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PREDICTIVE SYSTEM FOR INDUSTRIAL INTERNET OF THINGS

S PRIORITY APPLICATION
{8681] 'This application claims the benefit of priority to U.5. Application Serial
No. 15/160,429, filed 20 May 2016, which is incorporated herein by reference in

its entirety.

16 BACKGROUND
[8602] Some manufactaring processes may include incremental assembly (e.g.,
fabrication, construction, etc.} and test processes (o ensure that a product is
meeting specifications throughout the assembly process, and allow for correction
or removal of products that fail before reaching the end. Unce a final product is

15  assembled, final system-level verification testing may be conducted on the final
product to ensure the final product meets intended specifications and operates as
expected. However, system-level testing can be time consurning and expensive,

which may result in increased production throughput and costs.

20 BRIEF DESCRIPTION OF THE DRAWINGS
[6003]  [In the drawings, which are not necessarily drawn to scale, like numerals
may describe similar components in different views. Like numerals having
different letter suffixes may represent different instances of similar components.

The drawings illustrate generally, by way of example, but notby way of limitation,

N
|94

various embodiments discussed in the present document.

[6604] Figure 1 illustrates components of an industrial Internet-of-Things (JoT)
predictive system in accordance with some embodiments.

[60605] Figure 2 tllustrates components of an industrial Internet-of-Things (Jo'T)
predictive system in accordance with some embodiments.

30 [8086] Figure 3 illustrates an indastrial Internet-of-Things (IoT) predictive
semiconductor die fabrication system (system) 300 according to an embodiment
of the disclosure.

{6607] Figure 4 illustrates a method (o generate system-level verification
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predictions in accordance with some embodiments.
[8008] Figure 5 illustrates a method to generate system-Jevel vertfication
predictions in accordance with some embodiments.
REH Y FIG. 6 1s a block diagram illustrating an example machine upon
5 which any one or more of the techniques {(e.g., methodologies) discussed herein

may perform, according to an example embodiment.

DETAILED DESCRIPTION
[6610] Certain details are set forth below to provide a sufficient
10 understanding of embodiments of the disclosure. However, it will be clear o one
skilled in the art that embodiments of the disclosure may be practiced without
various aspects of these particular details. In some instances, well-known circuits,
control signals, timing protocols, computer system components, and software

operations have not been shown in detail in order to avoid unnecessarily obscuring

[a—y
(943

the described embodiments of the disclosure.
(6611] Examples of an industrial Internet-of-Things (loT) predictive
verification systems described herein may allow for predictive verification of end
products using a predictive engine. The predictive engine may be trained to predict
which end products are likely to pass system-level verification testing, and which
20 end products are hkely to fail. Predictions from the predictive engine for
individual end products may be used in place of system-level testing to determine
pass/fail verification, which may reduce production costs and increase production
throughput.
(66123 Figure 1 illostrates an industrial Internet-of-Things (IoT)
25 predictive system (system) 100 according to an embodiment of the disclosure. The
system 100 may pertain to drug development and manufacturing,
automobile/aircraft assembly and manufacturing, consumer electronic systems
assemnbly and manufacturing, or other manufactaring or industrial environments.
The system 100 may include a prediction circuit 170 trained to predict whether
30 end products will pass or fail system-level verification tests based on test data
from a manufacturing process. The system 100 may include a supply 110 that is

divided into several training units 120 and several production uunits §122. The

o]
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training units 120 and the production units 122 may undergo assembly {e.g.,
fabrication, construction, etc.) and testing via manufactoring equipment and
testers 140 to provide respective end products 1530, The respective end products
150 may be provided o one or both of a system-level tester 160 and the prediction
5 ciresit 170 to determine whether individual ones of the end products 130 pass or
fail system-level verification testing.
[6613] The supply 110 may include any material, device, component,
assembly, etc. used in a manufacturing process 1o produce the end products 150.
The supply 110 may be divided into the training onits 120 and the production units
10 122, The mamufacturing equipment and testers 140 may inclode manufacturing
{(e.g., fabricating, assembly, sensing, construction, etc.) equipment used during the
manufacturing process to provide a plurality of the end products 150. The
manufactoring equipment and testers 140 may further include testers that
incrementally test the training units 120 and the production units 122 at designated
15 points in the manufacturing process as the training units 120 and the production
anits 122 transform into the end products 130. The manufacturing eguipment and
testers 140 may inclade transceivers that allow the manufacturing equipment and
testers 140 to communicate with each other, the system-level tester 160, the
prediction circuit 170, or combinations thereof. In some embodiments, the testers
20 may be integrated with the manufactoring equipment of the manufacturing
equipment and testers 140.
[6014] The system-level tester 160 may perform a system-level
verification test on the end products 150 to determine whether one of the end
products 150 meet design specifications. During a first phase, the prediction
25  cwcaut 170 may be trained to predict whether each of the end products 150 will
pass or fail the system-level verification test based on test data from the testers of
the manufacturing equipment and testers 140 and test data from the system-level
tester 160. During a second phase, the prediction circuit 170 may be used to make
pass/{ail determinations.
30 [6G1S] In operation, the supply 110 may be divided into the training units
120 and the production units 122. During a first phase (e.g., training phase), the

trainming units 120 may be put through the manufacturing equipment and testers
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140 and the resultant end products 150 may tested via system-level tester 160 to
determine whether each individual end-product passes or fails a system-level
verification test. Test data from the manufacturing equipment and testers 140 and
the system-level tester 160 may be used to train the prediction circuit 170. During
5 a second phase {(e.g., test phase), the production units 122 may be may be put
through the manufacturing equipment and testers 140 to provide the resultant end
prodacts 150 and resultant test data. The resultant test data for each of the end
products 130 may be provided to the prediction circuit 170, and the prediction
circuit 170 may use the resultant test data to determine whether each individual
10 end-productof the end products 150 passes or fatls a systern-level verification test.
Determining pass/fail information using the prediction circuit 170, rather than
performing the system-level verification test may reduce manufacturing costs and

time.
[Gie] During assembly, each of the training units 120 and production
15 wonpits 122 may undergo assembly-level tests as they are transformed into the
respective end products 130. During the first phase, the system-level tester 160
may perform system-level verification testing on each of the end products 150
from the training units 120 o determine pass or fail information. The test data
from the manufacturing equipment and testers 140 and from the system-level
20 tester 160 for the each of the end products 130 produced from the training onits
120 may be provided o the prediction circuit 170. The prediction circuit 170 may
use the test data from each of the manufacturing equipment and testers 140 and
the system-level tester 160 to train a predictive model to be able to predict whether
a given end products 150 is likely to pass or fail system-level verification testing.
25 {6617} Selection of the training units 120 for the first phase may be based
on a location of each unit within the supply 110. For example, if the supply 110 is
a solid block of material (e.g., ingot), the composition of the supply 110 may vary
slightly from one point to another longimadinally within the supply 110, That is,
longitudinally, the one end may have a slightly different composition than a
30 middle portion, which may have a slightly different composition than a second

