UNITED STATES PATENT AND TRADEMARK OFFICE

BEFORE THE PATENT TRIAL AND APPEAL BOARD

GOOGLE LLC,
Petitioner,

V.

BUFFALO PATENTS, LLC,
Patent Owner.

Case No. IPR2023-01387
U.S. Patent No. 8,204,737

Declaration of Shauna L. Wiest Regarding Manke

Page 1 of 48 GOOGLE EXHIBIT 1024



Declaration of Shauna L. Wiest
I, Shauna L. Wiest, state and declare as follows:

I. Introduction

1. I have prepared this Declaration in connection with Google
LLC’s (“Petitioner”) Petition for Inter Partes Review of U.S. Patent No.
8,204,737, which I understand will be filed concurrently with this Declaration.

2. I am currently a senior research analyst with the Research &
Information Services team at Finnegan, Henderson, Farabow, Garrett &
Dunner, LLP, located at 3300 Hillview Avenue, Palo Alto, CA 94304
(“Finnegan™).

3. I am over eighteen years of age, and I am competent to make this
Declaration. I make this Declaration based on my own personal knowledge,
and my professional knowledge of library science practices.

4. I earned a Master of Science in Library Science degree from the
University of North Carolina at Chapel Hill in 1999, and a Bachelor of Arts in
Political Science degree from the University of California at San Diego in
1989. I have worked as a law librarian for eighteen years. I have been
employed in the Research & Information Services Department at Finnegan
since 2021. Before that, from 2000-2015, I was employed as a Law Librarian
at Stoel Rives LLP, and from 2015-2016, I was employed as a Competitive

Intelligence Specialist for Nossaman LLP.
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Declaration of Shauna L. Wiest

II. Standard Library Practice for Receiving, Cataloging, Shelving, and
Making Materials Publicly Available

5. I have knowledge of and experience with standard library practices
regarding receiving, cataloging, shelving, and making materials, including
conference publications, available to the public. I am fully familiar with and have
knowledge of and experience with the Machine-Readable Cataloging (MARC)
system, an industry-wide standard that libraries use to catalog materials.

6. The MARC system was developed during the 1960s to standardize
bibliographic catalog records so they could be read by computers and shared
among libraries. By the mid-1970s, MARC had become the international standard
for cataloging bibliographic materials and is still used today. Many libraries
provide public access to their MARC records via the Internet and/or their
electronic cataloging systems at the library. As discussed further in this
Declaration, each field in a MARC record provides specific information about the
cataloged item, including when materials are received and made available to the
public.

III. MARC Records

7. The MARC record system uses a specific three-digit numeric code
(“field tag”) (from 001-999) to identify each field in a catalog record. For example,
MARC field tag 008 provides the six-digit date the item was received and

catalogued (Date entered on file). The first six characters of field tag 008 are
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Declaration of Shauna L. Wiest
always in the “YYMMDD” format. Descriptions and definitions of all of the
character positions of field tag 008 are outlined here:
https://www.loc.gov/marc/bibliographic/bd008a.html.

8. As is relevant to this Declaration, MARC field tag 050 provides the
Library of Congress Call Number. MARC field tag 245 identifies the title and
statement of responsibility for the work. MARC field tag 260 identifies the place of
publication, name of publisher, and publication date of the resource. MARC field
tag 500 provides general notes including language, resource type, and local
holdings information for the desired resource.

0. Based on standard library practice, when a library receives an item, it
generally stamps (and/or labels) the item with the library name, barcode, often with
a date that is within a few days or weeks of receipt. Next, the library will catalog
the item within a matter of a few days or weeks of receiving it. As a general
practice, cataloguing is centralized and performed by a cataloguing department
within a library or university setting. In certain circumstances the catalogued item
may be subsequently sent to a library location within the library or university
setting where it may be stamped and/or labeled after it has been catalogued.

