the crux of the -- of the training or
desired output if sonmething else is there.

“I'n vari ous enbodi nents, the predictions nmay
be conpared to the quality assessnment val ues and
view categories stored in the location 640 of the

storage nenory." And the initial output may be
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of sonme di nensi ons.

And so -- and then the next paragraph
starting in line 34 of colum 18, "Block 708 nmay
direct the trainer processor 600 to determ ne a
di fference between the view classification
predi ctions and the ground truth, as previously
provi ded by an expert, for exanple, as neasured
by the cross-entropy | oss function, which
produces scal ar value," and so on.

And this is how we nodify the weights. This
is the training process. They is how we |earn
t he features.

It's very clearly described here. And that's
what, you know, in mnmy opinion, gives very clear
evi dence what kind of |earning process is used
and taught by 029.

"1l show you a couple nore docunents.
(Thereupon, Exhibit 1059, Article titled,
"Gradi ent-based | earning applied to docunent
recognition", was marked for purposes of
i dentification.)

| just put in your Exhibit Share file a docunent

that's marked Exhibit 1059. Can you see that?
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"Gradi ent -based | earning applied to docunent
recognition," right?
Yes. It's also a publication fromLeCun. As you
said, it's entitled "G adient-based | earning
applied to docunent recognition.” It was
published in 1998 in the journal Proceedi ngs of
t he | EEE.

Are you famliar with that journal?

MR. MARANDO: (Cbjection to the
exhi bit, foundation, rel evance, and scope.
You can answer.

Yes, | amfamliar with the Proceedi ngs of the
| EEE.
Okay. Do you consider it to be a reliable
aut hority?
Absol utely, yes.
"Il point you to a couple passages. This is --
this is a lengthy publication. So we're not
going to talk about all of it. And it goes
t hrough a description of a proposed system for
extracting features and doi ng optical character
recognition on checking systens -- or on checked,
rat her.

But there's a couple of passages that |'m--

It says -- |I'mlooking second paragraph of the
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I ntroducti on on page 1.

"The nessage of this paper is that better
pattern recognition systenms can be built by
relying on" -- I'"'msorry, "by relying nore on
automatic |l earning, and | ess on hand-desi gned
heuristics. This is nmade possible by recent
progress in machine | earning and conputer
technol ogy. Using character recognition as a
case study, we show that handcrafted feature
extraction can be advant ageously repl aced by
carefully designed | earning machi nes that operate
directly on pixel imges."

Did | read that correctly?

Yes, you read it correctly.
Okay. You see at the bottom-- | don't need to

read this, but you see at the bottomof colum 1

onto the top of colum -- onto the top of the
second page -- |I'msorry. Let ne correct ny
st at enent .

The bottom of colum 2 on page 1 onto the top
of columm 1 on page 2, there is a discussion of
the traditional nethod of feature extraction and
classification. It shows in Figure 1 -- what it
says i s the conventional nethod when you have a

separate feature extraction nodule, and then a
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trai nabl e cl assi fier nodul e.
Do you see that?

MR. MARANDO: (Obj ection. Form

Okay. So as always, these papers -- | have not
seen this paper before. | have not provided an
opinion inmy -- in ny declaration. But | do see

that it tal ks about traditional pattern
recognition.

It's nice to see that even back in '98, what
| was referring to as traditional approaches was
still considered traditional -- traditional
approach. This is exactly what 102 is doing, the
feature extraction nodule, getting the feature
vector and getting the trainable classifier
nmodul e, 103, 104, 105 in Krishnan. This is
exactly follow ng that pipeline which | cal
traditional and which is called traditional even
ten years earlier.
| understand that's your opinion that that's what
it does, but I"'minterested in the first ful
par agraph underneath that figure on page 2.

It says, "Historically, the need for
appropriate feature extractors was due to the
fact that the | earning techni ques used by the

classifiers were limted to | ow di nensi onal
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spaces with easily separable classes. A
conmbi nation of three factors have changed this
vi sion over the | ast decade. First, the
availability of |ow cost machines with fast
arithnmetic units allows to rely nore on
brute-force nunerical nethods than on algorithmc
refinenents. Second, the availability of |arge
dat abases for problens with | arge markets and
w de interest, such as handwiting recognition,
has enabl ed designers to rely nore on real data
and | ess on handcrafted feature extraction to
build recognition systens. The third and very
I nportant factor is the availability of powerful
machi ne | earning techni ques that can handl e
hi gh- di mensi onal inputs and can generate
Intricate decision functions when fed with these
| arge dat asets."

Do you agree with that assessnent of changes
t hat occurred over the | ast decade --

MR. MARANDO:  (Cbj ecti on.
-- that this paper covers?
MR. MARANDO: (Cbjection to form
Foundati on.

Can you define what is |ast decade?

Well, the paper was published in 1998; is that
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correct?
We are tal king about | ast decade prior to the
publication of the paper, not |ast decade prior
to today?
| " mtal king about changes that occurred in the
decade prior to 1998. 1Isn't that what this is
t al ki ng about ?
It is. | wanted to be sure that that's what
you' re aski ng about.
Yes. Do you agree with that characterization of
changes that occurred in the decade prior to
19987
MR. MARANDO: (Obj ection. Form
Foundati on.

My viewis that this is a forward-| ooking summary
of somewhat w shful thinking, nunmber one. Nunber
two -- and the reason for that is that this
really did not happen for 20 nore years or so.

Nunmber two, you know, while we can tal k about
the generality of the techni ques which LeCun was
i ntroducing in this paper and throughout, the
problemthat they were dealing with nunerica
digit recognition for OCR recognition is very
different from anal yzing ultrasound nedi cal

