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I, Daniel H. Golub, make the following Declaration pursuant to 28 U.S.C.

8 1746:
1. I am an attorney and Shareholder with the law firm of VVolpe Koenig.
2. | provide this Declaration in connection with the above-identified Inter

Partes Review proceeding. Unless otherwise stated, the facts stated in this
Declaration are based on my personal knowledge.

3. On December 26, 2024, | purchased a copy of the article Gravano, Luis
et al.; “Precision and Recall of GIOSS Estimators for Database Discovery”; 1994,
Proceedings of the Third International Conference on Parallel and Distributed
Information Systems, IEEE Computer Society, pp. 103-106 (“Gravano”) from the

IEEE Xplore® website at https://ieeexplore.ieee.org. The specific URL link for

Gravano is https://ieeexplore.ieee.org/document/331726.

4. Upon purchase, Gravano was immediately available for download.
Attached as Exhibit A is a true and correct copy of Gravano as purchased and
downloaded by me from the IEEE Xplore® website. A copy of Gravano downloaded
from the IEEE is also submitted with the IPR Petition as IPR Petition Ex. 1015

5. According to https://ieeexplore.ieee.org, Gravano was published in a

text, “Proceedings of 3rd International Conference on Parallel and Distributed

Information Systems,” Sept. 28-30 1994 (“Proceedings Text”).
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6. | located the ISBN number for the Proceedings Text from

https://ieeexplore.ieee.org. The ISBN number for the Proceedings Text is ISBN No.

0-8186-6400-2.

7. | purchased a copy of the Proceedings Text from the Alibris book seller

website at https://wwwe.alibris.com/. Attached as Exhibit B is a receipt for the
purchase.

8. The copy of the Proceedings Text was received by Volpe Koenig on
January 2, 2025. A scanned copy of the entire text was made and select relevant
pages are submitted with the IPR Petition in connection with the above-captioned
IPR proceeding as Ex. 1018. That copy of Gravano is available at the offices of
Volpe Koenig..

9. A copy of Gravano was also retrieved from the prosecution of U.S.
Patent United States Reissue Patent No. RE45752, and is included in support of the
IPR Petition in the present matter as Exhibit B to the Declaration of Shari Hall White
(Ex. 1024).

10. | have compared the copies of Gravano as obtained from the IEEE
Xplore® website (Exhibit A to this Declaration), the copy of Gravano from the
Proceedings Text (IPR Petition Ex. 1018), and the copy of the Gravano was also

retrieved from the prosecution of U.S. Patent United States Reissue Patent No.
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RE45752 (Exhibit B to the Declaration of Shari Hall White (Ex. 1024)). They are
all the same publication and have the same content.

11. | hereby declare under penalty of perjury under the laws of the United
States that all statements made herein of my knowledge are true, and that all
statements made on information and belief are believed to be true. | understand
willful false statements and the like are punishable by fine or imprisonment, or both,

under § 1001 of Title 18 of the United States Code.

Dated: 3/5/2025 By: AWk

Daniel H. Golub
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Precision and Recall of GIOSS Estimators for Database Discovery

Luis Gravano

Héctor Garcia-Molina

Anthony Tomasic

Computer Science Department
Stanford University
Stanford, CA 94305-2140

{gravano,hector,tomasic}@cs.stanford.edu

1 Overview

On-line information vendors offer access to multi-
ple databases. In addition, the advent of a variety of
INTERNET tools [1, 2] has provided easy, distributed
access to many more databases. The result is thou-
sands of text databases from which a user may choose
for a given information need (a user query). This pa-
per, an abridged version of [3], presents a framework
for (and analyzes a solution to) this problem, which
we call the text-database discovery problem (see [3] for
a survey of related work).

Our solution to the text-database discovery prob-
lem is to build a service that can suggest potentially
good databases to search. A user’s query will go
through two steps: first, the query is presented to
our server (dubbed GIOSS, for Glossary-Of-Servers
Server) to select a set of promising databases to
search. During the second step, the query is actu-
ally evaluated at the chosen databases. GIOSS gives
a hint of what databases might be useful for the
user’s query, based on word-frequency information for
each database. This information indicates, for each
database and each keyword in the database vocabu-
lary, how many documents at that database actually
contain the keyword, for each field designator (Sec-
tions 2 and 3). For example, a Computer-Science li-
brary could report that “AKnuth” (keyword) occurs as
an author (field designator) in 180 documents, the key-
word “computer,” in the title of 25,548 documents, and
so on. This information is orders of magnitude smaller
than a full index (see [4]) since for each keyword field-
designation pair we only need to keep its frequency,
not the identities of the documents that contain it.

