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Overview of Issues

Inter Partes Review Grounds
(a1, I: B V:W Obviousness of Claims 56-57 based on Buibas-Sinyavskiy
(clge)1] [ {88 Obviousness of Claims 56-57 based on Grotmol-Buibas
Motion to Amend Issues
(X738 \Written Description Support for Substitute Claims

(X748 Obviousness of Limitations [85.11]-[85.12] based on Grotmol-Zhu

Obviousness of Limitations [85.13]-[85.14] based on Grotmol-Zhu (and Grotmol-Zhu-

(SStels Buibas)
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Claims 56 and 57
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Claim 45

45. A first device comprising;:

a knowledgebase that includes one or more inputs for
inputting at least a portion of a circumstance represen-
tation, wherein the one or more inputs are correlated
with one or more instruction sets for operating a second
device;

one Or more sensors;

one or more processors; and

one or more non-transitory machine readable media stor-
ing machine readable code that, when executed by the
one or more processors, causes the one or more pro-
cessors to perform at least:

generating a circumstance representation, wherein the
generated circumstance representation represents a cir-
cumstance detected at least in part by the one or more
SENSsors;

determining the one or more instruction sets for operating
the second device at least by: inputting at least a portion
of the generated circumstance representation into the
one or more inputs, and using a correlation between the
one or more inputs and the one or more instruction sets
for operating the second device; and

at least in response to the determining, executing the one
or more 1instruction sets for operating the second
device, wherein the first device autonomously performs
one or more operations defined by the one or more
instruction sets for operating the second device.

Ex. 1001 ("474 pat.) at 176:20-46
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Claim 46

46. The first device of claim 45, wherein the one or more
inputs for inputting the at least the portion of the circum-
stance representation include one or more inputs for input-
ting at least a portion of one or more object representations,

and wherein the generated circumstance representation
includes one or more object representations, and wherein the
first device 1s a first vehicle, and wherein the second device
1s a second vehicle.

Ex. 1001 ('474 pat.) at 176:47-54

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Claims 56 and 57

56. The first device of claim 46, wherein the one or more
inputs are further correlated with another one or more
instruction sets for operating a third device, and wherein at
least a portion of the one or more instruction sets for
operating the second device or at least an information related
to the one or more instruction sets for operating the second
device 1s learned in a learning process that includes oper-
ating the second device at least partially by a user, and
wherein at least a portion of the another one or more
instruction sets for operating the third device or at least an
information related to the another one or more instruction
sets for operating the third device is learned in another
learning process that includes operating the third device at
least partially by another user.

57. The first device of claim 46, wherein the one or more
inputs are further correlated with another one or more
instruction sets for operating a third device.

Ex. 1001 ('474 pat.) at 177:58-178:7
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Ground 1A: Buibas-Sinyavskiy Does Not Disclose or Suggest:
* Inputs Being Correlated with Another One or More Instruction Sets for
Operating a Third Device (Claims 56/57)

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Disputed Limitation

57. The first device of claim 46, wherein the one or more
inputs are further correlated with another one or more

instruction sets for operating a third device.
Ex. 1001 ("474 pat.) at 178:5-7

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



63. Inthe Petition. Petitioner cites ifs reasoning regarding claim element

45.1. Petition. 41-42, but in my opinion that claim element does not include

further correlating the one or more inputs with amefher instruction set for

Dr. S a be r’ S operating a fhird device. as required by claim 56. Claim 45 only mentions

Decla ration istruction sets for operating a second device. Ex. 1001, Claim 45 (reciting for
element 45.1: “a knowledgebase that includes one or more mputs for inputting at
least a portion of a circumstance representation, wherein the one or more inputs

are correlated with one or more instruction sets for operating a second device™).

PO Resp. [13] at 11; PO Sur-Reply [26] at 1-16 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Buibas

[0028] FIG. 4 1s a functional block diagram illustrating a
network merge in accordance with one or more implementa-

tions.

Ex. 1005 (Buibas) at FIG. 4

PO Resp. [13] at 12-16; PO Sur-Reply [26] at 4, 14 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



73.  Petitioner’s further citations to Buibas ¥[0189] (generally discussing
combining brain images). and Y[0225] (generally discussing merging brain
images) also never mention instruction sets and further correlating the same one

or more inputs with another instruction set for operating a third device as required

by claim 56. In my opinion, Buibas [0189] and ¥[0225] discuss merging brain
images very generally without even a mention of additional another instruction
set(s) for operating a third device. the same one or more inputs. and how they
are further correlated as required by the claim. In addition. Buibas makes clear -

in its other sections as described below- what its brain image merges actually

involve and how that happens:

Ex. 2001 (Saber Decl.) at 73

PO Resp. [13] at 17-18; PO Sur-Reply [26] at 2, 4-5 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Buibas

[0123] Atstep 810, the target network configuration is gen-
erated. In one or more implementations, the target configu-
ration may comprise network weights downloaded into the
target robotic device. In some implementations, the target
configuration may comprise network weights vector stored
within the cloud server and available for subsequent down-
loads to one or more robotic devices (e.g., 610 of FIG. 6).

Ex. 1005 (Buibas) at [0123]

PO Resp. [13] at 18, 21, 23; PO Sur-Reply [26] at 2, 4-5

An authenticated user connecting through a user inter-
face device 1202 connects to the cloud server, and identifies a
brain image 1404 to be loaded onto the computerized neuro-
morphic apparatus 1150. The computerized neuromorphic
apparatus downloads the selected brain image, and set its
synaptic weights appropriately. In one or more implementa-
tions, the brain image 1404 may comprise the network
weights so that the download effectuates the weight configu-
ration of the computerized neuromorphic apparatus network.
The user may access personal content and/or public content
(e.g. shared/purchasable content). Alternatively. the exem-
plary networking architecture illustrated in FIG. 12A may be
used and the cloud server 606 connects to the neuromorphic
apparatus 1150 using the user interface device 1202 as a
bridge.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Buibas
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Network Merges

[0094] In some implementations, the network lifecycle
may comprise network weight updates comprising two or
more sources, also referred herein to as “merges”.

[0095] In one or more implementations, such as the merge
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400 illustrated in FIG. 4, the ‘offspring’ network configura- - bse
tion (e.g.. the weight vector W) 408 may be obtained using
two parent weight vectors 402, 406 combined via an opera-
tion 404.

Ex. 1005 at FIG. 4

PO Resp. [13] at 6-7, 13-16; PO Sur-Reply [26] at 6 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Buibas

[0096] In some implementations, the network merge may
comprise non-interleaved combination as 1illustrated by the
merges 430 in FIG. 4, where the parents A provides the
portion 432 and the parent B provides the portion 434 to the
off-spring 436. In some implementations (not shown), the
portion 432 may comprises the same number of weights as the
portion 434. The non-interleaved network merge, such as
illustrated in FIG. 4, may be used, for example, to combine
capabilitics of two (or more) parents or to add a capability to
one of the parent network.

Ex. 1005 (Buibas) at [0096]

PO Resp. [13] at 16, 23; PO Sur-Reply [26] at 3, 6, 11, 14

[0097] Various operations 404 of FIG. 4 may be used to
produce contributions by one or more parent. In one or more
implementations, the off-spring weight vector may be deter-
mined by combining the traits from parent A and parent B are
combined as follows:

wei=(p OR %)

[0098] In one or more implementations, the off-spring
weight vector may be determined by determining traits in the
parent B that are not in the parent A and adding these to the
parent A as follows:

W= AND 7).

(Eqn. 3)

(Eqn. 4)

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




W= OR W)  (Egn. 3)
/=" AND ). (Eqn. 4)

Ex. 1005 (Buibas) at [0097]-[0098]

PO Sur-Reply [26] at 3

Q. Can you explain to me how egquation 3 of
Buibas works?
A. So my recollection is that this 1s an

ORing function where a decision is made between a

weight or weight wector of parents A and parent --

parents A and B. And that weight wvector or subset
of weights is then what constitutes the weight

vector for the offspring.