I magi ng in 3D.
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| would be nmuch nore inpressed if you would
have, you know, presented the papers that you --
about how neural networks are used for ultrasound
I mge analysis. At that time, | don't think that
t hat was the case.
So | think that as a general statenment, this
is all good. | don't think it actually
materi alized for many, many years after that. As
researchers frequently do, they are trying to
provide a vision and identify the direction of
future research.
Okay. |'ve got another docunent 1'd |like to show
you.
(Thereupon, Exhibit 1057, Article titled, "A
Shift-Invariant Neural Network for the Lung
Field Segnentation in Chest Radi ography", was
mar ked for purposes of identification.)
Okay. This one | have marked as Exhibit 1057.
Let nme know when you have it in your --
Hasegawa.
Right. So this is a publication entitled, "A
shift-invariant neural network for the lung field

segnentation in chest radiography.” It was
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published in 1998 in the Journal of VLSI Signal
Processing, which is published by Springer.
Are you famliar with that journal at all?
MR. MARANDGO: (Obj ecti on.
Obj ection to the exhibit, foundation,
rel evance -- just a second.
Obj ection to the exhibit,
foundation, rel evance, and scope.
You can answer.
It's not published by Springer. [It's published
by Kl uwer.
Oh, okay.
So you are famliar with it?
| amnot. This is dealing with VLSI and VLS| is
Very Large Scale Integration dealing with
I ntegrated circuits. So | don't think I've ever
seen this journal.
Okay. So you don't know whether this would be
considered a reliable source?
| have no reason to believe it would not be a
reliable source. |'mjust surprised that nedical
i magi ng woul d be discussed in the VLSI Signal
Processi ng journal.
Okay. Well, again, this is -- this is published

in 1998. So we're significantly before the
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filing date of Krishnan in 2005. | want to point
out a couple of passages to you.

In the abstract, it says, "W have devel oped
a conmputerized nmethod using a neural network for
the segnentation of lung fields in chest
radi ography. The lung is the primary regi on of
interest in routine chest radi ography di agnosi s.
Since conputer is expected to perform di sease
pattern search automatically, it is inportant to
desi gn appropriate algorithns to delineate the
region of interest. A reliable segnentation
method is essential to facilitate subsequent
searches for inage patterns associated with |ung
di sease. In this study, we enployed a shift
I nvari ant neural network coupled with error
back- propagation training nmethod to extract the
|l ung fields."

Did | read that correctly?
Yes, | read the sane thing.
Okay. And then if you turn the page to 242, the
paragraph that starts in the mddle of colum 1.
It says, "A shift-invariant neural network nodel
is a sinplified version of the vision systemin
vertebrate animals. Its signal propagation is

based on the discrete convolution like in the
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traditional inmage processing. The nost
significant characteristic of the shift-invariant
neural network is that it can automatically |earn
and extract inmage features, which is necessary to
t he assigned tasks, during its training process.
Because of this characteristic, manual design of
I mge processing kernel is not necessary. The
kernel s obtained by the neural network inmge" --
" msorry, "by the neural network training are
not al ways understandabl e. However, mathemati cal
optim zation of an inmage processing task based on
a neural network training systemcan be made nuch
nore appropriate than manual |y desi gned approach.
Because of the optimzed i mage processing
kernels, it is expected that the shift-invariant
neural network has the better performance than
met hods based on nmanual |y sel ected kernels.”
Did | read that correctly?
MR. MARANDGO: (Obj ecti on.
Foundati on.

| got lost, you know, when you were reading that.
Can you point nme once again where you were
reading this thing? | was thinking that you were
reading in 2.1, "Shift-Invariant Neural

Net wor ks. "
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Page 242, first columm, paragraph --
2437
242.
242.
| believe. Let ne -- |I'm double checking. Yes,
242. First columm, paragraph that starts in the
m ddl e of the page, "A shift-invariant neural
net wor k. "
Ckay. Let nme read it.
Have you read that paragraph?
| have. 1'm |l ooking at the context because |
have not seen the paper before.
If you could look at Figure 1, it shows receiving
the digitized chest radi ographs and preprocessing
them and then it's fed to a neural network
called a shift-invariant convol uti on neural
net wor K.
Do you see that?

| see it.
So do you understand this publication to be
descri bing the use of convol utional neural
net wor ks to segnment nedi cal inages?

MR. MARANDO: Obj ection. Form and

f oundat i on.

| have not had a chance to really | ook into that
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paper in detail. However, when | ook at -- on
page 244, the bottom of the right colum, it
shows that it starts with the handcrafted
features, tal king about 5x5 kernels and 11x11
kernels, between first and second |ayers. And
this is appropriate and, you know, expected in a
paper published at the tine.

So this is the same comment which | made
about LeCun's optical character recognition
paper. This starts with the human decision to
formthe features in a --

So you disagree with --

-- specific way. And then |I envision -- |
couldn't tell you for sure. | didn't read the
paper. | envision that the neural network is
being used to identify the parameters of those
hand- desi gned feat ures.

So you disagree with the statement on 242

di scussing the use of |earned features rather
t han handcrafted features?

MR. MARANDO. Objection. Form
| think that this work was potentially exciting
In 1996 or whenever it was published. If you
| ook at the POSITA in 2018 when we are talking

about it, | don't think this would be consi dered
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feature extraction w thout input of the human
desi gner or whatever the | anguage exactly was
t hat you cited.
Understood. Wuld it be, neverthel ess,
consi dered automatic i mage segnentati on using a
neur al network?

MR. MARANDO: (Obj ection. Form
And so is Krishnan automatic i nage segnentation
based on hand-desi gned features. And this is
based on hand-desi gned features. Once you --
once you set it up -- once you decide that 5x5 is
your kernel of choice and you train the network,
you can do it automatically, but the feature
desi gn cannot be done automatically and this
paper does not claimit is done automatically.

My quick two-m nute read of the paper clearly
says that there are kernels of very specific
sizes which are hand desi gned and human deci ded
and not designed by the algorithm
Do you -- do you think that the paragraph on page
242, first colum, starting in the mddle of the
page that | read, do you think that provides a
notivation in 1998 to use convol uti onal neural
net wor ks for nmedical inmage segnentation rather

t han using handcrafted features?
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MR. MARANDO. (bj ection. Form
Rel evance. Foundati on.
MR. METZCAR: Did you run out of
obj ecti ons?
It may give you an idea that one day it would be
possi ble, but I don't think it provides
notivation to do that sinmply because the -- you
know, even here, when we are tal king about those
lung X-ray imges, if you |look at that, those
I mges are 2D. They are 248x2500. They are
I mredi ately, you know, decreased resolution to
256x320 -- 312.

This is a great way how to publish a research
paper. This is not a good way how to bring this
to the clinical reality because you sinply | ose
so nmuch information here. This would not
noti vate sonebody to do that because the
notivation nmeans that clinicians would like to
accept it. They would never accept these
radi ographs, which they fight so hard to be high
resolution, to be i mediately deci mated to, what,
a hundred tines |lower resolution than the
original imge.

So it would not notivate the nedical inmaging

person to do that. They would consider that an

WWw.veritext.com

Veritext Lega Solutions

888-391-3376



© 00 N oo 0o b~ wWw N PP

N D NN NN P P P PR PR PR
ga A W N P O © 0 N O 0o~ WO N+ O

> O >» O >

Page 137

I nteresting, forward-| ooking thing.
Okay. So you -- so you dispute that the authors
of this publication actually did what they said
they did?