end. Thus, the training units 120 may be selected to at various points along the
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longitudinal axis of the supply 110 in order to help improve robustness of training
of the prediction circuit 170.
[6618] The manuflacturing equipment and testers 140 may assemble and
test the end products 150 from the training units 120 and the production units 122.
5 The assembly may include multiple steps, and may inclade addition of other
materials 130. The testers of the manufacturing equipment and testers 140 may
test characteristics of the training units 120 and the production units 122 at certain
assembly milestones as each of the training units 120 and the production units 122
transform into the end products 150. The mancfacturing equipment and testers
10 140 may include transceivers o communicate the test data to the prediction circuit
170. In some examples, the manufacturing equipment and testers 140 may further
communicate other telemetry data, such as environmental data or equipment
health data, to the prediction ciregit 178. The prediction circuit 170 may use the
test data, telemetry data, or combinations thereof, during both the first and second
15 phases. The manufacturing equipment and testers 140 may further communicate
telemetry among each other or with a central computer during the assembly
process. The communication of the telemetry data may be used to effect changes
to the manofacturing equipment or the testers during assembly, such as a central
computer or server changing one or more settings in the manufacturing equipment,
20 the testers, the system-level tester 160, the prediction circuit 1790, or combinations
thereof. In some examples, the prediction circuit 170 may be included in the
central computer or server.
[6019] During the first phase, the sysiem-level tester 160 may perform the
system-level verification tests on the end products 150 produced from the training
25 units 120 to make a pass/fail determination. The pass/{ail determination from the
system-level tester 160 may be provided to the prediction circuit 170. The
prediction circuit 170 may use the test and/or other telemetry data from the
manufacturing equipment and testers 140, along with the test data from the
system-level tester 160, to train the predictive model. The training may include
30 the prediction circuit 170 identifying correlations between the test and/or other
telemetry data from the manufacturing equipment and testers 140 that result in

pass indication from the system-level tester 160, and may identily correlations
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between test and other telemetry data from the mamufacturing equipment and
testers 140 that result in a fail indication from the system-level tester 160. In some
embodiments, the predictive model of the prediction circuit 170 may include a
neural network, such as a two-layer perceptron neural network.

5 [6626] Once the prediction circuit 170 is trained, the system 100 may enter
a second phase in which the prediction circuit 170 makes system-level pass/fail
determinations for individual ones of the end products 150 produced from the
production units 122. In some examples, the prediction circuit 170 may directly
provide the pass or fail for each of the end prodacts 150 produced from the

10 production units 122, In other examples, when the confidence of a predicted pass
or fail by the prediction circuit 170 falls outside a threshold for a particular end
products 150, the prediction circuit 170 may indicate performance of a system-
level verification test is necessary by the system-level tester 16{. Further, the
predictive model of the prediction circuit 170 may be updated randomly {e.g.,

15 random selection of an additional pilot unit to undergo system-level verification
testing), periodically {e.g., periodic selection of an additional pilot unit to undergo
system-level verification testing}, or as conditions within or around the
manufacturing equipment and testers 140 change. In an embodiment, the system-
level tester 160 may perform a system-level verification test on a select subset of

28 end products 150 produced from each of the production units 122, and the test data
from the manufactaring equipment and testers 140 and the system-level tester 160
for each of the subset of the end products 150 may be used to update the prediction
circuit 170.

{6621} In some examples, the prediction circuit 170 may be stored as

25  ipstructions in machine readable media of a computer or server that are executable
by one or more processor units to train using data from the manufacturing
equipment and testers 140 and the system-level tester 160 and to provide pass/fail
predictions for the end products 150 using data from the manufacturing equipment
and testers 140. In another example, the prediction circuit 170 may be included in

30 the system-level tester 160. Using the predictive model of the prediction circuit
170 in lieu of performing system-level tests via the system-level tester 160 for the

end products 150 may reduce production time and reduce production costs.

6
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16622] Figure 2 illustrates an indusirial Internet-of-Things (1oT)
predictive system {system) 200 according to an embodiment of the disclosure. The
system 200 wmay pertain o drug development and manufacturing,
automobie/aircraft assembly and manufactuoring, consumer electronic systems
5 assembly and manufacturing, or other manufacturing or industrial environments.
The aystem 200 may include a prediction circuit 270 trained to predict whether
end products will pass or {ail system-level verification tests via a system-level
tester 200 based on test data from a manufacturing process. The system 200 may
inchude a sapply (not shown) that is divided into several training units 220 and
10 several production units 222. The training units 220 and the production units 222
may undergo assembly (e.g., fabrication, construction, etc.) and testing via
manufacturing equipment and testers 240 to provide respective end products 250.
The respective end products 250 may be provided to one or both of a system-level
tester 260 and the prediction circuit 270 to determine whether individual ones of

15 the end products 250 pass or fail system-level verification testing.
{8623] The supply may include any material, device, component,
assembly, etc. used in a2 manufacturing process to produce the end products 250.
The supply may be divided into the training anits 220 and the production units
222. The manufactaring equipment and testers 240 may include manufacturing
20 equipment 242(1-N} (e.g., fabricating, assembly, sensing, construction, etc.,
equipment) used during the manufacturing process to provide the end products
250. The manofacturing equipment and testers 240 may further include testers
244(1-N) that are coupled to respective ones of the manufacturing eguipment
242(1-N} and perform respective tests on the training units 220 and the production
25  units 222 after completion of an asserbly step by the respective mamufacturing
equipment 242(1-N) as the manufacturing equipment and testers 240 transforms
the training units 220 and the production units 222 into the end products 250. The
manutactaring equipment 242(1-N) and testers 244(1-N) may include transceivers
for communication with each other, the system-level tester 260, the prediction
30 circuit 270, or combinations thereof. In some embodiments, the testers 244(1-N)

ay be integrated with the manufacturing equipment 242(1-N).

7
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16624 The system-level tester 260 may perform a system-level
verification test on the end products 250 to determine whether one of the end
products 250 meet design specifications. During a first phase, the prediction
circuit 270 may be trained to predict whether each of the end products 250 will

5 pass or fail the system-level verification test based on test data from the testers

244(1-N} of the manufacturing equipment and testers 240 and test data from the
system-level tester 260. During a second phase, the prediction circuit 270 may be
used to make pass/iail determinations.

{8625] In operation, the supply may be divided into the training anits 220

10 and the production units 222. During a first phase (e.g., training phase), the
training units 220 may be put through the manufacturing equipment and testers
240 and the resultant end products 250 may fully tested via system-level tester 260
to determing whether each individual end-product passes or fails a system-level
verification test. Test data from the manufactaring equipment and testers 240 and

15 the system-level tester 260 may be used to train the prediction circuit 270. During
a second phase (e.g., test phase), the production units 222 may be may be put
through the manufactaring equipment and testers 240 to provide the resultant end
products 250 and resultant test data. The resultant test data for each of the end
products 250 may be provided to the prediction circuit 270, and the prediction

20 circuit 270 may use the resultant test data to determine whether each individual
end-product of the end products 250 passes or fails a system-level verification test.
Determining pass/fail information using the prediction circuit 270, rather than
performing the system-level verification test may reduce manufacturing costs and
time.