10. Generally, after an item is cataloged, the public may access the item
by searching a library catalog, browsing the library shelves, and either requesting
or electronically accessing the item from the library. Standard library practice is to

make the item available to the public within a few days or weeks of cataloging it.
4
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Declaration of Shauna L. Wiest

IV. Public Availability of Manke

11. This Declaration relates to the dates of receipt and public
availability of the following reference: S. Manke, M. Finke, Alex Waibel, “The
Use of Dynamic Writing Information in a Connectionist On-Line Cursive
Handwriting Recognition System” (“Manke”) in Advances in Neural
Information Processing Systems 7, Proceedings of the 1994 Conference, G.
Tesauro, D. Touretzky, and T. Leen (eds.), The MIT Press, 1995 (“MIT
Publication”). I understand that Manke has been submitted as Exhibit 1015 in
this proceeding. That same reference is appended to my Declaration as
Appendix A.

12.  As detailed below, I have reviewed the print reference, public
holdings information, and Library of Congress MARC record for the MIT
Publication containing Manke to determine the date of public availability of
this reference.

13.  Appendix A to this Declaration is a true and accurate copy of the
print book cover, title pages, table of contents, date stamp, and handwritten call
number for the copy of the MIT Publication containing Manke initially held by the
University of Wisconsin at Madison, Kurt F. Wendt Library. The handwritten call
number is QA76.87 A38 and the ISSN is 1049-5258. The date stamp on the copy
of the MIT Publication containing Manke indicates that Manke was received by the

University of Wisconsin at Madison on August 17, 1995.
5
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Declaration of Shauna L. Wiest

14.  The University of Wisconsin at Madison indicated that “[i]n 2018,
the Wendt Library for Engineering relocated all its collections and staff to
Steenbock Library” at the following webpage:
https://www library.wisc.edu/steenbock/about-steenbock/library-history/.

15.  Appendix B to this Declaration is a true and accurate copy of the
University of Wisconsin at Madison Library public catalog record for its copy
of the MIT Publication containing Manke, which was downloaded from
https://search.library.wisc.edu/catalog/999723890002121 on September 6,
2023. The University of Wisconsin at Madison Library public catalog record sets
forth the public holdings and onsite location information for members of the public
seeking a physical copy of the MIT Publication containing Manke. The public
catalog record indicates that the copy of the MIT Publication containing Manke is
located in the Steenbock Library stacks at Call Number QA76.87 A38.
Additionally, the public catalog record states that the Steenbock Library holds v.1
(1988) through v.25 (2012) of the MIT Publication, which includes volume 7
containing Manke. The record also identifies the ISSN as 1049-5258. Based on my
experience as a librarian, the public catalog record (Appendix B) references the
MIT Publication containing Manke (Appendix A).

16.  Appendix C to this Declaration is a true and accurate copy of the
University of Wisconsin at Madison Library MARC record for its holdings of

the MIT Publication containing Manke, which was downloaded from the
6
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Declaration of Shauna L. Wiest
“Library Staff Details — Staff View” link at
https://search.library.wisc.edu/catalog/999723890002121 on September 5,
2023. This record also indicates that the copy of the MIT Publication containing
Manke is located in the Steenbock Library stacks at Call Number QA76.87 A38.
The University of Wisconsin MARC record field tag 050 notes the Call Number
as QA76.87 A38. MARC field tag 245 identifies the full title statement for the
work as: $a Advances in neural information processing systems. MARC field
tag 260 sets forth the places of publication, publishers, and publication dates
for “Advances in Neural Information Processing Systems” as:
e 260 $31989-1994 ;$aSan Mateo, CA :$bMorgan
Kaufmann Publishers,$cc1989-
e 260 2  $31995-2006 ;$aCambridge, Mass :$bMIT
Press.
e 260 3 $32007- ;$a[Place of publication not identified]
:$bNeural Information Processing Systems Foundation.
Finally, MARC field tag 500 sets forth the local holdings and volume
information for the collected papers comprising volumes 1-7 of the MIT
Publication held by the University of Wisconsin at Madison Library as “Vols.
1-2 contain the collected papers of the 1988-1989 IEEE Conference on

Neural Information Processing Systems--Natural and Synthetic, v. 3-6, has
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Declaration of Shauna L. Wiest
the papers of the 1990-1993 NIPS Conference; v. 7- has the papers of the
1994- Conference on Neural Information Processing Systems.”