MR. MARANDO: (Obj ection. Form
No.
No?
| have not said that.
Ckay. Well, then --
| am not arguing they did not do what they did.
You asked whether this would notivate future
researchers to follow up on this.
| see. Do you agree that the neural network that
is described -- I"'msorry, the convol uti onal
neural network described in this -- in this
publication in Exhibit 1057 is taking digitized
| mages as i nput?

MR. MARANDO: (Obj ection. Form
That's what the paper says.
And do you agree that it is performng
segnentation of the lung region from-- directly
fromthe i mges?

MR. MARANDO: Obj ection. Form
Figure 7 shows that -- it shows no neural network

approaches as far as | can tell.
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l"msorry, | didn't catch that. Can you say that
agai n?

If I'"mlooking at Figure 6 -- and again, |
repeat, | did not have a chance to analyze this
paper in detail. But if |I ook at Figure 6, it

shows the output inmage of the neural network,
which is in panel B. This inage is not a result
of a segnentation of the |ungs.

To segnent the lungs, it |ooks like Figure 7
I's applying additional steps and filling the
hol es and doi ng ot her things which are not done
by neural network, | would expect, to arrive at a
7B contours of the | ungs.
Okay. So this does describe doing sone
post - processing after segnentation, but | just --
| want to be clear, you're disputing that this
descri bes i mage segnentati on using a neural
network; is that -- am1| correct?

MR. MARANDO: (Obj ection. Form
Foundati on.

VWhat |'m saying is that the segnentation
techni que foll ows the sequence, the pipeline,
whi ch | have described earlier, others descri bed
earlier, as we saw, as traditional pipeline of

| mmge analysis. And the segnentation, which is
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done in neural network, needs additional steps in
the pipeline before they arrive and what -- what
woul d they call the segnentation boundary inmage
after that.

They tal k about the output inmage, at |east in
the Figure 6 that | see. They are not calling
image B, | believe, as the result of the
segnentation. The neural network here is used as
part of the pipeline, and based, as | said, on
t he hand- desi gned features which decide the size
of the kernels and decide the substanti al
reduction of resolution.

So getting back to your original imge, |
woul d not see this as the direct notivation to
follow up with convol utional neural networks for
this task, for 3-dinensional inmge analysis,
sinply because you did not have the overall
environnment to do these things.

(Thereupon, Exhibit 1058, Article titled,

"Toward automati c phenotypi ng of devel opi ng

enbryos from vi deos", was marked for purposes

of i1dentification.)

l'd like to show you anot her docunent. This
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one's been | abel ed as Exhibit 1058.

Do you have it in your folder?
"Il see if it opened up.
Do you have it?
Yes, | do.
Okay. So this is a publication entitled "Toward
automati ¢ phenotypi ng of devel opi ng enbryos from
vi deo" published in 2005 in volune 14 of |EEE
Transactions on | mge Processing. It |ooks |ike
one of the authors is LeCun.

Are you famliar with this journal generally?

MR. MARANDO. Before you answer,
obj ection to the exhibit, foundation,
rel evance, and scope.
You can answer.

| have not seen this particular paper. | am
famliar with | EEE Transactions on | mage
Processi ng.
Okay. Do you consider this journal to be a
reliable authority? Wuld you say it's
wel | - perceived or well -respected?
A wel | -perceived, well-respected --
wel | -respected journal.
Ckay. Thank you. | want to point out a couple

of passages to you and get your reaction.
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So again, this is from2005. It says in the
abstract, "We describe a trainable systemfor
anal yzi ng vi deos of devel oping C. El egans
enbryos. The system automatically detects,
segnents, and | ocates cells and nuclei in
m croscopi c i mages. "

If you turn the page to, | believe |I've
| abeled it 13 and 14 -- or 3 of 14. Under the
headi ng "Overvi ew of the Systenl -- do you see
t hat headi ng?

Yes, | do.

Okay. It says, "The nethod proposed in this
paper consists in learning the entire processing
chain fromend to end, fromraw pixels to
ultimate object categories. The systemis
conposed of three main nodul es.

"The first nmodule is a trainable
convol uti onal neural network, which | abels each
pixel in a frame into one of five categories.
The categories are: Cell nucleus, nuclear
menmbr ane, cytoplasm cell wall, and outside
medi um  The mai n advant age of convol utional nets
Is that they can learn to map raw pi xel imges
I nto output | abels, synthesizing appropriate

I nternedi ate features along the way, and
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elimnating the need for manual |y engi neered
features. They have been widely applied to
detection and recognition tasks such as
handwriting recognition with integrated
segnent ati on, hand tracking, face recognition,
face detection, and generic object recognition.
The mai n advant ages of convol uti onal neural
networks is that they can operate directly on raw
I mages. "
Do you agree with that statenent?
MR. MARANDO:  Cbj ecti on.
Foundati on.

| see that. | have -- you know, | do not know
whet her that's exactly what the -- what the paper
I's tal king about. | have not had a chance to
form an opinion on that.
Do you understand this exhibit to be describing
t he segnentation of nedical inmaging using
convol uti onal neural networks?

MR. MARANDO: (Obj ection. Form

Foundati on.

| do. And at the same tinme, in the foll ow ng
paragraph, | imedi ately see the sane issue,
whi ch we already discussed many tines, that there

has been a hand-deci ded size of the pixel w ndow,
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which is in this case 40x40. So sone years
probably passed to get from 5x5 to 40x40. But
t hat doesn't change the, you know, the
fundanental difference between what the 029
patent is teaching as being -- being |learned from
the i mges and what | think based on this
two-m nute analysis of this paper is being taught
by here.
So do you understand the 029 patent to be limted
to the use of convol utional neural networks that
do not preestablish the size of the kernel
filter?

MR. MARANDO:  (Cbj ecti on.
I s that what you're saying?
Did | formthat opinion in nmy declaration?
Wel |, you keep making that distinction. Every
time | point to you another neural network that
accepts i mages and segnents them you keep
pointing to nme this discussion about, well, yes,
but they handcrafted the size of the kernel. And
l"mtrying to understand, are you saying that the
029 patent is |limted to just the neural networks
that are free to select the kernel size during
training?