To evaluate the set of databases that GIOSS re-
turns for a given query, Section 4 presents a frame-
work based on the precision and recall metrics of
information-retrieval theory. In that theory, for a
given query ¢ and a given set S of relevant docu-

0-8186-6400-2/94 $4.00 © 1994 IEEE
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ments for q, precision is the fraction of documents
in the answer to ¢ that are in S, and recall is the
fraction of S in the answer to ¢. We borrow these
notions to define metrics for the text-database discov-
ery problem: for a given query ¢ and a given set of
“relevant databases” S, P is the fraction of databases
in the answer to ¢ that are in S, and R is the frac-
tion of S in the answer to q. We further extend our
framework by offering different definitions for a “rel-
evant database” (Section 4). We have performed ex-
periments using query traces from the FOLIO library
information-retrieval system at Stanford University,
and involving six databases available through FOLIO.
As we will see, the results obtained for different vari-
ants of GIOSS are very promising (Section 5). Even
though GIlOSS keeps a small amount of information
about the contents of the available databases, this in-
formation proved to be sufficient to produce very use-
ful hints on where to search.

2 GIOSS: Glossary-Of-Servers Server

Consider a boolean “and” query q ! that we want
to evaluate over a set of databases DB. GIOSS se-
lects a subset of DB consisting of “good candidate”
databases for actually submitting ¢. To make this se-
lection, GIOSS has available the following information:

o DBSize(db), the total number of documents in
database db, ¥V db € DB, and

o freq(t,db), the number of documents in db that
contain ¢, V db € DB, and for all keyword field-
designation pairs ¢. Note that GIOSS does not
have available the actual “inverted lists” corre-
sponding to each keyword-field pair and each
database, but just the length of these inverted
lists.

1We can generalize this paper's approach to *or” queries
(see [4]}, and to the vector-space retrieval model [5).


http://stanford.edu

This information is extracted from each database by
a collector program (not discussed further here) that
forwards it periodically to GIOSS.

To assess how good each database is for a given
query, GIOSS uses an estimator: an estimator EST,
(for some fixed 0 < e < 1) consists of a func-
tion ESizegsr that predicts the result size of a
query in a database, and a “matching” function that
uses these estimates to select the “good” databases
(Chosengsrt,). Once ESizegsr(q,db) has been de-
fined, we can determine Chosengsr, (¢, DB) in the
following way:

Chosengst, (9, DB) = {db € DB|

ESizegst(q, db) — hest
hest

1)

ESizegsr(gq,db) > O A <e€}

where hest = maxaye¢pp ESizegsr(q, db').

Users can set the value for ¢ according to the query
semantics they are interested in: in general, higher
values for ¢ make the Chosenggsr, set “larger:” if
€ = 0, only those databases containing the strictly
highest non-zero estimates will belong to Chosenggr,,
whereas if ¢ = 1, all databases with a non-zero esti-
mate will belong to Chosengsr, .

3 The Ind, estimators

The Ind. (for “independence”) estimators [4] are
built upon the (unrealistic) assumption that keywords
appear in the different documents of a database fol-
lowing independent and uniform probability distribu-
tions 2. Under this assumption, given a database db,
any n keyword field-designation pairs ty,...,t,, and
any document d € db, the probability that d contains
all of ty,... ¢, Is:

freg(ty,db) y freq(t,, db)
DBSize(db) = ' DBSize(db)
So, according to Ind,, the estimated number of docu-
ments in db that will satisfy the query “findt;A.. .At,”
is [6]:
[T, freq(t:,db)
DBSize(db)n-1
The Chosenp,g set is then computed with Equation
1, for any value of ¢.

ESizep g(find ty A .. At,,db) =

4 Evaluation metrics

Let DB be a set of databases and ¢ a query. In or-
der to evaluate an estimator EST (e.g., EST'=Ind,),

2Even though this assumption is unrealistic, we will see that
the Inde estimators work surprisingly well.
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we need to compare its prediction against what ac-
tually is Right(q, DB), the “right subset” of DB to
query. There are several notions of what the right
subset means, depending on the semantics the query
submitter has in mind. In this paper, we will con-
sider two of these notions, for which the goodness of
a database db with respect to a query ¢ will be de-
termined by the number of documents that db returns
when presented with ¢ [3].