17.  Appendix C confirms the fixed data elements of MARC field tag
008 as 890619¢19899999mauarlalengc. As discussed above, the first six
characters “890619” are in typical “YYMMDD” format and indicate that the
resource “Advances in Neural Information Processing Systems,” was first
received and catalogued by the University of Wisconsin at Madison Library on
June 19, 1989, and is a continuing resource currently published. Based on my
experience as a librarian, the MARC record (Appendix C) references the MIT
Publication containing Manke (Appendix A).

18.  Based on the information in Appendices A, B, and C, the MIT
Publication containing Manke was received by the University of Wisconsin at
Madison Library on August 17, 1995. Based on standard library practices, Manke
would have been processed and catalogued by the University of Wisconsin at
Madison Library within a matter of a few days or weeks of August 17, 1995.

19.  Accordingly, Manke would have been made available to the public
within a few days or weeks of being checked-in and catalogued. The public could
have accessed Manke after a few weeks of August 17, 1995 by (i) searching the
University of Wisconsin at Madison Library catalog online by, for example,

searching by title, author, and/or subject keywords, or (ii) by asking a library staff
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Declaration of Shauna L. Wiest
member and being directed to the Kurt F. Wendt Library or the Steenbock Library
stacks at Call Number QA76.87 A38.

V.  Conclusion

20.  In signing this Declaration, I understand it will be filed as
evidence in a contested case before the Patent Trial and Appeal Board of the
United States Patent and Trademark Office. I understand I may be subject to
cross-examination in this case and that cross-examination will take place
within the United States. If cross-examination is required of me, I will appear
for cross-examination within the United States during the time allotted for
cross-examination.

21. I declare that all statements made herein of my knowledge are true,
that all statements made on information and belief are believed to be true, and that
these statements were made with the knowledge that willful false statements and
the like so made are punishable by fine or imprisonment, or both, under Section

1001 of Title 18 of the United States Code.

Executed on September 12, 2023.

e

Shauna L. Wiest
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The Use of Dynamic Writing Information
in a Connectionist On-Line Cursive
Handwriting Recognition System
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Abstract

In this paper we present NPen't, a connectionist system for

writer independent, large vocabulary on-line cursive handwriting
recognition. This system combines a robust input representation,
which preserves the dynamic writing information, with a neural
network architecture, a so called Multi-State Time Delay Neural
Network (MS-TDNN), which integrates recognition and segmen-
tation in a single framework. Our preprocessing transforms the
original coordinate sequence into a (still temporal) sequence of fea-
ture vectors, which combine strictly local features, like curvature
or writing direction, with a bitmap-like representation of the co-
ordinate’s proximity. The MS-TDNN architecture is well suited
for handling temporal sequences as provided by this input rep-
resentation. Our system is tested both on writer dependent and
writer independent tasks with vocabulary sizes ranging from 400
up to 20,000 words. For example, on a 20,000 word vocabulary we
achieve word recognition rates up to 88.9% (writer dependent) and
84.1% (writer independent) without using any language models.
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1 INTRODUCTION

Several preprocessing and recognition approaches for on-line handwriting recog-
nition have been developed during the past years. The main advantage of on-line
handwriting recognition in comparison to optical character recognition (OCR) is the
temporal information of handwriting, which can be recorded and used for recogni-
tion. In general this dynamic writing information (i.e. the time-ordered sequence of
coordinates) is not available in OCR, where input consists of scanned text. In this
paper we present the NPen*™ system, which is designed to preserve the dynamic
writing information as long as possible in the preprocessing and recognition process.