25 [6626] During assembly, each of the training units 220 and production
units 222 may undergo assembly-level tests via the testers 244(1-N) as they are
transformed into the respective end products 236, During the first phase, the
system-level tester 260 may perform system-level veritication testing on each of
the end products 230 from the training units 220 to determine pass or fail

30 information. The test data from the testers 244(1-N) and from the system-level
tester 260 for the each of the end products 250 produced from the training units

220 may be provided to the prediction circuit 270. The prediction circuit 270 may



WO 2017/200770 PCT/US2017/031245

use the test data from each of the manufacturing equipment and testers 240 and

the system-level tester 260 to train the prediction circuit 270 to predict whether a
given end products 230 is likely to pass or fail system-level verification testing.

16627] Selection of the training units 220 for the first phase may be based

5 ona location of each unit within the supply. For example, if the supply is a solid

block of material (e.g., ingot), the composition of the supply may vary slightly

from one point to another longitudinally within the ingot. That is, longitudinally,

the one end may have a slightly different composition than a middle portion, which

may have a slightly different composition than a second end. Thus, the training

10 units 220 may be selected to at various points along the longitadinal axis of the

supply in order to help improve robustness of training of the prediction circuit 270.

16628] The manufacturing equipment and testers 240 may assemble and

test the end products 250 from the training units 220 and the production units 222.

The assembly may include muliple steps performed by the manufacturing

15 equipment 242(1-N), and may include addition of other materials 230. The

manufacturing equipment 242(1-N} may each communicate with a respective

tester 244(1-N). The testers 244(1-N)} may perform assembly-level tests to

measure characteristics of the training units 220 and the production umits 222 at

certain points in the assembly process as each of the training units 220 and the

28 production wnits 222 transform into the end products 250. The manufactoring

equipment 242(1-N) and the testers 244(1-N) may include transceivers (o

communicate the test data to the prediction circuit 270, In some examples, the

manufacturing equipment and testers 240 may further comnwmicate other

telemetry data, such as environmental data or equipment health data, to the

25  prediction circoit 270. The prediction circuit 270 may use the test data, telemetry

data, or combinations thereof, during both the first and second phases. The

manufacturing equipment 242(1-N) and testers 244(1-N) of the manufacturing

equipment and testers 240 may further communicate telemetry with each other or

with a central computer or server during the assembly process. The

30 communication of the telemetry data may be used to effect changes to the

anufacturing equipment 242(1-N} or the testers 244(1-IN} during assembly, such

as a central computer or server changing one or more settings in the manufacturing
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equipment 242(1-N}, the testers 244(1-N), the system-level tester 260, the
prediction ciregit 270, or combinations thereof. In some examples, the prediction
circuit 270 may be included in the central computer or server.
16629 Diaring the first phase, the system-level tester 260 may perform the
5 system-level verification tests on the end products 250 produced from the training
units 22{} to make a pass/{ail determination. The pass/fail determination from the
system-level tester 260 may be provided to the prediction circuit 270. The
prediction circuit 270 may use the test and/or other telemetry data from the testers
244(1-N}, along with the test data from the system-level tester 260, to train the
10 predictive model. The training may inchide the prediction circuit 270 identifying
correlations between the test and/or other telemetry data from the manufacturing
equipment and testers 240 that result in pass indication from the system-level
tester 260, and may identify correlations between test and other data from the
manutacturing equipment and testers 240 that result in a fail indication {rom the
15 system-level tester 260. One of skill in the art may preselect input parameters (o
be included in the test data provided to the prediction circuit 270 for training to
quantity the dependence of these preselected input parameters to the output to be
predicted. The parameters may be preselected based on prior knowledge pf one of
skill in the art of parameters that tend to correlate with system level performance
280 metrics (e.g., system level pass/fail). In some embodiments, preselection of
particular parameters may be unnecessary as the training of the neural network
may provide for computation of individual input parameter weights, and thereby
quantify the dependence of each of the individual input parameters to the output
o be predicted {(e.g., system level pass/fail.) In some embodiments, the predictive
25 model of the prediction circuit 270 may include a neural network, such as a two-
layer perceptron neural network.
{60307 Once the prediction circuit 270 is trained, the system 200 may enter
a second phase in which the prediction circuit 270 makes system-level pass/tail
determinations for individual ones of the end products 250 produced from the
30  production units 222 based on test and other data from the testers 244(1-N). The
prediction circuit 270 may be implemented determine pass or fail of individual

ones of the end products 250 in Lieu of perfornung comprehensive system-level

10
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verification tests via the system-level tester 260. In some examples, the prediction

circuit 270 may directly provide the pass or fail for each. In other examples, when

the confidence of a predicted pass or fail by the prediction circuit 270 falls outside

a threshold for a particuler end products 250, the prediction circuit 270 may

5 indicate performance of a system-level verification test is necessary by the system-

level tester 260. Further, the predictive model of the prediction circuit 270 may be

updated randomly (e.g., random selection of an additional pilot unit to undergo

system-level verification testing), pericdically {e.g., periadic selection of an

additional pilot unit to undergo system-level verification testing), or as conditions

10 within or around the manufacturing equipment and testers 240 change. In an

embodiment, the system-level tester 260 may perform a system-level verification

test on a select subset of end products 250 produced from each of the production

units 222, and the test data from the testers 244(1-N) and the system-level tester

260 for each of the subset of the end products 250 may be used to update the

15 prediction circuit 170. Further, the prediction circuit 270 may be trained using

another method, such as using historical test and pass/fail data, in some examples.

{6631} In some examples, the prediction circuit 270 may be stored as

instructions at machine readable media of a computer or a server that are

executable by one or more processor units to train using data from the

20 manufactoring equipment and testers 240 and the system-level tester 260 and

provide pass/fail predictions for the end products 250 using data from the

manutacturing equipment and testers 240. In another example, the prediction

circuit 270 may be included in the system-level tester 260. Using the predictive

maodel of the prediction circuit 270 in lieg of performing system-level tests via the

25 system-level tester 260 for the end products 230 may reduce production time and
reduce production costs.