Ex. 2005 (Janet Tr.) at 8:8-15

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Q. And parent A corresponds to the variable
that is labeled as WA, and parent B is the thing
that corresponds to WB in equation 3; right?

A, When you say "the thing" --

Q. The variable or parameter.

A. Again, I just want to clarify. You're
not ORing non-logic level walues. What you're
doing is you're using the non-logic level values,
i.e., these weights, the synoptic weights, to
ascertain whether there was utility if the nesural
network even trained on it. And then that defines

your logic level zerc or one.

Q. And in equation 4, there are two input
terms, WA corresponding to parent A, and WB
corresponding to parent B. And they are put into
the BAND operation, and the result of that is
called WOFF; is that correct?

A. For offspring, correct.

Q. Why are there two variations of this
type of an operation to combine traits from two

parent -- two parents?

Ex. 2005 (Janet Tr.) at 11:20-12:9

w4 OR W) (Egn. 3)

= AND W®). (Eqn. 4)

Ex. 1005 (Buibas) at [0097]-[0098]

PO Sur-Reply [26] at 3

Ex. 2005 at 13:14-22 (center),
14:1-10 (right)

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE

A. Well, this just shows that there are
lots of criteria that can be used to determine
whether to prune, graft, augment a neural network
with the knowledge that was gained by another
neural network. Buibas tried to simplify it in
this eguation -- or these two eguations.

But, again, it's a very well-known
process, dating back decades, where if there's
value, which can usually be determined by looking
at the weights or by operating a network without
the weight to see what the difference might be,
adding the neurons and associated weights and
seeing what the differsnce might be.

So this is the most simplified way of
describing what would otherwise be a very broad
spectrum of criteriaz to determine whether
something of weight or a set of weights has value
within a neural network. 2and then 1f it does, how

to fold it in.




Q. And all of the terms in egquations 3 and
4, both the input terms and the resulting output
of those eguations, are all weight wvectors;
correct?

L. The weight vectors are represented in
these equations, but as I mentioned before, you're
not logically comparing non-logic-level values.
There's a criteria -- again, if you look at the
paragraph that talks about whether there are

traits in parent B that are not in parent A.

Ex. 2005 (Janet Tr.) at 17:1-10

w4 OR W) (Egn. 3)

= AND W®). (Eqn. 4)

Ex. 1005 (Buibas) at [0097]-[0098]

Q. Are there any other terms in seguation 3
other than WA and WB that go into the input of the
OR function?

L. Those are the only terms that are

represented. I don't know how to make this any
more clear, but a person of ordinary skill would
look at this and for a practical implementation
would understand that we're talking about traits,
we're talking about weights that would enhance or
play a role in those traits.

And if those traits exist, then it might
sit in a logic level one category. If they don't
exist and they might otherwise have wvalue, then

they might sit in a logic level zero.

PO Sur-Reply [26] at 3-4 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




68.  First. a network merge 1s a term Buibas uses for a merge of weight
vectors of the neural networks. The entire section of Buibas titled “Network
Merges” (Ex. 1005, 9[0094-0098]) specifically describes merging of weight

vectors. Further, Buibas specifically states that “merges™ are “network weight

Dr. Sa be r’s updates comprising two or more sources.” Ex. 1005. §[0094]. Even Further,

Dec I a rat i on Petitioner’s own citations of Buibas clearly show that a network merge 1s a merge
of weight vectors of the neural networks (see Ex. 1005, q[0028] stating “FIG. 4
1s a functional block diagram illustrating a nefwerk merge in accordance with one
or more 1mplementations™ and showing merging of weight vectors: see also EX.
1005, FIG. 4 (showing an example of merging of weight vectors and using the

resulting merged weight vector to update weights of a neural network)).

PO Resp. [13] at 14-15; PO Sur-Reply [26] at 1-13 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



69. Second. in my opinion. Petitioner’s contention of combining
capabilities by a network merge (1.e. merging weight vectors as Buibas
specifically defines a “network merge” as discussed above) is not, and indeed
does not even mention. further correlating the same one or more mputs with

another mstruction set. let alone an instruction set for operating a third device as

Dr. Saber’s

. required by claim 56. Merging two weight vectors as Buibas specifically
Declaration

discloses 1n its “Network Merges™ involves combining weights of weight vectors

and does not involve any instruction sets. much less further correlating the same

one or more mputs with another instruction set for operating a third device as a
part of the merge process. and as required by claim 56. Further correlating

instruction sets would require additional training or retraining to properly

incorporate the added instructions into the network.

PO Resp. [13] at 15; PO Sur-Reply [26] at 1-13 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Apparently recognizing that Buibas’ merges just involve weights (Reply. 7.
Petitioner admitting *it is true that the discussion of FIG. 4 centers on merging

network weights™), Petitioner provides various cites and arguments regarding

PO Sur-Reply

|Buibas‘ brain images. IReplj,r. 7-10. But, none of those cites disclose or suggest

instruction sets at all, much less correlation of inputs with instruction sets for

operating any device,

PO Sur-Reply [26] at 4 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



[0203] In an exemplary implementation, the brain image
serves as a spatial mapping (in a simulated space) of the
neurons and synapses of an artificial neural network. The

brain image is expressed as a sparse matrix (allows for empty

space, growth, and connectivity mapping). Other approaches
may be used consistent with the disclosure as well.

Ex. 1005 (Buibas) at [0203]

PO Sur-Reply [26] at 4-5 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



PO Sur-Reply [26] at 6-7

Petitioner’s Reply

Moreover, regardless of how the particular type of merge emploved. a
POSITA would have understood from Buibas™ explanation that the offspring retains
the full capabilities of the parent networks that the offspring incorporates sufficient

aspects of the parents that allow it to perform the same functions and thus produce

the same or equivalent outputs for a given mput as the parents (e.g.. output
instructions sets for operating a second device and additional instructions sets for
operating a third device. where those outputs are part of the respective capabilities

of the parents). TESLA-1022.917.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




PO Sur-Reply

PO Sur-Reply [26] at 6

First, capabilities is such a generality that if the claimed
“instruction sets” would be allowed to be included in the definition of “*capabilities,”
anything could be included without a meaningful limit. which is clearly

unreasonable. Second, “capabilities™ 1s actually a different thing than the claimed

“imstruction sets” by any definition or interpretation that a POSITA would use. For

example. an instruction set may be code that instructs a device to turn right such as
Device.turnRight(). whereas a capability does not include such code.
Third, merging Buibas® brain images updates or combines capabilities without

involving inputs or instruction sets since Buibas’ brain images only include weights.

In other words, updating or combining capabilities is due to the updating or merging

weights of brain images. not inputs or instruction sets.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




PO Sur-Reply [26] at 7

Conclusory expert testimony does not
qualify as substantial evidence. See, e.g.,
MobileMedia Ideas LLC v. Apple Inc., 780
F.3d 1159, 1172 (Fed. Cir. 2015) (“Conclu-
sory statements by an expert ... are in-
sufficient to sustain a jury’s verdict.”); Re-
gents of Univ. of Minn. v. AGA Med.

Corp., 717 F.3d 929, 941 (Fed. Cir. 2013)
(quoting Sitrick v. Dreamworks, LLC, 516
F.3d 993, 1001 (Fed. Cir. 2008)) (“Conclu-
sory expert assertions cannot raise triable
issues of material fact ....”); Koito MjJy.
Co. v. Turn-Key-Tech, LLC, 381 F.3d 1142,
1152 (Fed. Cir. 2004) (“General and con-
clusory testimony ... does not suffice as
substantial evidence of invalidity.”); Sea
Robin Pipeline Co. v. FERC, 795 F.2d 182,
188 (D.C. Cir. 1986) (“[Ilnordinate faith in
the conclusory assertions of an expert ...
cannot satisfy the requirement ... [of]
substantial evidence.”).