During preprocessing a temporal sequence of N-dimensional feature vectors is com-
puted from the original coordinate sequence, which is recorded on the digitizer.
These feature vectors combine strictly local features, like curvature and writing di-
rection (4], with so-called context bitmaps, which are bitmap-like representations of
a coordinate’s proximity.

The recognition component of NPen*™ is well suited for handling temporal se-
quences of patterns, as provided by this kind of input representation. The rec-
ognizer, a so-called Multi-State Time Delay Neural Network (MS-TDNN), inte-
grates recognition and segmentation of words into a single network architecture.
The MS-TDNN, which was originally proposed for continuous speech recognition
tasks [6, 7], combines shift-invariant, high accuracy pattern recognition capabilities
of a TDNN [8, 4] with a non-linear alignment procedure for aligning strokes into
character sequences.

Our system is applied both to different writer dependent and writer independent,
large vocabulary handwriting recognition tasks with vocabulary sizes up to 20,000
words. Writer independent word recognition rates range from 92.9% with a 400
word vocabulary to 84.1% with a 20,000 word vocabulary. For the writer dependent
system, word recognition rates for the same tasks range from 98.6% to 88.9% [1].

In the following section we give a description of our preprocessing performed on the
raw coordinate sequence, provided by the digitizer. In section 3 the architecture and
training of the recognizer is presented. A description of the experiments to evaluate
the system and the results we have achieved on different tasks can be found in
section 4. Conclusions and future work is described in section 5.

2 PREPROCESSING

The dynamic writing information, i.e. the temporal order of the data points, is
preserved throughout all preprocessing steps. The original coordinate sequence
{((£), 5(t))}1e{0.. 74} recorded on the digitizer is transformed into a new temporal

sequence &3 = @ ...y, where each frame z; consists of an N-dimensional real-
valued feature vector (fi(t),..., fn(t)) € [-1, 1]V.

Several normalization methods are applied to remove undesired variability from
the original coordinate sequence. To compensate for different sampling rates and
varying writing speeds the coordinates originally sampled to be equidistant in time
are resampled yielding a new sequence {(Z(t), #(t))}e 0.7} which is equidistant in
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Figure 1: Feature extraction for the normalized word “able”. The final input rep-
resentation is derived by calculating a 15-dimensional feature vector for each data
point, which consists of a context bitmap (a) and information about the curvature
and writing direction (b).

space. This resampled trajectory is smoothed using a moving average window in
order to remove sampling noise. In a final normalization step the goal is to find
a representation of the trajectory that is reasonably invariant against rotation and
scaling of the input. The idea is to determine the words’ baseline using an EM
approach similar to that described in [5] and rescale the word such that the center
region of the word is assigned to a fixed size.

From the normalized coordinate sequence {(z(t),y(t))}te{o..7) the temporal se-
quence &1 of N-dimensional feature vectors ®; = (fi(2),..., fn(2)) is computed
(Figure 1). Currently the system uses N = 15 features for each data point. The
first two features fi(1) = z(t) —z(t—1) and fo(t) = y(t) —b describe the relative X
movement and the Y position relative to the baseline b. The features f5(t) to fe(t)
are used to describe the curvature and writing direction in the trajectory (4] (Fig-
ure 1(b)). Since all these features are strictly local in the sense that they are local
both in time and in space they were shown to be inadequate for modeling temporal
long range context dependencies typically observed in pen trajectories [2]. There-
fore, nine additional features f7(t) to fi5(t) representing 3 x 3 bitmaps were included
in each feature vector (Figure 1(a)). These so-called context bitmaps are basically
low resolution, bitmap-like descriptions of the coordinate’s proximity, which were
originally described in [2].

Thus, the input representation as shown in Figure 1 combines strictly local features
like writing direction and curvature with the context bitmaps, which are still local
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in space but global in time. That means, each point of the trajectory is visible from
each other point of the trajectory in a small neighbourhood. By using these context
bitmaps in addition to the local features, important information about other parts
of the trajectory, which are in a limited neighbourhood of a coordinate, are encoded.