16632] Figure 3 illustrates an industrial Internet-of-Things (ioT)

predictive semiconductor die fabrication system {(system) 300 according to an

embodiment of the disclosare. The system 300 may inclade a neural network

30 cireuit 370 trained to predict whether individual semiconductor dice 350 will pass

or fail system-level verification tests via a system-level tester 360 based on test

data from a manufacturing process. The system 300 may include an ingot that is
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divided into training waters 320 and production wafers 322, Each of the training
wafers 320 and the production walers 322 may undergo and fabrication and
assembly process that includes testing via mamufacturing equipment and testers
340 to provide semiconductor dice 350. The semiconductor dice 350 may be
5 provided to one or both of a system-level tester 360 and the neural network circuit
370 to determine whether individual ones of the semiconductor dice 350 pass or
fail system-level verification testing.
16633] The semiconductor material may include any material used in a
manufacturing process to produce the semiconductor dice 350. The semiconductor
10 material may shiced into wafers and divided into the training wafers 320 and the
production waters 322. The manofacturing equipment and testers 340 may include
manufacturing equipment {(not shown) and testers 344(1-4) that perform
respective tests on the training wafers 320 and the production wafers 322 after
completion of a fabrication or assembly step as the manufacturing equiprent and
15 testers 340 transforms the training wafers 320 into the serniconductor dice 350.
The 344(1} may include a wafer-level test to measure wafter health along scribe
lines of the wafer using special purpose inter-die variation (IDV} circuits. The
344(2) may perform a die-level test after fabrication, but before packaging to
determine the health of each individual die. The 344(3) may perform a die-level
20 built-in test using on-die logic to determine health of the individual die. The 344{(4)
may perform class tests on the dice after packaging to deternmune health of an
individual die. The testers 344(1-4) may include transceivers for communication
with each other, the system-level tester 360, the neural network circuit 370, or
combinations thereof. In some embodiments, the testers 344(1-4) may be
25  integrated with the manufacturing equipment of the manufacturing equipment and
testers 340,
16634 The system-level tester 360 may perform a system-level
verification test on the semiconductor dice 350 to determine whether one of the
semiconductor dice 350 meet design specifications. During a first phase, the
30 prediction circuit 370 may be trained to predict whether each of the semiconductor
dice 350 will pass or fail the system-level verification test based on test data from

the testers 344(1-4) of the manufacturing equipment and testers 340 and test data

12
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from the system-level tester 360. During a second phase, the neural network circuit
370 may be used to make pass/fail determinations.

[6635] In operation, the ingot (not shown) may be divided into the training
wafers 320 and the production wafers 322. In a specific, non-fimiting example,

5 the training wafers 320 may inclade a first wafer at a first end; a second wafer

25% of the way through the ingot longitudinally; a third wafer 30% of the way
through the ingot, longitudinally; a fourth wafer 73% of the way through the ingot,
longitadinally, and a fitth water at a second end of the ingot. The production
wafers 322 may inchude remaining wafers from the ingot. During a first phase

10 (e.g., training phase), the training wafers 320 may be put through the
manufacturing equipment and testers 340 and the resultant semiconductor dice
350 may fully tested via system-level tester 360 to determine whether each
individual end-product passes or fails a system-level verification test. Test data
from the manufactaring equipment and testers 340 and the system-level tester 360

15 may be used to train the neural network circuit 370. During a second phase {e.g.,
test phase), the production walers 322 may be may be put through the
manufacturing equipment and testers 340 to provide the resultant semiconductor
dice 350 and resultant test data. The resultant test data for each of the end products
350 may be provided to the prediction circuit 270, and the neural network circuit

28 370 may use the resultant test data to determine whether each individual end-
product of the semiconductor dice 350 passes or fails a system-leve] verification
test. Determining pass/fail information using the neural network circuit 370, rather
than performing the system-level verification test may reduce manufacturing costs
and time.

25 [6636] During fabrication and assembly, each of the training wafers 320
and production wafers 322 may undergo assembly-level tests via the testers
344(1-4) as they are transformed into the respective semiconductor dice 330.
During the first phase, the system-level tester 360 may perform system-level
verification testing on each of the semiconductor dice 330 from the training wafers

30 320 to determine pass or fail information. The test data from the testers 344{1-4)
and from the system-level tester 360 for the each of the semiconductor dice 330

produced from the training wafers 320 may be provided to the neural network
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circuit 370. The neural network circuit 370 may use the test data from each of the
manufacturing equipment and testers 340 and the system-leve] tester 360 to train
neural network circuit 370 to predict whether a given semiconductor die 330 is
likely to pass or fail system-level verification testing.

5 6637 The mancfacturing equipment and testers 340 may fabricate,
assemble, and test the semicondactor dice 350, The fabrication and assembly may
incinde multiple steps performed by the manofacturing equipment. The

anufacturing equipment communicate with the testers 344(1-4). The testers
344(1-4y may perform assembly-level tests to measure characteristics of the

10 waining wafers 320 at certain points in the assembly process in transforming the

training wafers 320 and the production wafers 322 into the semiconductor dice
350. For example, the 344(1) may inclade a wafer-level test to measure wafer
health along scribe lings of the wafer using special purpose inter-dig variation
{(IDV) circuits., the 344(2) may perform a dig-level test after fabrication, but
15 before packaging to determine the health of each individual die, the 344(3) may
perform a die-level built-in test using on-die logic to determine health of the
individual die, and the 344(4) may perform class tests on the dice after packaging
to determine health of an individual die.
[6038] The manutactaring equipment and the testers 344(1-4) may include
20 transceivers to communicate the test data to the neural network circuit 370. The
test data may inchide various electrical parameters derived from the tests, such as
leakage current, transistor drive strengths, device capacitances, transistor
performance {e.g., measured by ring oscillator test structure {requencies), metal
resistance, interconnect capacitance, optical images of various layers of the
25 sermiconductor die 150, etc. Further, specialized circuits may be included in each
of the semiconductor dice 350 to collect performance, power, and functionality-
related data from each of the semiconductor dice 350, In some examples, electrical
parametric data like leakage current, transistor drive strengths, and transistor

threshold voitages may tend to correlate with system level performance metrics

[ 9]
<

like clock frequency and long term reliability (as measured by mean time to fail),
respectively. Based on prior knowledge of parameters that tend to correlate with

system level performance metrics {e.g., system level pass/fail), one of skill in the

14
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art may preselect such input parameters to be included in the test data for the
neural network training to quantify the dependence of these preselected input
parameters to the output to be predicted. In some embodiments, preselection of
particular parameters may be unnecessary {g.g., all test data parameters may be
5 provided, instead), as the training of the neural network may provide for
computation of individual input parameter weights, and thereby quantify the
dependence of each of the individual input parameters to the output to be predicted
{e.g., system level pass/fail.) In some examples, the manufacturing equipment and
testers 340 may further commumcate other telemetry data, such as environmental
10 data or equipment health data, to the neural network circuit 370. During the first
phase, the neural network circuit 370 may use the test data, telemetry data, or
combinations thereof, to train the network. The manufacturing equipment and
testers 344(1-4) of the manufactaring equipment and testers 340 may further
communicate telemetry with each other or with a central computer or server daring
15 the assemibly process. The communication of the telemetry data may be used to
effect changes to the manufactaring equipment 342(1-N) or the testers 344(1-4)
during assembly, such as a central computer or server changing one or more
settings in the mamufacturing equipment 342(1-N), the testers 344(1-4), the
system-level tester 360, the neural network circuit 370, or combinations thereof.
28 In some examples, the neural network circuit 370 may be included in the central
COMMPULEr OF Server.
[6039] During the first phase, the sysiem-level tester 360 may perform the
system-level verification tests on the on the semiconductor dice 350 produced
from the training wafers 320 to make a pass/fail deternuination. The pass/fail
25  information from the system-level tester 360 may be provided to the neural
network circuit 370. The neural network circuit 370 may use the test and/or other
telemetry data from the testers 344(1-4), along with the test data from the system-
level tester 360, to train the predictive model. The training may inclade the nearal
network circuit 370 identifying correlations between the test and/or other
30 telernetry data from the manufacturing equiprent and testers 340 that result in
pass indication from the system-level tester 360, and may identify correlations

