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I. SPECIFICATION FULLY SUPPORTS ALL PROPOSED SUBSTITUTE CLAIMS 

A. Specification Supports Image-by-Image Selection of a Neural Network (NN) 

SC 37 requires selecting an NN for processing a current image, based on a 

confidence level obtained from processing the immediately preceding image. The 

specification teaches that this trade off occurs on a per frame (i.e., image) basis. 

EX2019, ¶109 (“negative relation between robustness” and “cost and/or latency of 

the algorithm per spacio-temporal frame”). The NNs are selected to “achieve[] high 

combined frame rate with higher quality.” Id. “The “processing schemes [NNs] 

produce a prediction of objects within the video frame, as well as a confidence 

number.” Id. ¶141. This informs that in each frame / image, a target is detected and 

a corresponding confidence number is used to select the best NN for the next frame 

/ image to be processed. Several NNs disclosed in the specification use an image as 

the input. The “groups,” see Opp. at 1, are groups of NNs, not of frames/images. 

EX2019, ¶¶145-152. The NN selection does not depend on the NN used for the 

immediately preceding frame; it is based on the confidence level, as indicated by the 

“otherwise” limitations of [37.e3], [37.e4]. EX2036, § VII.A.1; see id. §§ V, VI. 

B. Specification Supports Thresholds and Ranges and their Use in NN Selection 

Per the specification, “a set of processing schemes … are examined from group 

to group, and the process cycles through the processing schemes” where “if the 

confidence number is higher than an activation number … stop or change a running 

group (i) and select or switch to group (ii).” “If the confidence is below low 
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threshold, falls outside of a range, … group (i) processing is performed. If the 

confidence is determined to be high, then group (iii) algorithms can be applied.” 

EX2019, ¶¶146-147. Group (i) contains high robustness/cost, low refresh rate NNs; 

Groups (i) and (iii) contain medium/low robustness/cost, high refresh rate NNs. An 

NN is selected from the group chosen based on the confidence. Id. ¶¶146 (“select a 

cheaper processing scheme from the group [] (ii)”), 150-152 (listing NNs for 

different groups). Thus, “Low threshold”/“activation number” are the first/second 

thresholds, respectively, defining a range. Id. ¶¶146-47; see id. ¶¶112-113 (“[i]n 

response to the performance score of the active processing scheme failing to satisfy 

a threshold, the method selects another processing scheme” where “the threshold 

can be based on available computing resources associated with the mobile capture 

device”). Thus, the range can be a point range, i.e., a single threshold. Switching to 

Group (ii) and selecting an NN therefrom when the confidence is “higher than an 

activation number” (second threshold) or  applying a Group (iii) algorithm (second 

NN) when the confidence is high, teaches [37.e3] and [37.e4]. Thus the specification 

supports SC 37. EX2036, § VII.A.2-3. 

C. Specification Supports Identifying Model Type Based on Target Classification 

SC 21 recites “identify a classification,” and SC 24 recites “identifying a model 

type based on the classification.” But these are not necessarily two separate 

sequential steps – they are two different kinds of classifications: a coarse-grained 
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one where the target is classified as “a UAV” or “not a UAV,” EX2019 ¶50, and a 

fine-grained one determining the “type, model, class, manufacturer, size, etc.” 

EX2019 ¶94; EX2036 § VII.B.1; Paper 30 at 6-7. 

D. Specification Supports Two Speed Adjustment Factors for SCs 21, 25 

[21.d] and SC 25 recite “first” and “second” “speed adjustment factor[s]” (SAFs), 

respectively. The first SAF ([21.d]) is based on a magnitude of deviation and the 

second SAF (SC 25) is based on a distance. SC 25 thus does not require two SAFs 

that are both based on distances. For SC 21, the specification states: “[m]odifying 

the speed and/or acceleration associated with [a] vector includes adjusting a factor 

used to control the speed “based on an amount of directional change”; the “speed … 

factor is multiplied by one or more scalar values that change in magnitude based on 

a directional deviation.” EX2019 ¶99. For SC 25, the SAF in the vector is defined 

“using a distance and/or speed value,” where “the distance value determined [based 

on image analysis] is mapped to a desired speed of travel to reach the target.” Id. 

¶97. The SAF can be modified and redefined at different times such that the first 

factor is provided at one time and the second factor at another. See EX2019 ¶¶91, 

97; EX2036, § VII.B.2. Thus, the specification supports SCs 21, 24, 25. 

II. SCS 21-37 ARE ENABLED 

Regarding the SAF, Petitioners’ arguments are inconsistent. They argue undue 

experimentation is needed to set them, but then Dr. Singhose says they are simply 
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going faster/slower depending on whether turning/flying straight. EX1039, ¶90. 