TQ Delta, LLC v. Cisco Sys., Inc., 942 F.3d 1252, 1358-59 (Fed. Cir. 2019)

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Buibas

PO Sur-Reply [26] at 7-8

[0102] Various exemplary implementations of the transfor-
mation operations 404, 505 are illustrated with respect to
FIGS. 5B-5C. The merges 510, 520 illustrated 1n FIG. 5B
comprise interleaved segments DI‘DH] parent A and
parent B (the segments 512, 522 10 e parent A and the
segments 514, 524 from the parent 2snectively, in FIG.
5B) to produce the off-spring 16, 526,
respectively. While the combination ST0 comprises equal
contributions from each parent. the combination 520 may
comprise non-equal contributions, with the parent 522 pro-
viding a larger portion of the weights to the off-spring 526.
Although the parent A, the parent B and the off-spring are
shown as separate entities in FIG. SB-5C for clarity, it will be
appreciated by those skilled in the arts that such may not
always be the case. By way of illustration, in some imple-
mentations, the offspring may comprise either (or both) of'the
parents A or B. In such implementation, a computerized
device may be used to assist the merge store intermediate
oft-spring weight configuration during the merge, and to
update one (or both) of the parents.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Buibas PO Sur-Reply

1% Partition (e.g., Parent 1/ Device 2) 2 Partition (e.g., Parent 2/ Device 3) But Buibas does not say anything about one partition (annotated by Petitioner

“%N =
1152
|/

. # in blue) producing an instruction set for one device (annotated by Petitioner as

- [ . _ N .
Imer';::'e -|=vw Output Device 2) and another partition (annotated by Petitioner in orange) producing an

Thi2 Interface
1170 instruction set for another device (annotated by Petitioner as Device 3). Petitioner’s
F==="7j75! Instruction Sets for

| Operating Device 2 +
i Additional

T i Instruction Sets for
}-4168.--- Operating Device 3 conclusory, and should be rejected.

arguments and annotations are unsupported in Buibas and are speculative,

T

Lig4

]

FIG. 11D

Ex. 1005 (Buibas) at FIG. 11D
(annotated by Petitioner)

PO Resp. [13] at 17-18, 21; PO Sur-Reply [26] at 8-10 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Buibas

[0179] The training application 1204 also includes options
management of the computerized neuromorphic apparatus
1150. Connectivity options for both the neuromorphic appa-
ratus and the user interface device 1202 may be set from the
training application. Link options between the apparatus
1150 and the device 1202 may also be configured. The train-
g menu may be used to load active “brain 1mages™ (e.g.,

synaptic weight data configurations or profiles) onto the neu-
romorphic apparatus. In some cases, a user may load a brain
image onto the apparatus 1150 that 1s insufficient to control
all of the features of the robotic apparatus (e.g. no support for
certain sensors). If these features are not controlled by other
firmware/software on the robotic device, they may be ren-
dered 1nactive (or otherwise moperable).

[0144] One particular implementation of the computenized
neuromorphic processing system, for operating a computer-
ized spiking network (and implementing the exemplary
inverse STDP context connection adjustment methodology
described supra), is illustrated in FIG. 11A. The computer-
ized system 1100 of FIG. 11A comprises an input interface
1110, such as for example an image sensor, a computerized
spiking retina, an audio array, a touch-sensitive input device,
etc. The input interface 1110 is coupled to the processing
block (e.g., a single or multi-processor block) via the input
communication mterface 1114. The system 1100 further
comprises a random access memory (RAM) 1108, configured
to store neuronal states and connection parameters (e.g..
weights 526 in FIG. 5), and to facilitate synaptic updates.

Ex. 1005 (Buibas) at [0179]

PO Resp. [13] at 23; PO Sur-Reply [26] at 10-11

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Dr. Saber’s Declaration

77.  Further, additional instruction sefs cannot simply be added to
existing instruction sets that are already correlated with existing same inpuis
in a knowledgebase (i.e. nenral network) withont appropriately retraining tie
nefwork. As of the critical date (see my discussion above at Sections IIT and V).
additional mstruction sets could only be added to existing instruction sets that are
already correlated with existing inputs by appropriately retraining the
knowledgebase with training sets that include the additional instructions sefs.
This 1s so because, dunng retraining, proper weights for correlations/connections
are calculated/adjusted through backpropagation process (see Ex. 1001, 18:64-

67) for specific instruction sets associated with specific same nputs in each

tramning set. Backpropagation, generally speaking. typically involves an iterative
process of tramning a neural network where a tramning input 1s provided to a given
network and the corresponding calculated output 15 computed via feed forward
operations through the network. The error between the calculated and expected
output 1s then backpropagated through the network using algorithms such as
gradient descent in order to properly update the weights throughout the layers.
This process 1s repeated multiple times with various inputs using an appropriately
chosen tramning dataset until convergence 1s achieved. The optimized network 1s
then tested and further optimized using a validation dataset and then further tested

using a test dataset to measure/quantify its performance.

PO Resp. [13] at 20-21; PO Sur-Reply [26] at 11-13

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Dr. Saber’s Declaration

80. In my opinion, nene of Petitioner’s contentions, Petitioner’s
citations of Buibas, Buibas’s figures, and Buibas’s text assert, show, or
describe a “merged” neural network where instruction setfs of two neural
networks are merged and properly integrated info the nefwork. Such merging
of instruction sets of two neural networks would require appropriate technical
explanation of how the additional instruction sets are correlated/connected with
inputs via correlations/connections and/or intermediate neurons and how those

correlations/connections are correctly weighted for proper statistical predictions

of those additional instructions sets. which requires retraining the knowledgebase
(i.e. neural network) with training sets that include the additional instructions sets
as discussed above. Buibas does not show or describe merging instruction sets of
two neural networks or the underlying retraining process(es) that would be
required to appropriately and seamlessly merge additional instructions sets.

Instead, what Buibas actually shows and describes is the merging of weights in

| weight vectors of two neural networks that does not involve instruction sets.

PO Resp. [13] at 22-23; PO Sur-Reply [26] at 12-13

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Petitioner’s Reply

Merging Weight Vectors by Itself Would Still Produce a
Brain Image Having One or More Inputs Correlated with
the Claimed Instruction Sets for Operating Second and
Third Devices

Even if one accepts arcuendo that Buibas™ merge operation 1s limuted to

merging only nem-'m‘k as PO contends (which 1s not correct—see supra.

§II.A.2). Buibas would still render claims 56 and 57 obvious. TESLA-1022. 928.

PO Sur-Reply [26] at 13-16

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Petitioner’s Reply

Although weights and instruction sets are

not the same. they are closely mtertwined. particularly in the context of Buibas’
neural networks that are configured to oufput mstruction sets (e.g.. motor

commands) for operating a device.

PO Resp. [13] at 24-25; PO Sur-Reply [26] at 13 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



82.  In my epinion, a weight is a fundamentally different concept than
the claimed instruction sef. Weights are typically statistical “value[s]” or
“numeric attribute[s].” Ex. 1001, 104:10-13. that can be *properties of a

connection[].” EX. 1005, q[0077]. Conversely. instruction sets are commands for

) 4 . . . . :
Dr. Sa ber S operating a device or its actuators. Ex. 1001, 152:13-29. To illustrated the point,

DQCIa ration a clear fundamental difference between a weight and an instruction set of
operating a device is that a weight is a number such as 0.238 that signifies a
weight of an associated connection between two neurons. whereas an instruction

set is typically a command such as “Devicel. moveForward(27)... for moving a

Devicel forward 27 units.” Ex. 1001. 142:53-57.

PO Resp. [13] at 24-25; PO Sur-Reply [26] at 13-16 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Q What about an instruction set? How

would you define an instruction set?

A In the context of Buibas, which is
reference 1005, the instruction set would be
the commands that would be given to motors and

various other components.

Let's unpack that for a second.

First of all, you can unpack -- you

can pull a weight wvector, but that weight
vector 1s not golng to tell you much about
that neural network. It's just going to be a

block of wvalues.