between test and other data from the manufacturing equipment and testers 340 that
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result in a fail indication from the system-level tester 360. In some embodiments,
the predictive model of the neural network circuit 370 may include a neural
network, such as a two-layer perceptron neural network.
{60401 Once the neural network circuit 370 is trained, the system 300 may
5 enter a second phase in which the neural network circuit 370 makes system-level
pass/fail determinations for individual ones of the semiconductor dice 350
produced from the production wafers 322 based on test and other data from the
testers 344(1-4). The neural network circuit 370 may be implemenied determine
pass or fail of individual ones of the semiconductor dice 350 in lies of performing
10 comprebensive system-level verification tests via the system-level tester 360. In
some examples, the neural network circuit 370 may directly provide the pass or
fail for each. In other examples, when the confidence of a predicted pass or fail by
the neural network circuit 370 falls outside a threshold for a particular
semiconductor dice 330, the neural network circuit 370 may indicate performance
15 of a system-level verification test is necessary by the system-level tester 360,
Further, the predictive model of the neural network circuit 370 may be updated
randomly {e.g., random selection of an additional pilot unit to undergo system-
level verification testing), periodically (e.g., periodic selection of an additional
pilot unit o undergo system-level verification testing), or as conditions within or
20 around the manufacturing equipment and testers 340 change. Further, the nearal
network circuit 370 may be trained using another method, such as using historical
test and pass/fail data.
[6041] In some examples, the system-level tester 360 may perform a
system-level verification test on select pilot dice of the semiconductor dice 350
25  produced from each of the production wafers 322, and may provide the test data
from manufacturing equipment and testers 340 and the system-level tester 360 to
further train the neural network circuit 370. The pilot dice may be selected at the
same relative locations on each of the production wafers 322, For example, the
exemplary wafer 390 dentifies exemplary pilot dice locations 396 that may be
30 wused for each individual wafer of the production wafers 322. It would be
appreciated that other locations and more or fewer pilot dice may be used. The

390 also identifies exemplary predicted pass and fail from the neural network
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circuit 370 for each dice produced from the 390. Selection of the pilot die as
described above may improve inter-die and inter-wafer correlation training of the
neural network circuit 370, which may improve an ability of the neural network
circuit 370 to accurately predict pass/fail of system-level verification tests.

5 [664z] In some examples, the neural network circuit 370 may be stored as
instructions at machine readable media of a computer or server that are executable
by one Or MOre Processor umits to frain using data from the manofacturing
equipment and testers 340 and the system-level tester 360 and to provide pass/fail
predictions for the semiconductor dice 350 using data from the manufacturing

10 equipment and testers 340. In another example, the neural network circuit 370 may
be included in the system-level tester 360, Using the predictive model of the neural
network circuit 370 in lien of performing system-level tests via the system-level
tester 360 for the semiconductor dice 350 may reduce produaction time and reduce
produaction costs.

15 [6043] Figure 4 illustrates a method 400 to generate system-level verification
predictions in accordance with some embodiments. The method 400 may be
implemented in the prediction circuit 270 of Figure 1, the prediction circuit 270
of Fgure 2, the nearal network circuait 370 of Figure 3, or combinations thereof.
[60644] The method 400 may include, during a first phase, receiving respective

20 assembly-level test data and respective system-leve]l verification test data
associated with each of a first plarality of end products, at 410. The first plarality
of end products produced from a plurality of training units. The first plurality of
end products may be any of the end products 150 of Figure 1, the end products
250 of Figure 2, the semiconductor dice 350 of Figure 3, or combinations thereof.

25  The plarality of training units may include the training units 120 of Figure 1, the
training units 220 of Figure 2, the training wafers 320 of Figure 3, or combinations
thereof. The assembly-level test data may be received from any of the testers of
the manufacturing equipment and testers 140 of Figure 1, the testers 244(1-N), the
testers 344(1-4) of Figure 3, or combinations thereof. The system-level test data

30 may be received from any of the system-level tester 160 of Figure 1, the system-
level tester 200 of Figure 2, the system-level tester 360 of Figure 3, or

combinations thereof.
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{8045] The method 400 may further include receiving telemetry data from a
tester. The tester may include the testers of the manufacturing equipment and
testers 140 or the system-level tester 160 of Figure 1, the testers 244(1-N) or the
system-level tester 260 of Figure 2, the testers 344(1-4) or the system-level tester
5 360 of Figure 3, or combinations thereof.
{6646] The method 400 may include, during the first phase, training a neural
network of a prediction circuit using the respective assembly-level test data and
the system-level verification test data associated with each of the first plorality of
end products, at 420. The method 400 may further include training the newural
10 network further using the telemetry data. The telemetry data may include
envirommental data or tester health data.
{6647] The method 400 may include, during a second phase, receiving
respective assembly-level test data associated with each of a second plurality of
end produacts, at 430. The second plurakity of end products produced from a
15 plurality of production units. The second plurality of end products may be any of
the end products 150 of Figure 1, the end products 250 of Figure 2, the
semiconductor dice 350 of Figure 3, or combinations thereof. The plurality of
production units may include the production anits 122 of Figure 1, the production
units 222 of Figure 2, the production wafers 322 of Figure 3, or combinations
20 thereof. The plurality of training units and the plurality of production units may
be divided from a common supply, such as the supply 110 of Figure 1.
[6048] The method 400 may further include comnuwnicating with a plurality of
testers (o receive the respective assembly-level test data associated with each of
the first plurality of end products and the respective assembly-leve] test data
25  associated with each of the second plurality of end products. The plurality of
testers may include the testers of the manufacturing equipment and testers 140 of
Figure 1, the testers 244({1-N} of Figure 2, the testers 344(1-4) of Figure 3, or
combinations thereofl.
[6849] The method 400 may inclade, during the second phase, determining,
30 using the neural network, a system-level pass/fail decision for each of the second
plurality of end products based on the respective assembly-level test data, at 440.