Our  first  definition  for  Right(q, DB)
is Matching(g, DB), the set of all databases in DB
containing at least one document that matches query
q. More formally,

Right(q, DB) Matching(q, DB)

{db € DB|RSize(q,db) > 0}

where RSize(gq, db) is the actual result size of query
q in database db. There are (at least) two types of
users that may specify Matching(q, DB) as their right
set of databases. One is users that want an exhaus-
tive answer to their query. They are not willing to
miss any of the matching documents. We will refer
to these users as “recall-oriented” users. On the other
hand, “precision-oriented” users may be in “sampling”
mode: they simply want to obtain some matching doc-
uments without searching useless databases.

Our second definition for Right(q, DB) is, for a
fixed 0 < & < 1, Bests(q, DB), the set of those
databases containing the most matching documents.
More formally,

Right(q, DB) Bests(q, DB)
{db € DB|RSize(g,db) > 0 A
RSize(q, db) — hreal < 6}

hreal

where hreal = maxgyepp RSize(g, db'). Parameter 6
is not a parameter of our estimators, but of our evalu-
ation metrics: the submitter of a query does not give a
& value to GIOSS. Higher values for é yield more com-
prehensive Bests sets. Therefore, parameter § should
be fixed according to the desired “meaning” for Best;.
For example, suppose that we are evaluating Ind, for
a user that wants to locate Best databases, but is will-
ing to search at sites that have 90% or more of the
number of matching documents than the overall Best
sites have. Then, the experimental results that are
relevant to this user are those obtained for § = 0.1.
Again, users that define Bests(g, DB) as their right
set of databases for query ¢ might be classified as be-
ing “recall oriented” or “precision oriented.” “Recall-
oriented” users are willing to miss some databases,



as long as they are not the best ones. These users
want to ensure that at least those databases having the
highest payoff (i.e., the largest number of documents)
are searched. On the other hand, “precision-oriented”
users want to examine (some) best databases. Due
to limited resources (e.g., time, money) the users only
want to submit their query at databases that will yield
the highest payoff.

Once we have defined the Right set for a query
g and a database set DB, we evaluate how well
Chosengst(g, DB) approximates Right(q, DB) by
adapting the well-known precision and recall parame-
ters from information-retrieval theory [5] to the text-
database discovery framework. If we regard Right as
the set of “items” (databases in this context) that are
relevant to a given query ¢, and Chosengst as the set
of items that is actually retrieved, we can define the
following functions Pright and Rpign:, based upon the
precision and recall parameters:

ChosennRight :
‘—la—o—,;mu if ]Chosen| >0

Prigni(g, DB) = { 1

otherwise
ChosennRight H :
L_|—T_LJ if |Right| > 0
RRigni(q, DB) = { 1 Righsl otLerwise|

where Chosen = Chosengsr(q, DB) (EST is a fixed
estimator for GIOSS) and Right = Right(gq, DB).

Intuitively, P is the fraction of selected databases
that are Right ones, and R is the fraction of the Right
databases that are selected. “Precision oriented” users
will be interested in high values of P, while “recall
oriented” users will be interested in high values of R.

Section 5 evaluates different estimators in terms of
the average value, over a set of user queries, of the P
and R parameters defined above, for different Right
sets of databases.

5 Ind. results

In order to evaluate the performance of the Ind, es-
timators according to the P and R parameters of Sec-
tion 4, we performed experiments using 6897 queries
and six databases available through the FOLIO library
information-retrieval system at Stanford University.
Real users issued the queries to the INSPEC database
through the FOLIO system. In [3], we describe the
query trace and the experiments. We also study how
well ESizef, ; approximates RSize.

Figure 1 shows the average values of the P and
R parameters for Indy, for growing values of §. Our
estimator remains fixed (since ¢ = 0) for the differ-
ent values of 8, and so does Matching. This is why
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Figure 1: The average P and R parameters as a func-
tion of 8, for the Indy estimator (e = 0).

the curves corresponding to Ppatching and Rafaiching
are flat. In particular, Parasching=0.9126: this means
that, for the average query, 91.26% of the databases
in Chosenp,g have matching documents. In con-
trast, Rpfatching=0.4044, meaning that, for the aver-
age query, Chosenp,; includes only 40.44% of the
Matching databases: Indy chooses only the most
promising databases, not all of the ones that might
contain matching documents. Higher values of ¢ ad-
dress this problem (see below).