Petitioners allege “[n]o formula” is provided but then criticize the formula, saying 

actual values for the constants of the formula are not provided. Opp. at 3-4. A “speed 

adjustment factor” is simply a vector element value used to control, i.e., adjust speed. 

EX2019, ¶99 (“[m]odifying the speed … associated with the vector includes 

adjusting a factor used to control the speed … of the interceptor aerial vehicle”); see 

EX2036 § VII.B.2.a. The meaning of robustness in the NN context is the same as 

its ordinary meaning – strength/effectiveness in adverse conditions, e.g., noise. A 

POSITA would have known that robustness can be determined in terms of failure 

rate or frequency. See e.g. EX2043 at 7; EX2044 at 9; EX2034, Abstract. 

Compute cost is simply the cost of computations, which can be expressed as the 

number of computations, computation time, etc. The ’711 patent clearly and 

consistently associates high cost with high robustness/low refresh rate, and low cost 

with low robustness/high refresh rate. EX2019 ¶¶145, 146, 150. Dr. Singhose agrees. 

EX2033 at 37:6-16. A POSITA would have known that refresh rate is the rate at 

which new images/frames of a video can be analyzed. EX2045 at 5; EX2046 at 2, 

Figure 2, 8. A POSITA would also have known that a low refresh rate means more 

compute time per image, i.e., high cost. See EX2019 ¶¶145, 146, 150. Thus, for all 

terms that Petitioners identified, a POSITA would have known their meanings and 

how to determine them, because those terms were well-established in the art, In re 
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Wands, 858 F.2d 737. The ’711 patent additionally describes how those terms were 

used, so that a POSITA would know how to determine these quantities. 

For SAF, In re Wands Factors 2 and 3 are favorable. An SAF can be adjusted 

using a scalar relating to “a directional deviation” per a “bell curve” or a linear curve. 

EX2019, ¶99. Equations 7, 8, which a POSITA would have readily recognized as 

sigmoid functions, describe how “speedfactors can be computed.” Id. FIG. 10. 

Specific curves and equation constant values are not provided because they would 

not help a POSITA. The choice of a curve/equation constants would depend on the 

attributes (e.g., size, weight, top-speed) of a UAV using them, rendering them 

production details. For robustness, compute cost, and refresh rate (“NN 

Parameters”), the ’711 patent provides specific, representative NNs associated with 

high/low robustness, high/low cost, and high/low refresh rate, as well as specific 

image sizes, and scenarios for speed adjustment. See EX2019 ¶¶97, 99, 150-152. 

Also, the ’711 patent consistently states that high robustness equates to high cost and 

low refresh rate. Dr. Singhose agrees. EX2033 at 37:6-16. Hence, knowledge of only 

the cost or refresh rate enables NN selection. 

For the low and high thresholds used in NN selection (“Thresholds”) the 

provided guidance is adequate because: (i) those thresholds are akin to several 

everyday examples including heating and cooling limits on a thermostat, and (ii) 

example actual threshold values would be unhelpful because they are production 
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details for which knowledge of the UAV, and its environment’s attributes are highly 

beneficial, if not essential. Wands Factor 1 for  SAF is not high, as discussed for 

Factors 2-3. The selection of SAFs is related to the conventional mechanics of UAV 

flight and not to using ML/NN on-board a UAV for image analysis, meaning any 

necessary experimentation was routine. For NN Parameters, SCs 36 and 37 are 

directed to scheduling high and low cost (refresh rate) NNs that are chosen from 

known NNs whose NN Parameters were widely published. EX2047 at 7; EX2048 at 

9; EX2042, Abstract; EX2049 at 5; EX2050 at 2, Figure 2, at 8. Therefore, the 

experimentation necessary to determine the NN parameters was also routine. Hence, 

a high quantity of experimentation may be tolerated for SAF and NN Parameters. 

For Thresholds, Factor 1 is minimal because NNs report their confidence levels 

upon execution, which informs threshold selection. Selection of the best threshold(s) 

is a production-level optimization. 

Factor 4 is complex, but the selection of the SAFs is related to conventional 

mechanics of UAV flight. For NN Parameters, the disclosed specific examples of 

NNs and explicit guidance about relative NN parameters mitigates the need for 

experimentation. For Thresholds, undue experimentation is unnecessary as 

discussed for Factor 1. Factors 5 and 7 are favorable for SAFs; cited prior art 

teaches the use of SAFs. EX1009, 3:25-30; EX1025, ¶17. Likewise, NN Parameters 

for different types of NNs were known and published. EX1036 at 48; EX2054 at 7-
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8; EX2047 at 7. Factor 6, “the relative skill of those in the art,” is high, which 

suggests only a reasonable amount of required experimentation. Factor 8, “the 

breadth of the claims,” overall is narrow: SCs 21, 36, and 37 require ML-NNs having 

particular functionalities and relative characteristics. EX2036, § VIII.A. 