[6650] The method 400 may {urther include receiving respective assembly-level
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test data and respective system-level verification test data associated with each of
a third plarality of end products produced from the plurality of production units
and training the neural network using the respective assembly-level test data and
the system-level verification test data associated with each of the third plurality of
5 end products. The third plurality of end products may be any of the end products
150 of Figure 1, the end products 250 of Figare 2, the semiconductor dice 350 of
Figare 3, or combinations thereof.
{6651] Figure 5 illustrates a method 300 to generate system-level verification
predictions in accordance with some embodiments. The method 300 may be
10 implemented in the prediction circuit 270 of Figure 1, the prediction circuit 270
of Figure 2, the neural network circuit 370 of Figure 3, or combinations thereof.
(6652] The method 300 may include, during a first phase, training a neural
network of a neural network circuit using respective assembly-level test data and
the system-level verification test data associated with each of a first plarality of
15 semiconductor dice produced from a plurality of training wafers, at 510. The first
plurality of semiconductor dice may be any of the end products 130 of Figure 1,
the end products 250 of Figure 2, the semiconductor dice 330 of Figure 3, or
combinations thereof. The phurality of fraining wafers may include the training
units 120 of Figure 1, the training units 220 of Figure 2, the training wafers 320
28 of Figare 3, or combinations thereof. The assembly-level test data may be received
from any of the testers of the manufactaring equipment and testers 140 of Figure
i, the testers 244(1-N), the testers 344(1-4) of Figure 3, or combinations thereof.
In some embodiments, assembly-level test data associated with each of a first
pharality of semiconductor dice includes wafter-level test data and semiconductor-
25  die level test data. The assembliy-level test data may include leakage currens,
transistor drive strengths, device capacitances, transistor performance, metal
resistance, interconnect capacitance, optical images, or combinations thereot. The
system-level test data may be received from any of the system-level tester 160 of
Figure 1, the systemn-level tester 260 of Figure 2, the system-level tester 360 of
30 Figure 3, or combinations thereof.
{8653} The method 500 may include, during a2 second phase, determining, using

the neural network, a system-level pass/fail decision for each of second plurality
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of semiconductor dice based on respective assembly-level test data associated
with each of the second plurality of semiconductor dice, the second plurality of
sermiconductor dice produced from a plurality of production wafers, at 520. The
second plurality of semiconductor dice may be any of the end products 150 of
5 Figure 1, the end products 250 of Figare 2, the semiconductor dice 350 of Figure
3, or combinations thereof. The plurality of production wafers may include the
prodaction umis 122 of Figure 1, the production units 222 of Figure 2, the
production wafers 322 of Figure 3, or combinations thereof.
{80654] The method 500 may {orther include, during the second phase, traiming
10 the newaral network using the respective assembly-level test data and the system-
level wverification test data associated with each of a third plurality of
semiconductor dice produced from each of the plurality of production wafers. The
third plurality of semiconductor dice may be any of the end products 150 of Figure
I, the end products 250 of Figure 2, the semiconductor dice 350 of Figure 3, or
15  combinations thereof. In some embodiments, the third plurality of semiconductor
dice are produced from specified locations on each of the plurality of production
wafers. In some embodiments, the third phirality of semiconductor dice are
produced from common specified locations on each of the plurality of production
wafers. In some embodiments, training the neural network using the respective
20 assembly-level test data and the system-level verification test data associated with
each of the third plurality of semiconductor dice may include determining inter-
walfer correlation.
[G055] FIG. 6 is a block diagram llustrating a machine in the example
form of a computer system 600, within which a set or sequence of instructions
25  may be executed to cause the machine to perform any one of the methodologies
discussed herein, according to an example embodiment. In alternative
embodiments, the machine operates as a standalone device or may be connected
{e.g., networked) to other machines. In a networked deployment, the machine may

operate in the capacity of either a server or a client machine in server-client

[ 9]
<

network environments, or it may act as a peer machine in peer-to-peer {(or
distributed) network environments. The machine may be a personal computer

(PC), a tablet PC, a hybrid tablet, a server, or any machine capable of executing
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instructions (sequential or otherwise) that specify actions to be taken by that
machine. Further, while only a single machine is illustrated, the term “machine”
shall also be taken to include any collection of machines that individually or
jointly execute a set {or multiple sets) of instructions to perform any one or more

5 of the methodologies discussed herein. Similarly, the term “processor-based

systemt” shall be taken to include any set of one or more machines that arg
conirolled by or operated by a processor {(e.g., a computer) to individually or
jointly execute instructions to perform any one or more of the methodologies
discussed herein.

10 [6656] Example computer system 600 includes at least one processor unit
602 (e.g., a central processing unit (CPLU), a graphics processing uvnit (GPU) or
both, processor cores, compute nodes, etc.), a main memory 604 and a static
memory 606, which communicate with each other via a link 608 (e.g., bus). The
computer system 600 may further include a2 video display unit 610, an

15 alphanumeric input device 612 (e.g., a keyboard), and a user interface (UD)
navigation device 614 (e.g., a mouse). In one embodiment, the video display unit
6140, input device 612 and Ul navigation device 614 are incorporated into a touch
screen display. The computer systern 600 may additionally include a storage
device 616 (e.g., a drive unit), a signal generation device 618 (e.g., a speaker), a

20 network interface device 620, and one or more sensors {(not shown), such as a
global positioning system (GPS) sensor, compass, accelerometer, gyrometer,
magnetometer, or other sensor.

[6a57] The storage device 616 includes a machine-readable mediuom 622
on which is stored one or more sets of data structures and instructions 624 (e.g.,

25  software) embodying or utilized by any one or more of the methodologies or
functions described herein. The instructions 624 may also reside, completely or at
least partially, within the main memory 604, static memory 606, and/or within the
processor anit 602 during execution thereot by the computer systemn 600, with the

main memory 604, static memory 606, and the processor unit 602 also constituting

[ 9]
<

machine-readable media.
{8058] While the machine-readable medium 622 is itlustrated in an

example embodiment to be a single medium, the term “machine-readable

o]
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g., a centralized or

&

medium” may include a single medium or multiple media {e.
distributed database, and/or associated caches and servers) that store the one or
more instructions 624. The term “machine-readable medium” shall also be taken
to include any tangible medium that is capable of storing, encoding or carrying
5 instructions for execution by the machine and that cause the machine to perform
any one or more of the methodologies of the present disclosure or that is capable
of storing, encoding or carrying data structures atilized by or associated with such
instructions. The term “raachine-readable medium” shall accordingly be taken to
inchude, but not be limited to, solid-state memories, and optical and magnetic
10 media. Specific examples of machine-readable media include nown-volatile
memory, including but not imited to, by way of example, semiconductor memory
devices {e.g.. eclectrically programmable read-only memory (EPROM),
electrically erasable programmable read-only memory (EEPROM)) and {lash
memory devices; magnetic disks such as internal hard disks and removable disks;
15 magneto-optical disks; and CD-ROM and DVD-ROM disks.
16659 The instructions 624 may further be transmitted or received over a
commumnications network 626 using a transmission medium via the network
interface device 620 utilizing any one of a number of well-known transfer
protocols (e.g., HUTP). Examples of communication networks include a local area
20 network (LAN), a wide area network (WAN), the Internet, mobile telephone
networks, plain old telephone (POTS) networks, and wireless data networks {e.g.,
Bluetooth, Wi-Fi, 3G, and 4G LTE/ATE-A or WiMAX networks). The term
“transmission mediom’” shall be taken to include any intangible medium that is
capable of storing, enceding, or carrving instructions for execution by the
25  machine, and inclodes digital or analog communications signals or other
intangible medium to facilitate conununication of sach software.
HESH Various tHustrative components, blocks, configurations, modules,
and steps have been described above generally in terms of their functionality.