MR. MARANDO: Obj ection. Form
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My opinion is that 029 patent is teaching the way
how to design features w thout them being
handcrafted. | have not provided opinion that
thisis alimted -- that 029 is |imted to that
functionality. That opinion is not part of ny
decl arati on.
If a neural network was accused of infringing the
029 patent and used the convol utional neural
network in which the size of the kernels were
presel ected but the features of the kernels were
then trained, could that neural network infringe
any of the clains of the 029 patent, in your
opi ni on?

MR. MARANDO: (Obj ection. Form

Foundati on.

This is a hypothetical and | am not ready to
anal yze that here on the spot. At the sane tine,
you know, | do recall that the petitioner has
agreed that 102 does not have neural network and
it's not neural network-based.

So | don't quite understand this entire |ine
of questioning because we have on the -- ny
understanding is that there is a statenent from
the petitioner that 102 is not a neural network.

Respectfully, | think you have a
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m sunderstandi ng. The petitioner does not agree
that feature extraction is not perforned by a
neural network. It certainly describes broadly
that other kinds of things could be included, but
It does not -- there's no adm ssion that feature
extraction is not done by a neural networKk.

Okay. So we've been through a |ot of
publications. | just want to foll ow up and
sunmari ze here.

Based on what we've seen today and your
personal know edge, was the segnentation of
medi cal i mages using neural networks known prior
to the introduction of AlexNet in 20127

MR. MARANDO: (Obj ection. Form
| have -- go ahead. Did you have a question to
foll ow up on that?
| was clarifying ny question. 1'll repeat the
guestion and then your counsel can repeat his
obj ecti on.

Was the segnentation of nedical inmages using
neural networks publicly known to a person of
skill in the art prior to the introduction of
Al exNet in 20127

MR. MARANDO: (Obj ection. Form

The distinction | was making, and | continue to
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be making, is whether the Krishnan patent when

t al ki ng about inage segnentati on nethods and

filtering nmethods in context

wer e done using neural networks, and | have

stated that it has not been done using neural

net wor ks. You know, the --

has stated that it is not necessarily done with
the neural networks. | believe that in the
parallel litigation the petitioner stated that
102 is not using neural networks.

And so ny position is that, as | understand
the Krishnan patent, the 102 nodule is not
associ ated with a neural network.

Q Ckay. M question was a different question.
asked you whet her the segnentation of nedical
I mges usi ng neural networks was known to a
person of skill in the art prior to the

I ntroduction of AlexNet in 2012. That was ny

guestion.
MR. MARANDO

Q Can you answer that?

>

The classifier at that tine,

met hod at that tine, could have been used to
segnent i nmages based on the cal cul ated features,

and in that sense, classifiers were able to be

Page 146

of the 102 npdel

Dr. Deo, | believe,

Cbj ection. Form

any machi ne | earning
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used for segnentation.

Neural network, at that tinme, is a
classifier, same as any other classifier in
principle, and, therefore, it could have been
used for imge segnmentation in that way.

Okay. Well, so was the segnentation of medical
i mges using neural network classifiers known
prior to the filing date of Krishnan in 20057
MR. MARANDO. Objection. Form
That segnentati on was presented, denonstrated in
specific cases, but what was m ssing there
conpared to what happened after 2012 is that al
the features which it used for perform ng the
classification were in one way or another using
steps that required human intelligent design.

Those features were not trained using those
neural networks. They were not | earned using
neural networks. They were not |earned using
ot her classifiers.

So regardl ess of whether the segnmentation is
based on | earned features or handcrafted
features, ny question is whether or not it was

| earned before Krishnan's filing date in 2005 to
segnent i nmages using neural networks that accept

t he i mages as input?
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MR. MARANDO. (bj ection. Form
You can say that a convolution kernel is a
one-layer neural network. And you can say that
detecting edges in the inmage is segnentation.
Because if you apply that one convol ution kernel
to the image, you get the edges. And in that
absurd state and definition of your segnentation,
you can say that convol ution neural network,
which is a single kernel, can be used for inmage
segnent ati on.

| don't think that a POSI TA of 2005 or any
other tine would agree with this definition of
segnent ati on because in the pipeline you need the
features. The features have to be sonehow
designed. Then you have the classifier if you
want to use the classification pipeline. And you
may need sonme post-processing as you saw in the
previ ous cases.

The difference in the post-2012 is that the
human desi gn of the features could have been
abandoned, and, therefore, new features
previ ously unavail abl e becane avail abl e and
that's what hel ped performance to i nprove of not
only segnentation, but analysis techni ques.

Okay. So let's put aside that Krishnan
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references segnentation or known segnmentation
met hods as being used for feature extraction.
Put that aside. Put segnmentation aside. Let's
just talk about feature extraction in general.

Was neural network image feature extraction
known prior to the filing date of Krishnan in
20057

MR. MARANDO: Objection. Form
A. We need to distinguish, and that's what we are
tal ki ng about since we started a few hours ago,
t hat extraction nmeans that you cal cul ate
something in my definition or in ny
under st andi ng. Design of the features is a
different function of it.

WAs it possible to extract features using
neural networks? |t was possible to extract
features using any kernels, so why not a kernel
which is formed as a neural network?

Was it possible to design new feature
architecture, new feature -- you know, new
features? M opinion is that it was not.

Q | want to talk about another issue. You've been
asking for Krishnan all day. Let's go ahead and
get it up.

A. | don't have to see it. W can skip it.
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(Ther eupon, Exhibit 1005, U S. Patent
Application Publication No. US 2005/0251013
Al, by Krishnan et al., was nmarked for
pur poses of identification.)
| just put Exhibit 1005, what we've been
referring to as Krishnan, in your marked exhibits
f ol der.
Do you see it there?
| seeit. | have it open.
Okay. So we had started on a discussion earlier
about Krishnan perform ng classifications of view
and/ or inmage quality using several different
enbodi ments, at | east several different
enmbodi nents, including classifiers, tenplate
matching, and | think it's a database query
met hod.
Do you recall that we started on that
conversation? You asked --
That's what Krishnan -- that's what Krishnan's
enbodi mrents, the basic three ones are, yes.
Okay. And so you had asked to see Krishnan and |
said | don't want to talk about it right at this

point. Now we're back to it.
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And you agree with nme that those are three

basi c enbodi nents that he uses, correct?

Yes, | do. Yes, | do.

| would be -- just as a, for exanple, figures 2
-- I"msorry, figures 4 and 5. 4 discusses the
tenpl ates, 5 discusses classifiers, and | believe
3 mght be the --

It is.