III. SCS 21-37 ARE NOT INDEFINITE 

A. SAF and NN Parameter Terms of SCs 21, 36, and 37 Are Clear 

The meaning of SAF, a vector element value used to adjust speed, would have 

been clear to a POSITA. EX2036 § VII.B.2. The meanings of the NN Parameters 

would have also been clear; these terms were well understood and the specification 

uses them in the same way as in the literature. Additional guidance and examples in 

the specification explain the use and meaning of these terms. EX2036 § VIII.A.2. 

Petitioners’ allegation, of “no way of comparing” NN Parameters without knowing 

how they are measured,” Opp. at 9, is a § 112(1) argument, not a § 112(2) issue. 

A POSITA would have known how to measure NN Parameters. Supra II. For 

example, the specification teaches that the NN cost Parameter can be estimated 

based on the number of visual features in a frame. EX2019, ¶142. Because the cost 

is directly proportional to robustness and inversely to refresh rate, EX2019 ¶¶145-

150; EX2033 at 37:6-16, the cost estimates of NNs based on visual features would 

have informed a POSITA of their relative NN Parameter values. Additionally, the 

specification groups NNs by the NN Parameters and also identifies NNs belonging 
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to each respective group. EX2019, ¶¶145-153. Thus, even without knowing the 

actual values of NN Parameters, a POSITA would know how two NNs are related 

with respect to NN Parameters such as cost for at least some NNs. Thus, these terms 

are clear and do not render the SCs indefinite. EX2036, § VIII.B.1 

B. SC 37 Limitations Are Clear 

Contrary to Petitioners’ claim, SC 37 does not require an NN to be applied to a 

current frame in order to obtain a confidence level for use in selecting an NN for the 

current frame. See Opp. at 9-10. The “confidence level for a detection” in the current 

image is not a confidence level based on/derived from a detection in the current 

image. Rather, the confidence level obtained from the detection in the immediately 

preceding image is used to select an NN for application to the current image. See 

supra § I.A; EX2036 § VII.A.1. As such SC 37 does not have a circular dependence. 

The specification fully describes image-by-image processing. Supra § I.A. 

The different refresh rates of the two NNs also do not create ambiguity. In fact, 

combining such different rates is an important goal of SC 37: “combining multiple 

algorithms in a way that achieves high combined frame rate with higher quality 

prediction.” EX2019, ¶109. Associating different refresh rates with two NNs is not 

ambiguous because SC 37 recites applying “only one of the first and the second 

neural networks” to an image. Thus, for each image in a sequence, the two NNs are 

applied in a mutually exclusive manner so that there is only a single immediately 
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preceding image for a current image. The selection of an NN for a given image does 

not depend on the refresh rate of the NN applied to the immediately preceding image. 

Thus, the different refresh rates of the first and second NNs that SC 37 recites do not 

render the claim ambiguous, unclear, or inoperative. EX2036, § VIII.B.2 

IV. SCS 21-361 ARE PATENTABLE OVER ALL CITED COMBINATIONS 

A. In all of Petitioners’ Grounds, Pierce’s Processor is Not On-board a Drone 

Petitioners allege Pierce’s “FIG. 6 illustrates one example of a drone system 600” 

that includes the object tracking module 615 which includes an NN; and that in 

“various embodiments, drone system 600 may be drone 102.” EX1005 ¶42. But 

Pierce never discloses any embodiments in which system 600 is both a drone and 

includes the module 615. Pierce also states: “in other embodiments, various elements 

of drone system 600 may correspond to separate components, including drone 102, 

a server;” and that the “object tracking module 615” may “process a neural network 

detection system” – a “neural network system 500” that “operates as a streaming 

server.” Id. ¶¶38, 42, 45. Thus, a POSITA would have understood the module 615 

as the neural network system 500, which is on a separate server, and not on-board 

the drone. See EX2036 §§ V, VI, VIII.C-J. 