PO Resp. [13] at 25; PO Sur-Reply [26] at 13-16

Ex. 2003 (Janet Tr.) at 48:22-49:4

Ex. 2003 at 80:4-9

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Q Okay. And how would you or two-way Q So you could extract a portion of a And so if I get an array of values,

vectors together? How would that work? neural network and fold that into another that's not enough. I'd need to know the

—_ )
* 2k ok neural network and I'm sorry, can you topology, the activation functions, feedback,

If I were to do a graft, explain that process again?

%k 3k *

biases, et cetera.

for example, I would use -- and this was done
. Q To arrive at the instruction s=et,
for my Ph.D., my dissertation -- I would pull First of all, you can unpack -- you
. . right?
a portion of that neural network. That can pull a welght vector, but that weight
. . A Well, to contribute to arriving at
portion would include, let's just say a neuron =

the one or more inatruction sets.

that neural network. It's just going to be a

block of wvalues. Ex. 2003 at 84:10

and synaptic weights, biases, activation

functions, topology, and I would fold that

into another neural network, and I would get a
: N Ex. 2003 at 79:18-80:9
different means of correlating input values to
output, in this case, in the context of '474,

instruction sets.

Ex. 2003 (Janet Tr.) at 78:18-79:16

PO Resp. [13] at 25-26; PO Sur-Reply [26] at 13-16 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Network Merges

[0094] In some implementations, the network lifecycle
may comprise network weight updates comprising two or
more sources, also referred herein to as “merges”.

[0097] Various operations 404 of FIG. 4 may be used to
produce contributions by one or more parent. In one or more
implementations, the off-spring weight vector may be deter-
mined by combining the traits from parent A and parent B are
combined as follows:

W= OR %) (Eqn. 3)

[0098] In one or more implementations, the off-spring
weight vector may be determined by determining traits in the
parent B that are not in the parent A and adding these to the
parent A as follows:

W=t AND %), (Eqn. 4)

[0179] The training application 1204 also includes options
management of the computerized neuromorphic apparatus
1150. Connectivity options for both the neuromorphic appa-
ratus and the user interface device 1202 may be set from the
training application. Link options between the apparatus
1150 and the device 1202 may also be configured. The train-
g menu may be used to load active “brain 1mages™ (e.g.,

synaptic weight data configurations or profiles) onto the neu-
romorphic apparatus. In some cases, a user may load a brain
image onto the apparatus 1150 that is insufficient to control
all of the features of the robotic apparatus (e.g. no support for
certain sensors). If these features are not controlled by other
firmware/software on the robotic device, they may be ren-
dered inactive (or otherwise inoperable). In other implemen-

Ex. 1005 (Buibas) at [0094], [0097]-[0098]
DEMONSTRATIVE EXHIBIT — NOT EVIDENCE

PO Resp. [13] at 23-24; PO Sur-Reply [26] at 14

Ex. 1005 at [0179]




Ground 1A: Buibas-Sinyavskiy Does Not Disclose or Suggest:

* At Least a Portion of the Instruction Sets for Operating the Third Device is
Learned in Another Learning Process that Includes Operating the Third

Device by Another User (Claim 56)

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Disputed Limitation

56. The first device of claim 46, wherein the one or more
inputs are further correlated with another one or more
instruction sets for operating a third device, and wherein at
least a portion of the one or more instruction sets for
operating the second device or at least an information related
to the one or more instruction sets for operating the second
device is learned in a learning process that includes oper-
ating the second device at least partially by a user, and
wherein at least a portion of the another one or more
instruction sets for operating the third device or at least an
information related to the another one or more instruction
sets for operating the third device is learned in another
learning process that includes operating the third device at

least partiallv by another user.

Ex. 1001 ('474 pat.) 177:58-178:4

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Petitioner’s Reply

Bram mmages configured to perform the various
tasks/behaviors learmned on different devices by traiming routines carried out by
different users operating their different robots can then be shared with other users.
and users can then select and incorporate different ones of the learned

tasks/behaviors into a merged brain image can be loaded on a single device.

PO Resp. [13] at 28-29; PO Sur-Reply [26] at 17 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Buibas

Petitioner ignores that Buibas® brain image 1s not a full neural
network with mputs, mstruction sets, and weights, but instead 1s a group of weights
(even 1f these weights may be from different sources) that are loaded into a neural
network of a neuromorphic apparatus per Buibas’ explicit disclosure See id.,
110179] (“[t]he training menu [that] may be used to load active ‘brain images’ (e.g.,
synaptic weight data configurations or profiles) onto the neuromorphic apparatus.”).
And a group (i.e., vector) of weights does not include instruction sets, much less
instruction sets for operating different devices learned in different learning processes

mvolving different users.

PO Resp. 1[13] at 23; PO Sur-Reply [26] at 17

PO Sur-Reply [26] at 17

[0179] The training application 1204 also includes options
management of the computerized neuromorphic apparatus
1150. Connectivity options for both the neuromorphic appa-
ratus and the user interface device 1202 may be set from the
training application. Link options between the apparatus
1150 and the device 1202 may also be configured. The train-
mg menu may be used to load active “brain 1images™ (e.g.,

synaptic weight data configurations or profiles) onto the neu-
romorphic apparatus. In some cases, a user may load a brain
image onto the apparatus 11350 that is insufficient to control
all of the features of the robotic apparatus (e.g. no support for
certain sensors). If these features are not controlled by other
firmware/software on the robotic device, they may be ren-
dered 1nactive (or otherwise inoperable). | |

Ex. 1005 (Buibas) at [0179]

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




PO Sur-Reply

Additionally, Buibas® separate
traimning routines on different devices produce trained weights of brain images on
different devices. not the claimed mstruction sets for operating different devices
smce a brain image 1s not a neural network. mmcludes only weights, and does not
include instruction sets. Ex. 1005, Y[0028]. [0094]-[0095]. [0097]-[0098]. [0183].
Thus, Buibas® separate training routines on different devices produce something

different (traimmed weights) than the claimed instruction sets for operating different

devices.

PO Resp. [13] at 28-32; PO Sur-Reply [26] at 19 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



In a related
IPR involving similar subject matter and claims that likewise referred to multiple
learning processes. PO’s declarant. Dr. Saber. acknowledged that different learning
processes may nvolve different users. different devices, and operating device(s) at

Petitioner’s different times (although not all are required). TESLA-1032. 38:18-39:2, 49:19-

Reply 51:12. 52:11-55:21. All of those factors are nonetheless present in Buibas. whose

platform allows different users to independently carry out different training routines
on different devices at different times. These factors strongly show that the
instruction sets learned on a parent third device in Buibas are learned in another
learning process separate from the learning process on the second device. TESLA-

1022, 933.

PO Resp. [13] at 30; PO Sur-Reply [26] at 19-20 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Dr. Saber’s

Declaration

91. Further, as I discussed above, any additional instruction sets
(especially instruction sets learmed in an additional or different learning process
involving an additional user operating an additional device) cannot be simply
integrated with the existing instruction sets that are already correlated with the
existing inputs without appropriately retraining the network via processes such
as backpropagation in order to update the weights of the newly added
connections to allow for the proper integration of the added instruction sefs.
Such retraining of the knowledgebase with additional instruction sets learned in
an additional learning process involving an additional user operating an
additional device 1s a complex process that 1s not straightforward or unusually

simple. Further evidence of this 1s the fact that none of the prior art references

mention such retraining.

PO Resp. [13] at 30; PO Sur-Reply [26] at 19-21

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Ground 2C: Grotmol-Buibas Does Not Disclose or Suggest:
* Inputs Being Correlated with Another One or More Instruction Sets for
Operating a Third Device (Claims 56/57)

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Disputed Limitation

57. The first device of claim 46, wherein the one or more
inputs are further correlated with another one or more

instruction sets for operating a third device.
Ex. 1001 ("474 pat.) at 178:5-7

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Dr. Saber’s

Declaration

105. Pefitioner’s citations to its own arguments in claims 45.1. 47. and
51. Petition. 81. are wrong because claims 45. 47, and 51 recite “one or more
inputs are correlated with one or more instruction sets for operating a second
device” and do not recite the actual limitation of claim 56: “‘wherein the one or
more inputs are further correlated with another one or more instruction sets for
operating a third device.” Claim 56 requires that the same one or more inputs be
Jurther correlated with an additional another instruction set for operating an

additional third device, which is beyond what claims 45.1. 47, and 51 recite and

what Petitioner’s arguments for those claims address.