3 THE NPen** RECOGNIZER

The NPen™t recognizer integrates recognition and segmentation of words into
a single network architecture, the Multi-State Time Delay Neural Network (MS-
TDNN). The MS-TDNN, which was originally proposed for continuous speech
recognition tasks [6, 7], combines the high accuracy single character recognition
capabilities of a TDNN [8, 4] with a non-linear time alignment algorithm (dynamic
time warping) for finding stroke and character boundaries in isolated handwritten
words.

3.1 MODELING ASSUMPTIONS

Let W = {w1,...wk} be a vocabulary consisting of K words. Each of these words
w; 1s represented as a sequence of characters w; = €i, Ci, - .. ¢i, Where each character
¢j itself is modelled by a three state hidden markov model ¢; = 97¢}q}. The
idea of using three states per character is to model explicitly the initial, middle
and final section of the characters. Thus, w; is modelled by a sequence of states
Wi = igYi, - - - ¢js- In these word HMMs the self-loop probabilities p(gi;]q:;) and
the transition probabilities p(g:,[g:,_,) are both defined to be % while all other
transition probabilities are set to zero.

During recognition of an unknown sequence of feature vectors 2l =xq...@p we
have to find the word w; € W in the dictionary that maximizes the a-posteriori
probability p(w;|®], 8) given a fixed set of parameters 6 and the observed coordinate
sequence. That means, a written word will be recognized such that

W = argmax,, ey pluile], ).

In our Multi-State Time Delay Neural Network approach the problem of modeling
the word posterior probability p(w;|«, 8) is simplified by using Bayes’ rule which
expresses that probability as

p(x{ [wi, 0) P(w;]9)
p(={16)
Instead of approximating p(w;|=7, ) directly we define in the following section a

network that is supposed to model the likelihood of the feature vector sequence
p(=d |w;, 0).

p(wi|],0) =

3.2 THE MS-TDNN ARCHITECTURE
In Figure 2 the basic MS-TDNN architecture for handwriting recognition is shown.

The first three layers constitute a standard TDNN with sliding input windows in
each layer. In the current implementation of the system, a TDNN with 15 input
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Figure 2: The Multi-State TDNN architecture, consisting of a 3-layer TDNN to
estimate the a posteriori probabilities of the character states combined with word
units, whose scores are derived from the word models by a Viterbi approximation

of the likelihoods p(=] |w;).

units, 40 units in the hidden layer, and 78 state output units is used. There are 7
time delays both in the input and hidden layer.

The softmax normalized output of the states layer is interpreted as an estimate of
the probabilities of the states ¢; given the input window m:fﬁ = g ®i4q for

each time frame ¢, i.e.

ey (i)
plglzly) = S pexp(ne(t)) g

where 7);(t) represents the weighted sum of inputs to state unit j at time ¢. Based
on these estimates, the output of the word units is defined to be a Viterbi approx-
imation of the log likelihoods of the feature vector sequence given the word model
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w;, .e.
T
n;;g.x Z 105P($:i§|4h w;) + log p(gtge—1, wi)

0 =1

Q

log p(= |w:)

T
max Y _ logp(g:la{td) — logp(ge) +log p(gelge—1,wi).  (2)

fo =1

Q

Here, the maximum is over all possible sequences of states 48 =qo...q9r given a
word model, p(g:|!t4) refers to the output of the states layer as defined in (1) and
2(g¢) is the prior probability of observing a state g; estimated on the training data.

3.3 TRAINING OF THE RECOGNIZER

During training the goal is to determine a set of parameters 6 that will maximize
the posterior probability p(w|=?,8) for all training input sequences. But in order
to make that maximization computationally feasible even for a large vocabulary
system we had to simplify that maximum a posteriori approach to a maximum
likelihood training procedure that maximizes p(z] |w,6) for all words instead.