So at least in the enbodinents in which Krishnan
I's maki ng conparisons to tenplate, do you
understand that the extracted features -- well,

| et me back up.

Let's talk -- let me point you directly to
the paragraph I"'minterested in. You can keep
Exhi bit 1005 open, but |1'd also |like to | ook at
your decl aration, paragraph 140.

So paragraph 140 of your declaration you're
di scussing, or at |east you provide a cite to
par agraph 38 of Krishnan. Do you see that?
| see the Krishnan 38 paragraph, yes.

So in paragraph 38 of Krishnan, it says, "For
exanpl e, consider the problem of identifying the
api cal four-chanber view in echocardi ography. A
set of typical apical four-chanmber views woul d

reveal a nunber of features such as the presence
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of four chanbers, and a general shape of the
heart."

Then at the end it says, "These features
could be extracted froma test inmge and conpared
to a set of features fromthe known view. "

Do you see that?
| see it.

Ckay. So in paragraph 140, you quote that --
what | read, but you then say, "However, these
are features neant for conputational analysis.
Their quantitative representation, say, a nuneric
vector of values, would not allow a technician or
clinician to interpret the anatom cal

structures.”

Do you see that? Do you see the portion
j ust read?
| see that.

Okay. So | want to be clear. Are you talking
about the enbodi nent of Krishnan that would be
used in a neural network classifier? Are you
saying that the extracted features would be a
feature vector rather than sonme sort of image?
Let's make one thing clear here. [|f you go back
to your -- to figure -- let nme see. Were do we

have it? Well, Figure 1

WWw.veritext.com

Veritext Lega Solutions

888-391-3376



© 00 N oo 0o b~ wWw N PP

N D NN NN P P P PR PR PR
ga A W N P O © 0 N O 0o~ WO N+ O

Page 153

Okay.

The feature analysis is nodule 102 and features
extracted from nodul e 102 are being used for 103,
104, or 105. Ri ght ?

And 103 is the anatony identification, and it
can use any of the three basic enbodi nments:

Dat abase, tenplate matching, or classifiers. The
sane way how the features are calculated are
being used for all three, in principle at |east.

So can you repeat the question so that | can
answer that?

Sure. What I'mtrying to get at -- let's cut to
the chase here. | nean, the -- in paragraph 34
of Krishnan it tal ks about various features that
can be extracted, sone of which are, for

exanpl e, an anatony of interest, right? You can
segnent an anatony of interest?

It says -- it tal ks about a particul ar shape
froman imge. And then, as we were reading in
paragraph 38, it says that you could extract
features, including a general shape of the heart.

And what |I'mtrying to understand is in the
-- i n the various enbodi nents, for exanpl e,
tenpl ate mat chi ng where you're conparing the

I mge that was received to tenplates to determ ne
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whet her or not it's a particular view or a
particul ar anatonmy is there, are you saying that
the extracted features are always feature
vectors, as opposed to sone portion of the inmge,
even in the tenplate matchi ng enbodi nent ?

MR. MARANDO: (Obj ection. Form
| have not seen Krishnan teaching that those
features can be imges, original imges. If | am
m ssing that, can you point nme where Krishnan is
show ng that?
So, | nean, | guess what |'msaying is, howis --
what is tenplate matching? Wat is it?
Tenpl ate matching is that you have sone sanpl e
data and sone description of sanple data. You
get the sane description of the real data and you

are trying to match those together, find a match.

That match can be done a zillion different
ways. |t can be done by conparing the
description of vectors. It can be done by

conparing brightness variance information here
and there. It -- where we are headed to, it can
be done by, you know, really having one imge,
having the other imge, and trying to match them
Ri ght .

There are different ways.
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Ri ght .

| have not seen -- and perhaps | mssed it. |
have not seen information in Krishnan that woul d
be tal king about tenplate matching based on

I mges. | have always seen that this matching in
all those three different enbodinents is based on
the features which are output from 102.

Ckay. But --

102 -- and 102 features are described as the ones
obtained with filtering techniques and --
Segment ati ons, right?

For exanpl e.

If you segnent an anatony of interest or a
particul ar shape fromthe inmage, then -- |I'm
trying to understand.

Couldn't that be -- for exanple, |'ve
received an ultrasound i mage, but I'monly
Interested in the heart portion of the inmge. So
| segment out the heart. Now I have an imge of
t he shape of the heart and an inage of the
chanbers, whatever chanbers | happened to have
cut through, and | conpare to a tenplate and
determ ne do | have the right view or not, a
tenplate image. |s that possible?

| understand your logic. Typically, when you say
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| mge segnmentation, the output of inage
segnentation is the | abeled i mage, not the
I mage' s original pixel values. Okay?

So if you do the segnentation of the heart
chanber, you would end up with either a region of
t he heart chamber or the outline of the heart
chanber.

Okay.
It doesn't really materially change what we are
trying to tal k about here. Right?

And so your tenplate -- let's say that your
tenpl ate would be the outline and the anal yzed
I mge, the features fromthe anal yzed i nage woul d
be added to the outline. And then it depends on
your outline-to-outline matching strategy, which
Is part of, you know, one of the enbodi nents of
how t hey perform that match, how they get to,
let's say, the probability between one and --
bet ween zero and one that the match is perfect or
none exi sts.

Okay. So | ooking at paragraph 34 of Krishnan at
the -- it's the top of the second colum -- well,
bottom of the first colum, top of the second

col um.

"These features could include any kind of
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characteristic that could be extracted fromthe
| mge, such as a particul ar shape.”

So tell ne what -- what do you under st and
that to nmean? |It's extracting a particular shape
fromthe i mage?

Shape is an ultimately tricky thing because you
can descri be sonething as circular, you can
descri be sonething as oval, elliptic, straight,
whatever it is. You know, the description is

| nperfect, and the human under st andi ng of shape
Is very difficult to quantify. And it's even
nore difficult to find shape-to-shape
simlarities just based on those extractions or
the contours or sonmething |ike that.

So you would use the tenplate matching. What
you woul d probably have to do is that you would
have to sonehow align those two objects using
Procrustes analysis or sonething |ike that so
that you get the best match, and then try to
design, as part of the tenplate matchi ng process,
some netric which determ nes what is close and
what is not.