On the other hand, the set of best databases, Bests,
varies as 6 does. In Figure 1 we see that parameter
Rpest, worsens as § grows, since Best; tends to con-
tain more databases, while Chosen,; remains fixed.
This is exactly why Pp.,:, improves with higher val-
ues of 6. Note that for 6 = 1, Best; = Matching, and
50, Ppatching and Ragaiching coincide with Pg.sy, and
Rpes1,, respectively.

Figure 2 shows the average values of the P and R
parameters for Ind,, for growing values of €. For all
these results, 6 = 0 (i.e., the “best” set of databases
is fixed to Bestg). Since Chosenjyq tends to cover
more databases as € grows, Raratching and Rpest, Im-
prove for higher values of ¢. For ¢ = 1, Rpatching=
RBest,= 1, since C'hosenlnd‘ contains all of the po-
tentially matching databases. This is also why P,
worsens as € grows. Parameter Ppfaiching remains ba-
sically unchanged for higher values of ¢, but worsens
for ¢ close to one, for the same reasons Pp,,:, gets
lower.
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Figure 2: The average P and R parameters as a func-
tion of €, for the Ind, estimator (§ = 0).

Right Pright | RRright || Pright | RRignt
(Ming) {Ming) {Indg) {Indg)

Matching || 0.9077 | 0.4031 || 0.9126 | 0.4044

Bestg 0.8356 | 0.8938 || 0.8438 | 0.9010

Figure 3: The average P and R parameters for the
Ming estimator. The last two columns show the cor-
responding values for the Indy estimator.

6 Other results

The Ind. estimators are based upon the assump-
tion that the occurrence of query keywords in doc-
uments follows independent and uniform probability
distributions. We can build alternative estimators by
departing from this assumption. For example, we can
adopt the “opposite” assumption, and assume that
the keywords that appear together in a user query are
strongly correlated. So, we define another family of
estimators for GIOSS, Min, (for “minimum”), by let-
ting:

ESizeasin(find t1 A ... Aty db) = H;i{l Freq(t:, db)

ESizeprin(q,db) is an upper bound of the actual re-
sult size of query ¢: RSize(q,db) < ESizeprin(g, db).
Chosenpin, follows from the definition of ESizeps;n,
using Equation 1. As Figure 3 shows, the results we
obtained for the Ming estimator, using the INSPEC
queries, are very similar to those we obtained for the
Indy estimator.

To analyze how dependent the results are on the
trace used, we ran our experiments using a differ-
ent query trace, consisting of 2404 real-user queries.
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Right Pright | Rpright || Pright | RRight
(BRIC) (ERIC) (INSPEC) | (INSPEC)

Matching || 0.8960 | 0.4621 [ 0.9126 | 0.4044
Bestg 0.8498 | 0.9384 || 0.8438 | 0.9010

Figure 4: The average P and R parameters for the
Ind, estimator, using the ERIC queries. The last two
columns show the corresponding values for the IN-
SPEC queries.

Real users issued these queries to the ERIC database
through Stanford’s FOLIO system. Figure 4 shows the
results corresponding to these queries, for the differ-
ent instances of the P and R parameters. The results
obtained differ only slightly from the ones for the IN-
SPEC queries, which suggests that our results are not
sensitive to the type of trace used.
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Michael F. Snyder

From: Alibris Orders <info@alibris.com>
Sent: Thursday, December 26, 2024 10:01 PM
To: Daniel H. Golub

Subject: Shipment Status: Order #74304770

Please visit your account for the most up-to-date order status.

]
alibrisi - Q]

Shipment Status

Dear Daniel,
Thank you for shopping at Alibris!

We are happy to report that one or more of your items in order #74304770
shipped today. See below for an overview of your order status.

to:

Daniel Golub

Volpe Koenig

30 S 17th St 18th Floor
Philadelphia, PA 19103
UNITED STATES

We will e-mail you as each item in your order is shipped. We recommend that you
save this e-mail until you have received all items in your order.

Shipment Details

From GuthrieBooks | Contact Seller

Items in this section ship directly from this seller.

Detail Title Status

74304770-1 Proceedings of the Third International Conference on Shipped Dec 26
Parallel and Distributed Information Systems: S
Trackable Expedited shipping
Tracking # 9405511105502314729718
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When you order multiple items, some may ship separately.

Account Activity FAQs

> Your account order history and status > Why do items sometimes ship in different packages?
> Your wishlist > Can I cancel my order before it arrives?

> Contact customer service > What if my items don't arrive by the date(s)

specified above?
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