B. Pierce/Beard Cannot Be Straightforwardly Modified to Implement NNs 

A POSITA would not implement an NN on Beard’s or Pierce’s processors. Beard 

 
1 No prior art grounds are asserted against SC 37. 
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and Pierce do not disclose any processors suitable for NN execution (GPUs, multi-

core, etc.). Before 2017 and even later, it was well understood that implementing an 

NN on non-GPU processors, including any generic processor, let alone Beard’s 

conventional image processor (e.g., a digital signal processor (DSP)), requires a 

three-step reconfiguration: (i) providing SIMD extensions; (ii) selecting a suitable 

framework from a choice of at least 6; and (iii) translating/tuning NN parameters for 

the selected framework by creating custom scripts / deriving math. This was reported 

as “really [] complex,” yielding “terrible” results, and requiring “a bit of math.” 

Hence, a POSITA would have known that implementing an NN on a generic 

processor was far from using known methods. To the contrary, a POSITA would have 

known this to be a significant challenge, and would not have implemented any NN 

on Pierce’s or Beard’s on-board processor. EX2036 §§ VIII.E.1, F.1, H.1. 

C. A POSITA Would Not Have Made Any of the Proposed Combinations 

All combinations require implementing at least one NN on Beard’s or Pierce’s 

processors, which involves the aforementioned three-step reconfiguration well 

outside a POSITA’s scope. Supra § IV.B. All combinations also render Beard/Pierce 

inoperable for their intended real-time operation purposes. Executing NNs used for 

image analysis on a generic processor as opposed to on GPUs was known not to 

achieve real-time performance. See EX2045 at 1-2; EX2051 at 1-2; EX2052 at 3; 

EX2044 at 6-7. BLPKK, PKKB additionally result in duplicative computations 



PO Reply to Opposition IPR2025-00629 

11 

because Khan requires feature2 generation using a conventional HoG algorithm, but 

an NN from Laufer, Pierce, Kumar automatically extracts its own features that are 

not HoG features and are not usable by Khan, resulting in duplicative feature 

extraction. Therefore, a POSITA would not make any of Petitioners’ combinations. 

Petitioner alleges for BLPN that Ning’s YOLO and LSTM are the first and second 

NNs, respectively. But the cost of YOLO is less than LSTM’s, so BLPN does not 

teach two NNs having the required cost relation of SC 36. EX2036 §§ VIII.[C-F].1. 

D. The combinations fail to show all limitations of SCs 21 and 36 

Pierce’s processor is not on-board a drone, and Beard’s/Pierce’s processors 

cannot be readily modified to implement an NN, per SCs 21,3 36. Supra §§ IV.A-

IV.B. For SC 21, the combinations do not teach/suggest an ML model “to identify a 

bounding box outlining … detected features,” because Beard is silent on ML model 

and Laufer/Pierce/Kumar are silent on detected features. In fact, Khan’s bounding in 

FIG. 7 is provided by a human document illustrator, and not an ML system. Even for 

feature identification, Khan uses the HoG signal processing algorithm and not any 

ML system. An ML system is a customized, trained system, and cannot be 

straightforwardly adapted to provide new functionality, e.g., supplying HoG 

 
2 This is an image feature used by ML-NN – not a feature of a target. 
3 SC 21 recites an ML mode to determine a bounding box; the only ML model that 

Laufer/Pierce/Kumar disclose is an NN. 
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features. Accordingly, the combinations do not teach/suggest the above limitation. 

For SC 36, the combinations do not teach/suggest two NNs having the cost 

relationship recited in claim element [36.d]. Ning’s LSTM (or any LSTM) cannot 

meaningfully process an image without the convolutional layers of an NN, e.g., 

Ning’s YOLO. EX1034, 10:34-37, 12:66-13:2, FIG. 8; EX2105 at 3, 8; EX2104 at 

3. Therefore, Ning’s LSTM is inextricably coupled to Ning’s YOLO, and cannot 

commence its processing of a frame until the YOLO first processes the frame and 

provides the required inputs to the LSTM. Ning’s YOLO also depends on the 

LSTM’s output, forming a dependence loop for processing a single image, EX1034, 

and hence, the YOLO and LSTN may not even be considered two separate NNs.  

Moreover, the per-image cost (latency) of Ning’s LSTM includes the cost incurred 

by the YOLO in prior processing the image. This makes YOLO’s cost less than 

LSTM’s, and not “greater” as [36.d] recites.  EX2054 at 7; EX1036 at 48.  

SC 36 also recites “incrementally predicting the location of the target in the image 

using a second neural network.” The second NN thus processes image frames. 

EX2019 ¶110 (a “background tracker may incrementally predict the location of a 

target in the frame with low compute cost”). In contrast, Ning’s LSTM (alleged 

second NN) does not process images/frames, and instead, receives inputs only from 

the preceding YOLO. Accordingly, the combinations do not teach or suggest the 

above-identified limitation. EX2036 §§ VIII.[C-F].2; see id. §§ VIII.C-J, IX. 
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