But let's talk what the patent is talking
about. The patent is saying you will decide it

sonehow, doesn't matter, but you use the general
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principle of tenplate matching, which is applied
to the features resulting from 102.
Q Are you famliar with the -- with the term
"l ocalization" as, I'll say, conpared to
segnent ati on?
A. If | understand what you -- what you nmean, it's
probably what is naybe also called the detection.
So finding the location of sone organ, finding
the location of the heart, finding the |ocation
of sonmething else. Say, finding the centroid of
that or sonething |like that.
Q Sure. So, for exanple, if you have --
A. Do we agree on that -- do we agree on that
definition of |ocalization?
Q Wll, if you have a large image and | want to --
l"monly interested in a particular organ, |
m ght take out a portion of that inage or segnent
out that -- that region. So |I'm not segnenting
out, you know, the prostate, but maybe | segnent
out the pelvis fromthe entire i mge.
Do you under -- do you understand what |'m
t al ki ng about ?
A. You -- you identify the region of interest for
the future analysis, foll owup analysis.
Q R ght. Right. And you probably have sone
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famliarity with this. | believe you were
recently in a case that involved two-step
segnent ati on.
40 years of that, yes.
| was -- | was -- | was surprised. Do you
remenber Progeni cs Pharnaceutical s?
Uh- huh.
Yeah, you were the expert. | was the attorney on
the other side in that case.
I nteresting. Small world.
Sol'mfamliar with this technique as well, but
|'"'mgetting to the point -- what I"'mtrying to
get at is this description in Krishnan in Figure
34 when it tal ks about extracting a particular
shape froman imge, is that -- that's not
limted to a particul ar organ.

It could be a region that contains an organ;
Is that correct?
Probably wouldn't say it can be a region. |
think that in the -- in the context of that
| anguage, features can include characteristic
that could be extracted fromthe i mage such as
particul ar shape.

You woul d probably try to -- tal king about

the heart because that's what we are tal king
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about before. You would probably try to find the
elliptic ventricular shape. So find sone object
that | ooks like an ellipse. That's how | would
probably interpret --
Okay.
-- this statenent.
Okay.
And then you would try to find out how cl ose that
Is to an ellipse and is there a simlar ellipse
in the tenplate, things |ike that.
MR. METZCAR: Ckay. Let ne just
-- can we take a five-m nute break? ||
just go over ny notes and see if there's
sonething else | want to follow up on.

(Ther eupon, a recess was had.)
BY MR, METZCAR:
Dr. Sonka, we're back on the record. | have a
fewthings | wanted to follow up with you on.

So the 029 patent refers to first
feature-extracti ng neural network, a second
feature-extracting neural network, and quality
assessnent neural networks. Do you -- | think at

various points it refers to them as subnetworks
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wthin the network that's shown in Figure 4.

Do you understand that those networks, those
subnet wor ks, can be trained separately?
My understanding is that this is one end-to-end
system
Okay. So according to you, it must be trained
end-to-end with the i mage i nput and the expect --
for exanple, the expected quality value as the
antici pated out put?
| would not go that it nust be trained that way.
My understanding is that the enbodi nent which is
shown here is trained that way.
One of the enbodi nents that's shown in Figure 4;
is that what you're referring to?
That's correct.
Could it be done differently? Can you train
feature extractor first and then separately train
classifiers based on extracted features?

MR. MARANDO: (Obj ection. Form

Everything can -- everything can always be done
differently. | don't -- you know, ny
understanding is that the advantage of these
nodern deep networks is that you don't have to do
It step by step. So | think that the teaching is

that, you know, end-to-end is giving you the
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advant ages of the overall optimality with respect
to the one objective function.
Ckay. | think you had printed out sone of the
publications -- or sonme of the patents.

Do you have themin front of you? Do you
have the Aase reference?
Yes, | do.
Can you rem nd nme what exhibit nunber is on the

bottom of that?

106.
['"msorry, 10067
Yes, 1006.

Just for the record, that's Exhibit 1006. It's
t he Aase patent.

So this system-- would you agree this system
has a separate or a dedicated neural network for
I mge quality assessnent and for view
I dentification?

Those are the nodules 160 and 170, yes.

Okay. And are those convol utional neural

net wor ks, as you understand it?

Let ne see if it specifically says that. 1Is it
okay for me to search for that in the docunent?
| don't -- | don't see specifically requiring

that to be convol uti onal neural network, but
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per haps - -
It's okay. |If you don't know -- if you don't
know -- | nean, either the docunent says it is or

doesn't, but | believe your declaration descri bes
t hat those neural networks extract features
within their hidden | ayers.

Is that -- is that --
Yes.
-- your understandi ng?
Yes. That's ny -- that's ny -- that's ny
under st andi ng of the Aase patent, yes.
They receive images, extract features within

their hidden | ayers, and then provide view

gqual ity assessnent and -- |'msorry, view

I dentification and quality assessnent; is that
ri ght?

Correct.

Okay. So those neural networks are not accepting
extracted features; they're accepting inages?
That's my understandi ng, yes.

And you consider those neural networks to be the
types of deep | earning neural networks that we've
been tal ki ng about where they generate their own
features?

That's correct. And | consider themto be
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end-to-end neural networks which determ ne
features, design features, cal cul ate paraneters
of the features, and use them for classification.
Okay. And they -- this systemin Aase is
I dentifying view categories by taking a series of
I mges or short video; is that correct?
They are based on the | oops, yes.
So if these two neural networks identified as 160
and 170 are taking in inmages, extracting features
In their hidden |ayers, and outputting quality
assessnment and a view identification, do you have
any thought as to howthis is different at all
fromthe 029 patent?

MR. MARANDO: (Obj ection. Form
| was not asked to provide an opinion on that and
| have not provided an opinion on that.
| understand you haven't provided an opinion, but
do you have one now? Do you have any --

MR. MARANDO: (Obj ection. Form
-- thought about --
| have not -- | have not studied -- | have not
studied that fromthe standpoint of how sinlar
this is to 029. There are sone details in the
Aase evidence, which -- which | would have to go

much deeper in -- and perhaps sonething's

Veritext Lega Solutions
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m ssing, to be able to really do the tenplate
mat chi ng between 029 and Aase.

So you briefly discuss in your declaration this
concept that the 029 patent had resol ved sone
unmet need in the industry.

Do you recall that?

Yes, | do.

OCkay. So the Krishnan reference that we've been
di scussing, it's a published patent application
and ultimately issued as a patent. It is cited

I n many, many ot her subsequent patents. [In fact,
it's cited in the 029 patent.

And so | guess I'd like to understand why is
it you think that the Krishnan application did
not resolve this unnet need that you've
I dentified?

Let me go a little bit back into, you know, ny
own years of work on different problens. And
"Il give you a little correlative answer.