PO Resp. [13] at 38; PO Sur-Reply [26] at 21-23

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Dr. Saber’s

Declaration

In other words. all of the
instruction sets for operating the first robot where they were learned are still the
same instruction sets for operating the same first robot (not a third robot) when
they are loaded into a second robot in Grotmol. Since Grotmol discloses learning

on one robot and loading this knowledge to a second robot without menfioning

an instruction set for operating a third robot, Grotmol does not disclose or suggest
that the same inputs are further correlated with another instruction for operating
a third device. as claimed in claim 56. The seamless integration of additional or
newly acquired instruction sets with existing instructions sets requires high levels
to retraining to ensure that the entire network is properly optimized. This 1s not

trivial but rather require skilled expertise to do so properly.

PO Resp. [13] at 39; PO Sur-Reply [26] at 21-23

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Petition

PO Resp. [13] at 38-40; PO Sur-Reply [26] at 21-23

To the extent 1t 1s argued or determined that Grotmol does not expressly
disclose that the inputs to an adaptive controller on a first device are correlated
with control outputs (instfructions sets) learned on at least two other devices (1.e.. a
second device and a third device), these features nonetheless would have been
obvious when further considering the teachings of Buibas. TESLA-1003. 9160.
Buibas. for example. describes techniques for sharing and merging behaviors
learned on multiple different robots into a single controller. TESLA-1005.
9L0070]. [0090]-[0100]. [0103]. [0225]. It would have been obvious to implement
Grotmol in accordance with Buibas® suggestion sharing and merging behaviors
learned on multiple different robots into a single controller for each of the reasons
described above in the combination overview (supra. §IV.E.1). TESLA-1003.

7160.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Buibas

[0090] FIG. 3 illustrates various exemplary implementa-
tions of robotic brain (network ) updates. The network updates
illustrated in FIG. 3 may comprise for instance a complete
weight update 300, where the existing trained weights vector
W 302 is replaced with a different weight vector 304. Such
implementation may be used for example. when operating
several identical robotic devices and the network weight con-
figuration of a single ‘trained” apparatus is downloaded into
other (untrained) devices. The update implementation may
also be used when (improved) training versions of network
are distributed by one user (and/or a vendor) to other user with
{or without) a cost associated therewith.

[0103] The interleaved network merge may be used in some
implementations to generate new weight vector for a network
configured to be use by off-spring configured to implement (a
subset) of parent functionality. By way of illustration. two or
more trash collector robotic apparatus, employed in a home or
an office building, and comprising similar hardware (e.g..
sensors and actuators) but trained under different conditions
and, hence, comprising different sets of network weights,
may utilize interleaved merge to produce an off-spring exhib-
iting combined set of capabilities.

Ex. 1005 (Buibas) at [0090]

PO Resp. [13] at 41-42; PO Sur-Reply [26] at 22-23

Ex. 1005 at [0103]

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE

[0183] Referring now to FIG. 14, a functional block dia-
gram of an exemplary implementation of a cloud-based train-
ing system 1400 according to the disclosure is shown. A
computerized neuromorphic apparatus 1150 uses on-board or
accessible network connectivity to connect to a cloud server
606. An authenticated user connecting through a user inter-

face device 1202 connects to the cloud server, and identifies a
brain image 1404 to be loaded onto the computerized neuro-
morphic apparatus 1150. The computerized neuromorphic
apparatus downloads the selected brain image, and set its
synaptic weights appropriately. In one or more implementa-
tions, the brain image 1404 may comprise the network
weights so that the download effectuates the weight configu-
ration of the computerized neuromorphic apparatus network.
The user may access personal content and/or public content
(e.g. shared/purchasable content). Alternatively, the exem-
plary networking architecture illustrated in FI1G. 12A may be
used and the cloud server 606 connects to the neuromorphic
apparatus 1150 using the user interface device 1202 as a
bridge.




PO Sur-Reply

A POSITA would have understood from these disclosures that Grotmol's
confroller can first be trained on a third device to learn instruction sets for operating
a third device: the trained configuration of the controller can be shared with and
loaded on a second device where the trained configuration i1s updated through
additional learning of instruction sets for operating the second device (e.g.. in the
override/correct modes): and the updated trained configuration can be shared with

and loaded on a first device. TESLA-1022, 937.

Pet. Reply [19] at 24

. This 1s
Nothing like this convoluted scheme 1s disclosed or suggested n
Grotmol. In fact. Grotmol does not even mention instruction sets for operating a
third device. let alone inputs that are further correlated with instruction sets for
operating a third device. Furthermore. Grotmol does disclose that a “trained
configuration may be loaded to one or more other robots in order to provide learned
behaviors.” but that has nething to do with the claim limitation in claims 56/57: “the
one or more inputs are further correlated with another one or more instruction sets

for operating a third device.”

PO Sur-Reply [26] at 22

PO Resp. [13] at 37-40; PO Sur-Reply [26] at 21-22 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



PO Sur-Reply

That 1s. Petitioner has made an improper
new argument in 1ts Reply that changes its obviousness theory for this ground—now
Petitioner 1s arguing that the limitation would have been obvious in view of Grotmol
alone, with no mention of Buibas on pages 22-24 of the Reply (the portion of the

Reply addressing this limitation i Ground 2C).

PO Resp. [13] at 43; PO Sur-Reply [26] at 22-23 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Petition

Petitioner’s Reply

To the extent 1t 1s argued or determined that Grotmol does not expressly
disclose that the inputs to an adaptive controller on a first device are correlated
with control outputs (instructions sets) learned on at least two other devices (1.e.. a
second device and a third device). these features nonetheless would have been

obvious when further considering the teachings of Buibas. TESLA-1003. 9160.

PO Resp. [13] at 43; PO Sur-Reply [26] at 22-23

Pet. [2] at 81

As Dr. Janet explains. this
predictable situation would have been expected and obvious to a POSITA reviewing
Grotmol’s disclosure. as it would allow multiple devices to gain the benefit of
Grotmol’s capabilities for sharing and updating training configurations. Jd. The
predictable result would be a trained controller on the first device whose inputs are
correlated both with instruction sets for operating the second device (based on
training that occurred on the second device) and with instruction sets for operating

the third device (based on training that occurred on the third device). Id

Pet. Reply [19] at 24

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Ground 2C: Grotmol-Buibas Does Not Disclose or Suggest:

* At Least a Portion of the Instruction Sets for Operating the Third Device is
Learned in Another Learning Process that Includes Operating the Third
Device by Another User (Claim 56)

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Disputed Limitation

56. The first device of claim 46, wherein the one or more
inputs are further correlated with another one or more
instruction sets for operating a third device, and wherein at
least a portion of the one or more instruction sets for
operating the second device or at least an information related
to the one or more instruction sets for operating the second
device is learned in a learning process that includes oper-
ating the second device at least partially by a user, and
wherein at least a portion of the another one or more
instruction sets for operating the third device or at least an
information related to the another one or more instruction
sets for operating the third device is learned in another
learning process that includes operating the third device at

least partiallv by another user.

Ex. 1001 ('474 pat.) at 177:58-178:4

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




PO Sur-Reply

The Reply states regarding this limitation that Patent Owner’s “arguments on
this limitation mirror the same flawed arguments that it earlier advanced in Ground

1A™ and “lack merit and fail to refute the Petition’s showing of obviousness for each

of the reasons addressed above 1 §§II and IITI.A.” Reply. 25. But it 1s Petitioner that

1s wrong about such arguments, for the reasons discussed above m Sections II-IV.