Skilled artisans may imiplement the described functionality in varying ways for

[ 9]
<

each particular application, but such implementation decisions should not be

interpreted as causing a departure from the scope of the present disclosure.
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16661] The previous description of the disclosed embodiments is provided
to enable a person skilled in the art to make or use the disclosed embodiments.
Various modifications to these embodiments will be readily apparent to those
skilled in the art, and the principles defined herein may be applied to other
5 embodiments without departing from the scope of the disclosure. Thus, the present
disclosure is not intended to be limited to the embodiments shown herein but is to
be accorded the widest scope possible consistent with the principles and novel
features as previously described.
[8062] Examples, as described herein, may include, or may operate on, logic or
10 a number of components, modules, or mechanisms. Modules are tangible entities
{e.g., hardware) capable of performing specified operations and may be
configured or arranged in a certain manner. [n an example, circuits may be
arranged {e.g., internally or with respect to external entities such as other circuits)
in a specified manner as a module. In an example, the software may reside on at
15 least one machine-readable medivm.
{8063] The term “module” is understood to encompass a tangible entity, be that
an entity that is physically constructed, specifically configured (e.g., hardwired),
or temporarily (e.g., transitorily) configured {(e.g., programmed) to operate in a
specified manner or to perform at least part of any operation described herein.
20 Considering examples in which modules are temporarily configured, a module
need not be instantiated at any one moment in time. For example, where the
modules comprise a general-purpose hardware processor configured using
software; the general-purpose hardware processor may be configured as respective
ditferent modules at different times. Software may accordingly configure a
25  hardware processor, for example, to constitute a particular module at one instance
of time and to constitute a different module at a different instance of time. The
terms “application, process, or service,” or variants thereof, is used expansively
herein to inclade routines, program modules, programs, components, and the like,

and may be implemented on various system configurations, including single-

[ 9]
<

processor or multiprocessor systems, microprocessor-based electronics, single-
core or multi-core systems, combinations thereof, and the like. Thus, the terms

“application, process, or service” may be used to refer to an embodiment of
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software or to hardware arranged to perform at least part of any operation

described herein.

[8064] While a machine-readable medium may include a single medium, the

term "machine-readable medium” may include a single medium or multiple media
5 {e.g.. a centralized or distributed database, and/or associated caches and servers).

Additional Notes & Hxamples:

[3065] Example 1 is a device to generate system-level verification
predictions comprising: a prediction circuit including a neural network, the
prediction circuit to: during a first phase: receive respective assembly-level test

10 data and respective system-level verification test data associated with each of a
first plurality of end products, the first plurality of end products produced from a
plurality of training units; and train the neural network using the respective
assembly-level test data and the system-level verification test data associated with
each of the first plarality of end products; and daring a second phase: receive

15 respective assembly-level test data associated with each of a second plurality of
end products, the second plurality of end products produced from a plurality of
production units; and determine, using the neural network, a system-level pass/fail
decision for each of the second plurality of end products based on the respective
assembly-level test data.

20 [gbes6] In Example 2, the sabject matter of Example 1 optionally inchudes
a transceiver o receive the respective assembly-level test data associated with
each of the first plurality of end products and the respective assembly-level test
data associated with each of the second plurality of end products.

{8667] In Example 3, the subject matter of Example 2 optionally includes

25  wherein the transceiver communicates with a plorality of testers to receive the
respective assembly-level test data associated with each of the first plurality of
end products and the respective assembly-level test data associated with each of
the second plurality of end producis.

[(068] In Example 4, the subject matter of any one or more of Examples

30 2-3 optionally include wherein the transceiver further to receive the respective

system-level test data associated with each of the first plurality of end products.
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16669 in Example 5, the subject matter of any one or more of Examples
1-4 optionally inchide wherein the prediction circuit further to receive telemetry
data from a tester, wherein training of the neural network further uses the telemetry
data.

5 (6676 In Example 6, the sabject matter of Example 3 optionally inchuides
wherein the telemetry data includes environmental data or tester health data.
[6071] In Example 7, the subject matter of any one or more of Examples
i-6 optionally include wherein, during the second phase, the prediction circuit
further to: receive respective assembly-level test data and respective system-level

10 verification test data associated with each ot a third plarality of end products, the
third plurality of end products produced from the plurality of production units; and
train the neural network using the respective assembly-level test data and the
system-level verification test data associated with each of the third plurality ofend
products.

15 [6672] In Example 8, the subiect matter of any one or more of Examples
1-7 optionally inchide wherein the plurality of training units and the plurality of
production units are divided from a common supply.

[6673] In Exaraple 9, the subject matter of any one or more of Examples
1-8 optionally include wherein the plurality of production units includes

20 semiconductor wafers and the second plorality of end products includes
semiconductor dice.

[6074] Example 10 is a device to generate system-level verification
predictions comprising: a neural network circuit including a neural network,
wherein, during a first phase, the neural network circuit to train the neural network

25  using respective assernbly-level test data and the system-level verification test
data associated with each of a first plurality of semiconductor dice, the first
plurality of semiconductor dice produced from a plurality of training wafers,
wherein, during a second phase, the neural network circuit to determine, asing the
neural network, a system-level pass/fail decision for each of second plarality of

30 semiconductor dice based on respective assembly-level test data associated with
each of the second plurality of semiconductor dice, the second plurality of

sermiconductor dice produced from a plurality of production wafers.
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{8675] in Example 11, the subject matter of Example 10 optionally
inchudes wherein, during the second phase, the neural network circuit further to
train the neoral network using the respective assembly-level test data and the
system-level verification test data associated with each of a third plurality of

5 semiconductor dice, the third plurality of semiconductor dice produced from each

of the plurality of production wafers.

[6076] In Example 12, the subject matter of Example 11 optionally
inchudes wherein the third plurality of semiconductor dice are produced from
specified locations on each of the plurality of production wafers.

10 [6677] In Example 13, the subject matter of any one or more of Examples
11-12 optionally include wherein the third plurality of semiconductor dice are
praduced from common specified locations on each of the plurality of production
walers.

[G078] In Example 14, the subject matter of Example 13 optionally

15  inclodes wherein o train the neural network using the respective assembly-level
test data and the system-level verification test data associated with gach of the
third plurality of semiconductor dice includes the neural network to determine
inter-wafer correlation.

[6679] In Example 15, the subject matter of any one or more of Examples

20 13-14 optionally include wherein the plurality of training wafers and the plurality
of production waters are sliced from a common ingot of semiconductor material.
[GO80] In Example 16, the subject matter of any one or more of Examples
10-15 optionally include wherein assembly-level test data associated with each of
a first plorality of semiconductor dice inclodes wafer-level test data and

25 semiconductor-die level test data.