The first step of our maximum likelihood training is to bootstrap the recognizer
using a subset of approximately 2,000 words of the training set that were labeled
manually with the character boundaries to adjust the paths in the word layer cor-
rectly. After training on this hand-labeled data, the recognizer is used to label
another larger set of unlabeled training data. Each pattern in this training set
is processed by the recognizer. The boundaries determined automatically by the
Viterbi alignment in the target word unit serve as new labels for this pattern. Then,
in the second phase, the recognizer is retrained on both data sets to achieve the
final performance of the recognizer.

4 EXPERIMENTS AND RESULTS

We have tested our system both on writer dependent and writer independent tasks
with vocabulary sizes ranging from 400 up to 20,000 words. The word recognition
results are shown in Table 1. The scaling of the recognition rates with respect to
the vocabulary size is plotted in Figure 3b.

Table 1: Writer dependent and independent recognition results

Vocabulary Writer Dependent Writer Independent
Task Sige Test Recognition Test Recognifion

Patterns Rate Patterns Rate

crt_400 400 800 98.6% 800 92.9%
ws)-1,000 1,000 800 97.8% - -

wsj_1,000 7,000 : - 2,500 89.3%

ws)-10,000 10,000 1,600 92.1% 2,500 87.77%

wsj-20,000 20,000 1,600 88.9% 2,500 84.1%
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Figure 3: (a) Different writing styles in the database: cursive (top), hand-printed
(middle) and a mixture of both (bottom) (b) Recognition results with respect to
the vocabulary size

For the writer dependent evaluation, the system was trained on 2,000 patterns from
a 400 word vocabulary, written by a single writer, and tested on a disjunct set
of patterns from the same writer. In the writer dependent case, the training set
consisted of 4,000 patterns from a 7,000 word vocabulary, written by approximately
60 different writers. The test was performed on data from an independent set of 40
writers.

All data used in these experiments was collected at the University of Karlsruhe,
Germany. Only minimal instructions were given to the writers. The writers were
asked to write as natural as they would normally do on paper, without any re-
strictions in writing style. The consequence is, that the database is characterized
by a high variety of different writing styles, ranging from hand-printed to strictly
cursive patterns or a mixture of both writing styles (for example see Figure 3a).
Additionally the native language of the writers was german, but the language of
the dictionary is english. Therefore, frequent hesitations and corrections can be ob-
served in the patterns of the database. But since this sort of input is typical for real
world applications, a robust recognizer should be able to process these distorted
patterns, too. From each of the writers a set of 50-100 isolated words, choosen
randomly from the 7,000 word vocabulary, was collected.

The used vocabularies CRT (Conference Registration Task) and WSJ (ARPA Wall
Street Journal Task) were originally defined for speech recognition evaluations.
These vocabularies were chosen to take advantage of the synergy effects between
handwriting recognition and speech recognition, since in our case the final goal is
to integrate our speech recognizer JANUS [10] and the proposed NPent? system
into a multi-modal system.
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5 CONCLUSIONS

In this paper we have presented the NPent™ system, a neural recognizer for writer
dependent and writer independent on-line cursive handwriting recognition. This
system combines a robust input representation, which preserves the dynamic writing
information, with a neural network integrating recognition and segmentation in a
single framework. This architecture has been shown to be well suited for handling
temporal sequences as provided by this kind of input.

Evaluation of the system on different tasks with vocabulary sizes ranging from 400
to 20,000 words has shown recognition rates from 92.9% to 84.1% in the writer
independent case and from 98.6% to 88.9% in the writer dependent case. These
results are especially promising because they were achieved with a small training
set compared to other systems (e.g. [3]). As can be seen in Table I, the system
has proved to be virtually independent of the vocabulary. Though the system
was trained on rather small vocabularies (e.g. 400 words in the writer dependent
system), it generalizes well to completely different and much larger vocabularies.
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