PO Resp. [13] at 44-50; PO Sur-Reply [26] at 23-24 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Proposed Substitute Claims

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Mot. to Amend [14] at 2-5

Claim 45

Original Claim

Contingency

Substitute Claim

Claim 85

Claim 46

Claim 86

Claim 47

Claim 87

Claim 51

Claim 88

Claim 56

Claim 89
Claim 92

Claim 57

Claim 90
Claim 93

Claim 60

LT

Claim 91

E—)
E—)

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Substitute Claim 85

Claim 83 (Proposed substitute for claim 43, if claim 45 is found unpatentahle):

[83.pre] A first device comprising:

[83.1] a knowledgebase that includes one or more inputs for inputting at
least a portion of a circumstance representation. wherein the one or more inputs are
correlated with one or more instruction sets for operating a second device;

[83.2] one or more sensors;

[83.3] one or more processors; and

[85.4] one or more non-transitory machine readable media storimg machine
readable code that, when executed by the one or more processors, causes the one or
more processors to perform at least:

[85.5] generating a circumstance representation. wherein the
generated circumstance representation represents a circumstance detected at least

in part by the one or more sensors;

Mot. to Amend [14] at Appx A, 1-2

[85.6] determining the one or more instruction sets for operating the
second device at least by: inputting at least a portion of the generated circumstance
representation into the one or more inputs, and using a correlation between the one
or more inputs and the one or more instruction sets for operating the second

device; and

[85.7] at least in response to the determining, executing the one or
more instruction sets for operating the second device, wherein the first deviee
autonomously performs one or more operations defined by the one or more
instruction sets for operating the second device:

[85.8] wherein the knowledgebase includes a neural network. wherein the

One or more inputs are one or more input neurons of the neural network.

[85.9] wherein the machine readable code. when executed by the one or

more processors. further causes the one or more processors to perform at least:

[85.10] generating a stream of eircumstance representations

comprising:

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Substitute Claim 85

[85.11] the generated circumstance representation that (1)

includes multiple object representation data structures that each comprisesCa label)

for object type I,gcoordinates)for object locationl, and @puter modeDYor object

size, and (i1) represents multiple objects detected at a first time, and

[85.12] another circumstance representation that (i) includes

another multiple object representation data structures that each includes: a label for

object type. coordinates for object location, and a computer model for object size,

and (i1) represents the multiple objects detected at a second time,

Mot. to Amend [14] at Appx A, 2 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Substitute Claim 85

[85.13] wherein the determining the one or more instruction sets for

operating the second device includes: iputting the multiple object representation

data structures of the stream into the one or more mput neurons. and using a

correlation between the one or more mput neurons and the one or more mstruction

sets for operating the(Second devica and

[85.14] determining another one or more mstruction sets for operating a

(third devicent least by: inputting the another multiple object representation data

structures of the stream into the one or more mput neurons. and using a correlation

between the one or more input neurons and the another one or more instruction sets

for operating thd(third device)

Mot. to Amend [14] at Appx A, 2-3 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




The Substitute Claims Have Adequate Written Description Support

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Object Processing Unit

| Collection of Object Represantations
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FIGS. 4A-4B, illustrate an exemplary embodiment of
Objects 615 detected in Device’s 98 surrounding, and result-
ing Collection of Object Representations 525.

MTA [14] at 16-17; MTA Reply [27] at 2 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



’976 Application

In general, object may include any object or part thereof that can be detected. Examples of object properties
include existence of an object, type of an object (i.e. person, cat, vehicle, building, street, tree, rock, etc.), identity of
an object (i.e. name, identifier, etc.), distance of an object, bearing/angle of an object, location of an object (i.e.
distance and bearing/angle from a known point, coordinates, efc.), shape/size of an object (i.e. height, width, depth,
computer model, point cloud, etc.), activity of an object (i.e. motion, gestures, etc.), and/or other properties of an
object.

MTA [14] at 16; MTA Reply [27] at 2 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



For example, a
neural network may include one or more input neurons that
can be activated by inputs. Activations of these neurons can
then be passed on, weighted, and transformed by a function
to other neurons. Neural networks may range from those
Model A with only one layer of single direction logic to multi-layer of
multi-directional feedback loops. A neural network can use
weights to change the parameters of the network’s through-
put. A neural network can learn by input from its environ-
ment or from self-teaching using written-in rules. A neural
network can be utilized as a predictive modeling approach in
machine learning. An exemplary embodiment of a neural
network (1.e. Neural Network 530a, etc.) is described later.

Specification

MTA [14] at 16-17; PG [21] at 8; MTA Reply [27] at 2-3 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



’991 Application

The disclosed artificially intelligent devices, systems, and methods for learning and/or using a device's
circumstances for auionomous device operation comprise apparaiuses, systems, methods, features, functionalities,
andior applications that enable learning a device's circumstances including objects with various properties along

with correlated instruction sets for operating the device, storing this knowledge in a knowledgebase (i.
. graph, sequences, etc.), and operating a device autonomously. The disclosed artificially intelligent devices,
systems, and methods for learning and/or using a device's circumstances for autonomous device operation, any of

their elements, any of their embodiments, or a combination thereof can generally be referred to as DCADO, DCADO
Unit, or as other suitable name or reference,

MTA [14] at 16-17; MTA Reply [27] at 3 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



’991 Application

Referring to Fig. 12, an embodiment of Artificial Intelligence Unit 110 is illustrated. Artificial Intelligence Unit
110 comprises interconnected Knowledge Structuring Unit 520, Knowledgebase 530, Decision-making Unit 540, and
Confirmation Unit 550, Other additional elements can be included as needed, or some of the disclosed ones can be
excluded, or a combination thereof can be utilized in alternate embodiments.

Knowledgebase 530 may be or include Neural Network

530a (later described).

Mot. to Amend [14] at 10, 17; MTA Reply [27] at 3 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



’991 Application

Further, Artificial Intelligence Unit 110 comprises the functionality for anticipating Device's 98 operation in
circumstances including objects with various properties. Artificial Intelligence Unit 110 comprises the functionality for
anticipating one or more insiruction sets, data, and/or other information. Artificial Intelligence Unit 110 comprises the
functionality for anticipating one or more Instruction Sets 526 based on one or more incoming Collections of Object
Representations 525. Artificial Intelligence Unit 110 comprises the functionality for anticipating one ar more
Instruction Sets 526 io be used or executed in Device's 98 autonomous operation. Arificial Intelligence Unit 110
also comprises other disclosed funclionalities.

MTA [14] at 16-17; MTA Reply [27] at 3 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



’991 Application

Model A

Further, Artificial Intelligence Unit 110 comprises the functionality for anticipating Device's 98 operation in
circumstances including objects with various properties. Artificial Intelligence Unit 110 comprises the functionality for
anticipating one or more insiruction sets, data, and/or other information. Artificial Intelligence Unit 110 comprises the
functionality for anticipating one or more Instruction Sets 526 based on one or moere incoming Collections of Object
Representations 525. Artificial Intelligence Unit 110 comprises the functionality fer anticipating one or more
Instruction Sets 526 io be used or executed in Device's 98 autonomous operation. Artificial Intelligence Unii 110
also comprises other disclosed functionalities.

MTA [14] at 16-17; MTA Reply [27] at 3-4

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




’976 Application

Referring to Fig. 38, in some exemplary embodiments, Device 98 may be or include Loader 98a.

MTA [14] at 17; PG [21] at 6; MTA Reply [27] at 4

Loader 98a may also include or be coupled to DCADO Unit 100.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Application

MTA [14] at 17; PG [21] at 7; MTA Reply [27] at 4

For instance, Loader 98a comprising DCADO Unit 100 may learn User 50-directed
collecting, moving, maneuvering, lifting, unloading, and/or other operations in a circumstance that includes Rock
615aa, Pile of Material 615ab, Person 615ac, Truck 615ad, and/or other Objects 615 among which Loader 98a may
need to maneuver and/or with which Loader 98a may need to interact. In the future, when a circumstance that
includes Objects 615 with similar Object Properties 630 is encountered, Loader 98a may implement collecting,
moving, maneuvering, lifting, and/or unloading operations autonomously.