My first paper that dealt with intravascul ar
ultrasound is from 1996. Many, nmany years ago.
30 years ago. | don't think we, or anybody el se,
have fully solved the problem of analyzing
I ntravascul ar ultrasound i mages to the point that

I ntravascul ar ultrasound has been replaced with
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optical coherence tonography and that unnet need,
to sone extent, disappeared because the |VUS

I mges are not taken anynore, or not that
frequent.

So | think that, you know, Krishnan may have
addressed the unnmet need in 2005, but down the
road, | would expect, as with nore of the
traditional techniques, that better perfornmance
can be obtained down the -- down the road. And
I n those 20 years post-Krishnan, sone progress
happened and people starting to use -- and |

don't know who was using and how nuch people were

usi ng Krishnan, how nmuch -- | assune that Sienens
was probably using that in their -- in their
products, but | do not know that. And | would

expect that the quality and assessnent, the view
assessnent, they're not perfect. Things are
rarely perfect.

And so clinicians always ask for better
performance. And that's what | think is that
unmet need because Krishnan doesn't sol ve the
probl em whi ch they are addressing for each and
every image. | would not expect that 029 sol ves
t hat problem for each and every i mge or inage

| oop.
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So that's why | think that 029 is addressing
the unmet need and that -- and in that sense is
I mportant with respect to the secondary

consi derati ons.

Let ne -- let me approach it froma different
di rection.
The Krishnan reference is a -- the published

patent application, and it certainly states that
It can be used for real-tinme feedback of quality
assessnments and vi ew categorization.
Do you know whether it was ever actually
I npl emented in any physical device?
MR. MARANDO. Objection. Form
| do not.
You do not know?
No.
And the 029 patent, do you know, has that patent
been commerci al i zed?
| do not --
MR. MARANDO. Objection. Form
| do not know that either.
Do you know if it's been licensed to anyone?
| do not.
Okay. Is -- | nmentioned to you that Krishnan

reference is cited in the 029 patent.
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Do you consider that to be an adm ssion that

the Krishnan patent is a pioneering invention?
MR. MARANDO: (Obj ection. Form

If I look at the 029, which is here sonepl ace,

and you | ook at the publications considered, it's

a two-colum long list, right?

Yes.

| cannot i nmagi ne proposing submtting a patent

application in this field wthout citing Krishnan

patent and w t hout asking the exam ner to

consi der that and to showi ng the differences

against that. | don't know whether that itself

can be used to satisfy the pioneering invention

statement you are maki ng.

OCkay. So the 029 patent, let's think of it a

different way. The 029 patent contains at | east

two colums of cited patents, patent applications

and publicati on.

Do you -- do you think that the citation of
any of those there is an adm ssion that they are
-- that all of those constitute pioneering
patents or publication?

That's what | think I just said. | don't think
t hat each and every one, or any for that matter,

shoul d be | abel ed as pi oneering application.
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Ckay. But the nere citation of sonething, you
know, a patent application, is not an adm ssion
that it's pioneering, is it?
| think that it's an admi ssion that it's rel evant
to the field. | think that it's an adm ssion
that it's -- it's work that, at one point, has
been consi dered novel, otherwi se, it would not be
pat ent abl e and woul d not get a -- get a patent
al | owance.

| think that pioneering is a little too nuch
for virtually any, but inportant at its time, |
wll certainly say that, and | would expect -- |
do not know that, but | expect that the Krishnan
patent was probably cited frequently in |ater
patent applications. | don't know whether it's
true, but | would expect that.
Ckay. You nentioned sonething there. Do you --
well, first of all, you have patents, don't you?
| do.
Okay. So you're aware of the duty of disclosure?
Say that again. | didn't catch that.
Duty of disclosure to disclose relevant --
potentially relevant material.
Yes.

VWhen you, as an inventor, disclose a prior art
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reference to the patent office, do you -- are you
maki ng an adm ssion that that -- that you believe
that that issued patent is indeed patentable?

MR. MARANDO: (Obj ection. Form
No, that's ny -- that's not ny consideration and
it's not for me to decide, you know, regardl ess
what | think.

But when | do that, | amtrying to state that
my work is different fromthat which was
previously published. That's probably primry
consideration. And it also neans | consider that
work relevant, inportant representative of sone
-- in sone way so that the exam ner could see
that there are sonme simlarities that I would
like to -- so give it to the exam ner sonething
what he or she shoul d consider when | ooking at
the novelty of the patent.

So in that way it is -- it is sort of a
statenent -- small statement that the work is
relevant and it was novel at one point.

Okay. Oiginally you said it's not an adm ssion

but it is patentable, but now you said it is an

adm ssion that it's novel. You under st and novel
to mean --
OCkay. Okay. | understand what you are saying
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and let ne explain. Let ne clarify that.

I[t's an adm ssion that that work was
consi dered as novel by the -- by the patent
office and is considered as novel because the
patent still stands. And, you know, from
sonebody who is submtting a patent that sonebody
-- that application that sonebody's not in a
position to argue whether the patent is or is not
valid or should or should not be valid.

So | don't think -- getting back to what |
wll say, | don't think that including a
publication on the -- on the |list of, you know,
docunments to be considered has anything to do
about patentability or non-patentability of that.
Under st ood. GCkay. Thank you.

Al right. WwWell, I wll -- "Il turn the
Wi tness over to Chris if he has any follow up
guestions for you.

MR. MARANDO: Okay. | don't have
any followups. So Dr. Sonka will review
and sign the transcript, but I think we can

go off the record.
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CERTI FI CATE

The State of Ohio, ) SS:
County of Cuyahoga.)

I, Genevie Del Valle, a Notary Public
within and for the State of Chio, authorized to
adm ni ster oaths and to take and certify
depositions, do hereby certify that the
above-naned w tness was by ne, before the giving
of their deposition, first duly sworn to testify
the truth, the whole truth, and nothing but the
truth; that the deposition as above-set forth was
reduced to witing by ne by neans of stenotypy,
and was | ater transcribed into typewiting under
my direction; that this is a true record of the
testinony given by the witness; that said
deposition was taken at the aforenentioned tine,
date and pl ace, pursuant to notice or
stipul ati ons of counsel; that | amnot a relative
or enpl oyee or attorney of any of the parties, or
a relative or enployee of such attorney or
financially interested in this action; that | am
not, nor is the court reporting firmwth which |
amaffiliated, under a contract as defined in
Civil Rule 28(D).