In some embodiments, DCADO Unit 100 may reside on Server 96 accessible over Network 95 as previously
described. In such embodiments, any number of Loaders 98a may connect to such remote DCADO Unit 100 and the
remote DCADO Unit 100 may learn their operations in circumstances including objects with various properties. In
turn, any number of Loaders 98a can utilize the remote DCADO Unit 100 for autonomous operation in circumstances
including objects with various properties. For example, multiple operators (i.e. Users 50, etc.) may operate their
Loaders 98a that are configured to transmit their operations in circumstances including objects with various
properties to a remote DCADO Unit 100. Such remote DCADO Unit 100 enables learning of the operators’ collective
knowledge of operating Loaders 98 in circumstances including objects with various properties. Any number of

Loaders 98 can utilize such collective knowledge comprised in the remote DCADO Unit 100 for their autonomous
operation. Any of the disclosed elements such as Artificial Intelligence Unit 110, Knowledgebase 530, and/or others
may reside on Server 96, and any combination of local and remote elements can be implemented in alternate
embodiments.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




For example, a Device 98 including or interfaced with
DCADO Unit 100 having access tc a combined Knowledgebase 530 can use the collective knowledge learned from

multiEIe Devices 98 for the Device's 98 autonomous operation.

'991
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MTA [14] at 17; PG [21] at 8; MTA Reply [27] at 4 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Limitations [85.11]-[85.12]: Grotmol-Zhu Does Not Disclose or Suggest the
Specifically Claimed Multiple Object Representation Data Structures

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Substitute Claim 85

[85.11] the generated circumstance representation that (1)

includes multiple object representation data structures that each comprises: a label ® "m u |t| ple ObjECt

representation data

structures”

e Each comprising:
[85.12] another circumstance representation that (1) includes “coordinates for ob J ect

for object type, coordinates for object locationi and a computer model for object

mand (11) represents multiple objects detected at a first time, and

another multiple object representation data structures that each includes: a label for Iocation, and a com pUter

model for object size”
object type, coordinates for obj ect locationi and a comButer model for object sizei

and (11) represents the multiple objects detected at a second time,

MTA [14] at Appx, 2; MTA Reply [27] at 5-9 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



MTA
Opposition

Ground Substitute Claims § 103 Basis

MTA-1A 85-91 Grotmol-Zhu

MTA-1B 85-91 Grotmol-Zhu-Buibas

It would have been obvious to a POSITA to apply Zhu’s suggestion for
labeling the type of detected objects and deﬁning bounding boxes for detected
objects that provides a computer model for object size coordinates for object location
to Grotmol for the reasons described above in the combination overview. TESLA-
1008, 38:43-39:12; TESLA-1024, 11:16-36; supra, §IL.B.1; Pet., 45-51, 73-77;

TESLA-1022, 963.

MTA Reply [27] at 5-6

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




MTA Reply [27] at 6

Substitute Claim 85

[85.11] the generated circumstance representation that (1)

includes multiplpresentation data structures that each comprises: a label
for object type. coordinates fmcation, and a computer model f

size, and (11) represents multiple objects detected at a first time, and

[85.12] another circumstance representation that (1) includes

another multipln{ obiject }:pre sentation data structures that each includes: a label for

object type., coordinates fof object D)cation, and a computer model f@

and (11) represents the multiple objects detected at a second time.,

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




The object representation data structures are part of

a circumstance representation, which represents a circumstance detected by one

or more actual, real-world sensors (see Ex. 1001, Figs. 3A-3E, showing Camera

92a, Microphone 92b, Lidar 92¢, Radar 92d, and Sonar 92¢) for detecting objects

and their properties, as recited in [85.2] and [85.5].

[85.2] one or more sensors;
* %k Kk

[85.5] generating a circumstance representation, wherein the
generated circumstance representation represents a circumstance detected at least

in part by the one or more sensors;

Mot. to Amend [14] at Appx, 1

MTA Reply [27] at 6 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE
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Dr. Saber Supplemental DECIaration U.S. Patent  May30,2023  Sheet 4 of 40 US 11,663,474 B1

27. In my opiion, a POSA would have understood that the object (and

its properties) that 1s detected by the sensor(s) 1s an actual, real-world object in

the surroundings of the first device recited in [85.pre] that itself exists in the real

world. Ex. 1001, 56:1-3 (“FIGS. 4A-4B, illustrate an exemplary embodiment of
Objects 615 detected in Device's 98 surrounding, and resulting Collection of

Object Representations 525.7), FIGS. 4A (showing an object 615a that 1s a cat at

Object Processing Unit

" : . . 1 Collection of Object R tati
a distance of 6m from device 98), 4B (showing properties of the detected objects). o sS40 casch S350 15
' [ / ! / , [ i
Object Repr}gsentat:ﬁn Obgeét Repr’g(santatjﬁn Object féapmaﬁtauon / | /
Type!Distance Bearing | ... ?ypelbistanceEBearing .| fiType  |ldeniity ‘Dislznce Bearing | ..
Cat !ﬁm 5 . Treehm: E'i&‘;" .| F{Person .;a'qaxﬂgagam Bl
/ // [ f / [ / / / /
i / 7 / 7 / N i / i /
63¢aa §30ab 53030/ 630ba 630bb 830be {," 630ca 630ch 630ce §30cd /
625a 825k 625¢

FIG. 4B

MTA Reply [27] at 6 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Dr. Saber Supplemental Declaration

28. In contrast, the Opposition relies on disclosures showing a bounding
box in an image, the height and width of the box in pixels for the size of the
bounding box (not the object’s actual size), and first and second pixel coordinates
that define location of the box in the image (not the object’s actual coordinates).
Opp., 11-12 (citing Ex. 1023, 14:43-67, 15:1-20, FIGS. 9-10). Petitioner

annotated the bounding boxes as follows:

Ex. 2006 (Saber Supp. Decl.) at 9128

multiple object
representation data
structures

| Alabel applied to each of

the object representations

MTA Reply [27] at 6-7 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




MTA Reply [27] at 6-7

An object label may have one or more object label param-
eters that define the shape of the object label. The object label
parameters may be defined by one or more of the instructions
110, such as the vehicle detection algorithm 124. Moreover,
the object label parameters may vary depending on the sensor
type of the sensor that captured the image. For example,
where the shape of the object label 1s a bounding box, and the

sensor that captured the image is a one or more of the cameras,
the object label parameters may include a height parameter
that defines the height of the bounding box (e.g., in pixels), a
width parameter that defines the width of the bounding box
(e.g., in pixels), a first pixel coordinate that defines the lati-
tudinal placement of the bounding box (e.g., an X-coordi-
nate), and a second pixel coordinate that defines the longitu-
dinal placement of the bounding box (e.g., a Y-coordinate).

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




MTA Reply [27] at 7-8 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Limitations [85.13]-[85.14]: Grotmol-Zhu-Buibas Does Not Disclose or
Suggest Determining One or More Instruction Sets for a Second and Third
Device by Inputting the Specifically Claimed Multiple Object Representation
Data Structures into Input Neurons and Using a Correlation Between the
Input Neurons and Instruction Sets

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



[85.13] wherein the determuning the one or more instruction sets for

operating the second device includes: inEu‘rting the multiEle obl'ect 1‘eEresentati0n
data structures of the stream into the one or more inﬂu‘r neurons, and using a

correlation between the one or more input neurons and the one or more mstruction

e “determining ... instruction
sets for operating the
[second/third] device[s]”

sets for operating the second device: and

[85.14] determuning another one or more instruction sets for operating a e “in putting the mu Itiple object

representation data structures
... into ... input neurons”

third device at least by: inEuttinz the another multiﬂle ob]'ect reﬁresentation data
structures of the stream 1nto the one or more inﬂu‘r neurons. and using a correlation

between the one or more mput neurons and the another one or more mstruction

sets for operating the third device.