I N WTNESS WHEREOF, | have hereunto set ny
hand and seal of office, at Cleveland, Chio, this
6t h day of August 2026.

:\J_"ﬁ A‘ Al J|' A N A
Lemgr MY \Jaled

CGenevie Del Valle
Notary Public, State of OChio
My comm ssion expires Septenber 28, 2028
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Veritext Legal Solutions
1100 Superior Ave
Suite 1820
Cl evel and, Ohio 44114
Phone: 216-523-1313
August 13, 2026
To: Christopher Marando, Esgq.
Case Nane: Caption Health, Inc. v. University OF British Col unbia
Veritext Reference Number: 8354649
Wtness: MIlan Sonka, PhD Deposition Date: 8/6/2026
Dear Sir/ Madam
Encl osed please find a deposition transcript. Please have the wi tness
review the transcript and note any changes or corrections on the
i ncluded errata sheet, indicating the page, |ine nunber, change, and
the reason for the change. Have the witness’ signature notarized and
forward the conpl eted page(s) back to us at the Production address
shown
above, or emmil to production-n dwest @eritext.com
If the errata is not returned within thirty days of your receipt of
this letter, the reading and signing will be deenmed wai ved.
Si ncerely,

Producti on Depart nent

NO NOTARY REQUI RED I N CA

WWw.veritext.com

Veritext Lega Solutions

888-391-3376



10

11

12

13

14

15

16

17

18
19

20
21
22
23
24
25

Page 175

DEPOSI TI ON REVI EW
CERTI FI CATI ON OF W TNESS

ASSI GNVENT REFERENCE NO: 8354649
CASE NAME: Caption Health, Inc. v. University OF British
Col unmbi a
DATE OF DEPOSI TI ON: 8/ 6/ 2026
W TNESS' NAME: M| an Sonka, PhD
In accordance with the Rules of Civi
Procedure, | have read the entire transcript of
my testinony or it has been read to ne.
I have nmade no changes to the testinony
as transcribed by the court reporter.

Dat e M 1 an Sonka, PhD

Sworn to and subscribed before nme, a
Notary Public in and for the State and County,
the referenced witness did personally appear
and acknow edge t hat:

They have read the transcript;

They signed the foregoing Sworn
St at enent; and

Their execution of this Statenment is of
their free act and deed.

| have affixed nmy name and official seal

this day of , 20

Notary Public

Commi ssi on Expiration Date
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DEPOSI TI ON REVI EW
CERTI FI CATI ON OF W TNESS

ASSI GNMENT REFERENCE NO. 8354649
CASE NAME: Caption Health, Inc. v. University OF British
Col unbi a

DATE OF DEPOSI TI ON: 8/ 6/ 2026

W TNESS' NAME: M| an Sonka, PhD

In accordance with the Rules of Civi
Procedure, | have read the entire transcript of
my testinony or it has been read to ne.

| have listed ny changes on the attached
Errata Sheet, listing page and |ine nunbers as
well as the reason(s) for the change(s).

I request that these changes be entered
as part of the record of nmy testinony.

I have executed the Errata Sheet, as well
as this Certificate, and request and authori ze
that both be appended to the transcript of ny
testimony and be incorporated therein.

Dat e M | an Sonka, PhD

Sworn to and subscri bed before nme, a
Notary Public in and for the State and County,
the referenced witness did personally appear
and acknow edge that:

They have read the transcript;

They have listed all of their corrections

in the appended Errata Sheet;

They signed the foregoing Sworn

St atement; and

Their execution of this Statement is of

their free act and deed.

| have affixed nmy nanme and official seal
this day of , 20

Not ary Public

Conmi ssion Expiration Date

Veritext Lega Solutions
WWw.veritext.com 888-391-3376
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Dat e

DAY OF

M | an Sonka, PhD

SUBSCRI BED AND SWORN TO BEFORE ME THI S

, 20

Not ary Public

Comm ssion Expiration Date
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Federal Rules of Civil Procedure

Rule 30

(e) Review By the Witness; Changes.

(1) Review; Statement of Changes. On request by the
deponent or a party before the deposition is
completed, the deponent must be allowed 30 days
after being notified by the officer that the
transcript or recording is available in which:

(A) to review the transcript or recording; and

(B) if there are changes in form or substance, to
sign a statement listing the changes and the
reasons for making them.

(2) Changes Indicated in the Officer's Certificate.
The officer must note in the certificate prescribed
by Rule 30(f) (1) whether a review was requested
and, 1if so, must attach any changes the deponent

makes during the 30-day period.

DISCLAIMER: THE FOREGOING FEDERAL PROCEDURE RULES
ARE PROVIDED FOR INFORMATIONAL PURPOSES ONLY.

THE ABOVE RULES ARE CURRENT AS OF APRIL 1,

2019. PLEASE REFER TO THE APPLICABLE FEDERAL RULES

OF CIVIL PROCEDURE FOR UP-TO-DATE INFORMATION.




VERITEXT LEGAL SOLUTIONS

COMPANY CERTIFICATE AND DISCLOSURE STATEMENT
Veritext Legal Solutions represents that the
foregoing transcript is a true, correct and complete
transcript of the collogquies, gquestions and answers
as submitted by the court reporter. Veritext Legal
Solutions further represents that the attached
exhibits, if any, are true, correct and complete
documents as submitted by the court reporter and/or
attorneys in relation to this deposition and that
the documents were processed in accordance with

our litigation support and production standards.

Veritext Legal Solutions is committed to maintaining
the confidentiality of client and witness information,
in accordance with the regulations promulgated under
the Health Insurance Portability and Accountability
Act (HIPAA), as amended with respect to protected
health information and the Gramm-Leach-Bliley Act, as
amended, with respect to Personally Identifiable
Information (PII). Physical transcripts and exhibits
are managed under strict facility and personnel access
controls. Electronic files of documents are stored

in encrypted form and are transmitted in an encrypted




fashion to authenticated parties who are permitted to
access the material. Our data is hosted in a Tier 4

SSAE 16 certified facility.

Veritext Legal Solutions complies with all federal and
State regulations with respect to the provision of
court reporting services, and maintains its neutrality
and independence regardless of relationship or the
financial outcome of any litigation. Veritext requires
adherence to the foregoing professional and ethical
standards from all of its subcontractors in their

independent contractor agreements.

Inquiries about Veritext Legal Solutions'
confidentiality and security policies and practices
should be directed to Veritext's Client Services
Associates indicated on the cover of this document or

at www.veritext.com.
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