Mot. to Amend [14] at Appx, 2-3

MTA [14] at Appx, 2-3; MTA Reply [27] at 9-12 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Grotmol

In some implementations of on-line learning for robot
40 navigation, the input vector x may be configured by con-
catenating the RGB values of the pixels in a ‘ (e.g.,

obtained using video camera 166 in FIG. 1) and an addi-

tional 1-channel binary signal derived from the motor state.
The mandatory feature (e.g., the feature x1 described above

45 with respect to FIG. 14) may be selected to comprise the
1-dimensional binary motor state.

MTA Reply [27] at 9 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



G rOt m OI range (e.g., A1=64 to A2=196 for an 8-bit pixel value, 0 to

MTA Reply [27] at 9

and/or curvature 65
L ——

As used herein the term feature may refer to a represen-
tation of an object edge, determined by change in color,
luminance, brightness, transparency, texture, and/or curva-
ture. The object features may comprise, inter alia, individual
edges, intersections of edges (such as corners). orifices

In some implementations, the normalization may com-
ss prise shifting and/or scaling input features to a given value

1 range, and/or other range). In one or more implementa-
tions, the normalization may be configured based on deter-
mining an on-line estimate of the mean and standard devia-
tion of feature values to obtain z-score for individual feature
(pixel). In one such implementation, for a given pixel (e.g..
pixel at location (i1.i2)) a pair of values may be stored in
history memory: one for the pixel mean and another for the
pixel standard deviation. In some implementations, one or
more parameters related to history of the input (e.g., pixel
statistics) may be computed over a given interval, and/or the
total duration of training. In one or more implementations,

the learnings process may be configured to enable a user to
reset contents of the parameter (e.g., pixel statistics).

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE

In some implementations, data for one or more inputs may
be scaled by a parameter NF, where NF is configured based

on the overall number of features of a given feature types :

(1.e., the number of pixels in a subset t). In some implemen-
tations, the scaling parameter may be selected from the
range between VNF and 10xNF.

In some implementations, feature scaling operation may
comprise determining an average distance measure for a
plurality of input feature instances (e.g., distance between
2-100 images for images acquired at 25 {ps) and scaling the
input in accordance with the average distance measure,
Various scaling implementations may be employed, e.g.,
scaling the less redundant input, scaling the highly redun-
dant input, and or combination thereof. The scaling opera-
tion may enable reducing disparity between contributions to
the distance determination from a highly redundant input
(e.g., video and/or other input) and less redundant input
(e.g., audio, touch sensor, binary, and/or other input).

The feature scaling may be configured based on an
observed and/or an expected characteristic or characteristics
of a feature that may be salient to the action. By way of an
illustration of an implementation of vision based robotic
navigation. size of a target, e.g., number of pixels and/or
cumulative pixel value corresponding to a ball 174 in FIG.
1, may be used to scale pixel values within a visnal frame
such that pixels of the target associated with the rescaled
input may contribute comparably to the distance determi-
nation as a binary input feature (e.g., indicative of wheel
rotation (or not). proximity sensor output (ON, OFF), bat-
tery level below threshold, and/or other binary input). In
some implementations, the scaling configured based on
observed and/or expected characteristic of a feature may be
referred to as input equalization.




Dr. Saber

Supplemental
Declaration

MTA Reply [27] at 9

Thus, image pixels
or image features are used to provide mputs to Grotmol’s neural network.
Grotmol does not disclose the claimed object representation data structures of
[85.11]-[85.12] being inputted into mput neurons. Opp., 14-15. For the claimed
mputting of the object representation data structures into input neuron(s), the
Opposition does not cite to Zhu or point to anything m Zhu, and does not even
mention or cite Zhu for [85.13]-[85.14]. Id., 14-16. Nevertheless, Zhu does not
disclose or suggest inputting the claimed object representation data structures into

input neurons. Thusf the cited references (Grotmol and Zhu) actually

discloses the claimed inputting of the specific claimed object representation data
L]

structures (recited in limitations [85.11]-[85.12]) into input neuron(s).

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




MTA Reply [27] at 10

MTA Opposition

In the combination, 1t would have beeto a POSITA to input (1) the

multiple object representation data structures for the objects detected at the first time
(supra, [85.11]) mto the input neurons of the neural network for the benefit of
obtaining a first control output conditioned on the first input and (11) the another
object representation data structures for the objects detected at the second time

(supra, [85.12]) mto the input neurons of the neural network for the benefit of

obtaining a second control output conditioned on the second nput.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




MTA Reply [27] at 10

Second, in Perfect Web, the only case
Appellees identifies in which common

sense was invoked to supply a limitation
that was admittedly @ from the
prior art, the limitatio question was

unusually simple and the technology par-
ticularly straightforward.

[7] Third, our cases repeatedly warn
that references to “common sense’—
whether to supply a motivation to combine
or a missing limitation—cannot be used as
a wholesale substitute for reasoned analy-
sis and evidentiary support, especially
when dealing with a limitation missing
from the prior art references specified.

Arendi S.A.R.L. v. Apple Inc., 832 F.3d 1355, 1361 (Fed. Cir. 2016)

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Dr. Saber

Supplemental
Declaration

MTA Reply [27] at 11

34. In my opinion, it would have been complex. and certainly not

unusually simple or straightforward. to replace one type of mput (Grotmol’s
I

imaEes or imaEe fea‘rures! mto a neural network with another type of mput (the

object representation data structures of [85.11]-[85.12]) due to th
________________________________________________________________________________________|

associated with a completely different structure of the neural network to
accommodate completely different inputs, training with a different type ot mputs.
and the significant iterative nature of the training process that typically utilizes
backpropagation type algorithms that are often combined with regularization
techniques to appropriately train the network. This 1s so because, generally
speaking during retraining, proper weights for correlations/connections are
calculated/adjusted through the backpropagation process (see Ex. 1001, 108:64-

67) for specific instruction sets associated with specific same mputs 1in each

traming set.

DEMONSTRATIVE EXHIBIT — NOT EVIDENCE



Dr. Saber Supplemental
Declaration

474 Specification

Such back-
propagations can then be used to adjust occurrence counts
and/or weights of Connections 853 for better future predic-
tions, for example.

Ex. 1001 (‘474 pat.) at 108:64-67

Backpropagation. generally speaking. typically involves an iterative
process of training a neural network where a training input is provided to a given
network and the corresponding calculated output 1s computed via feed forward
operations through the network. The error between the calculated and expected
output is then backpropagated throughout the network using algorithms such as
gradient descent in order to properly update the weights throughout the layers.
This process is repeated multiple times with various inputs using an appropriately
chosen training dataset and proper regularization techniques (to ensure that the
weights do not diverge and cause the overall network to become unstable) until
convergence 1s achieved. The optimized network 1s then tested with
hyperparameters (e.g.. learning rates, line search. batch selection. etc.) potentially
further optimized using a validation dataset and then further tested using a test

dataset to measure/quantify its performance.

MTA Reply [27] at 11 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE




Dr. Saber’s Supplemental Declaration

Petitioner's proposed modification of

Grotmol’s system would have resulted in an inoperable system.

%k %k k

Grotmol’'s 1mage-based neural network can only accept pixels of an 1mage or

potentially simple image features (such as normalization via feature shifting or

scaling) to produce any meaningful results

%k %k k

undue complexities i training given the enormous number of

weights that would need to be handled and often yield erroneous, meaningless.

and/or unstable results.

Introducing different style of mputs (e.g.. object
representations mnstead of pixels) into a neural network that 1s already tramned for

a specific task would potentially require a complete re-design of 1ts lavers.

structure. redefimition of appropnate loss functions to quantify the differences
between desired and actual outcomes. selection of a properly diversified traming

dataset and many more followed by a complete retraimng

%k k

36. It would not have been predictable to just replace one type of mnput

with a different type of input as Petitioner and Dr. Janet assert.

MTA Reply [27] at 12 DEMONSTRATIVE EXHIBIT — NOT EVIDENCE
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