[6081] In Example 17, the subject matter of any one or more of Examples
1016 optionally include whersin assembly-level test data inchides leakage
current, transistor drive strengths, device capacitances, transistor performance,
metal resistance, interconnect capacitance, optical images, or combinations

30 thereof

16682] Example 18 is a method to generate system-level verification

predictions comprising: during a first phase: receiving respective assembly-level

26
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test data and respective system-level verification test data associated with each of
a first pluarality of end products, the first plurality of end products produced from
a plurality of raining units; and training a neural network of a prediction circuit
using the respective assembly-level test data and the system-level verification test
5 data associated with each of the first plurality of end products; and during a second
phase: receiving respective assembly-level test data associated with each of a
second plurality of end products, the second plarality of end products produced
from a plurality of production units; and determining, using the neural network, a
systermn-level pass/fail decision for each ot the second plurality of end products
10 based on the respective assembly-level test data.
[6083] In Example 19, the subject matter of Example 18 optionally
includes communmnicating with a plurality of testers o receive the respective
assembly-level test data associated with each of the first plarality of end products
and the respective assembly-level test data associated with each of the second
15 plurality of end products.
{6684] In Example 20, the subject matter of any one or more of Examples
1819 optionally include receiving telemetry data from a tester, wherein training
of the neural network firther uses the telemetry data.
[6085] In Example 21, the subject matter of Example 20 optionally
20 includes wherein the telemetry data includes environmental data or tester health
data.
[6086] In Example 22, the subject matter of any one or more of Examples
18-21 optionally include receiving respective assembly-level test data and
respective system-level verification test data associated with each of a third
25  plurality of end products produced from the plurality of production units; and
training the neural network using the respective assembly-level test data and the
system-level verification test data associated with each of the third plurality ofend
products.
[G087] In Example 23, the subject matter of any one or more of Examples
30 18-22 optionally include wherein the plurality of training units and the plurality

of production units are divided from a common supply.

2



WO 2017/200770 PCT/US2017/031245

{6688] in Example 24, the subject matter of any one or more of Examples
18-23 optionally include wherein the plurality of production units includes
sermiconductor wafters and the second plurality of end products includes
semiconductor dice.

5 6689 Example 25 is at least one medium including instructions that,
when executed on a machine cause the machine to perform any of the methods of
Examples 18-24.

16696 Example 26 is an apparatus comprising means for performing any
of the methods of Examples 18-24.

10 [6681] Example 27 is a method to generate system-level verification
predictions comprising: during a first phase, training a neural network of a neural
network circuit using respective assembly-level test data and the system-level
verification test data associated with each of a first plurality of semiconductor dice
prodaced from a plurality of training wafers; and doring a second phase,

15  determining, using the neural network, a system-level pass/fail decision for each
of second plurality of semiconductor dice based on respective assembly-level test
data associated with each of the second plurality of semiconductor dice, the second
plurality of semiconductor dice produced from a plurality of production wafers.
[6097] In Example 28, the subject matter of Example 27 optionally

20 includes wherein, during the second phase, training the neural network using the
respective assembly-level test data and the system-level verification test data
associated with each of a third plurality of semiconductor dice produced from each
of the plurality of production wafers.

{6693] In Example 29, the subject matter of Example 28 optionally

25  includes wherein the third plarality of semiconductor dice are produced from
specified locations on each of the plurality of production wafers.

16694 in Example 30, the subject matter of any one or more of Examples
28-29 optionally include wherein the third plurality of semiconductor dice are
produced from common specified locations on each of the phurality of production

30 wafers.

16695] in Example 31, the subject matter of Example 30 optionally

inchides wherein training the neural network using the respective assembly-level

28
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test data and the system-level verification test data associated with each of the
third plurality of semiconductor dice includes determining inter-wafer corrglation.
[6696] In Example 32, the subject matter of any one or more of Examples
27-31 optionally include wherein assembly-level test data associated with each of
5 a first plurality of semiconductor dice includes wafer-level test data and
semiconductor-die level test data.
[6097] In Example 33, the subject matter of any one or more of Examples
27-32 optionally include wherein the assembly-level test data includes leakage
curent, transistor drive strengths, device capacitances, transistor performance,
10 metal resistance, interconnect capacitance, optical images, or combinations
thereof.
16698 Example 34 is at least one medium including instructions that,
when executed on a machine cause the machine to perform any of the methods of
Examples 27-33.
15 [6699] Exarople 35 is an apparatus comaprising means for performing any
of the methods of Examples 27-33.
{8610¢] Example 36 is an apparatus comprising: during a {irst phase: means
for receiving respective assembly-level test data and respective system-level
verification test data associated with each of a {irst plurality of end products, the
20 first plorality of end products produced from a plurality of training units; and
means for training a neural network of a prediction circuit using the respective
assembly-level test data and the system-level verification test data associated with
each of the first plurality of end products; and during a second phase: rmeans for
receiving respective assembly-lgvel test data associated with each of a second
25  plurahity of end products, the second plurality of end products produced from a
plurality of production units; and means for determining, using the neural network,
a system-level pass/fail decision for each of the second plurality of end products
based on the respective assembly-level test data.
[G0101] In Example 37, the subject matier of Example 36 optionally
30 inclodes means for communicating with a plurality of testers to receive the

respective assemnbly-level test data associated with each of the first plurality of
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end products and the respective assembly-level test data associated with each of
the second plurality of end products.
[66162] In Example 38, the subject matter of Example 37 optionally
includes means for receiving telemetry data from a tester, wherein training of the
5 neural network {urther uses the telemetry data.
[66163] In Example 39, the subject matter of Example 38 optionally
incindes wherein the telemetry data includes environmental data or tester health
data.
[86104] In Example 40, the subject matter of any one or more of Examples
10 36-39 opuonally include means for receiving respective assembly-level] test data
and respective system-level verification test data associated with each of a third
plarality of end products produced from the plurality of production units; and
means for training the neural network using the respective assembly-level test data
and the system-level verification test data associated with each of the third
15 plurality of end products.
[86105] In Example 41, the subject matter of any one or more of Examples
36-40 optionally inchude wherein the plorality of traiming units and the plurality
of production anits are divided from a common supply.
(66106] In Example 42, the subject matter of any one or more of Examples
280 36-41 optiomally include wherein the plurality of production units inchuides
semiconductor wafers and the second plurality of end products inchudes
semiconductor dice.
[60107] Exaraple 43 is an apparatus comprising: during a first phase, means
for training a neural network of 3 neural network circuit using respective
25  assembly-level test data and the system-level verification test data associated with
each of a first plurality of semiconductor dice produced from a plurality of training
wafers; and during a second phase, means for determining, using the neural
network, a system-level passffail decision for each of second plurality of
semiconductor dice based on respective assembly-level test data associated with
30  each of the second plurality of semiconductor dice, the second plurality of

semiconductor dice produced from a plurality of production wafers.
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{661058] in Example 44, the subject matter of Example 43 optionally
includes wherein, during the second phase, means for training the neural network
using the respective assembly-level test data and the system-level verification test
data associated with each of a third plurality of semiconductor dice produced from
5 each of the plurality of production walers.
[(6109] In Example 45, the subject matter of Example 44 optionally
inciades wherein the third plirality of semiconductor dice are produced from
specified locations on each of the plurality of production wafers.
{66119} In Example 46, the subject matter of any one or more of Examples
10 44-45 optionally inchide wherein the third phirality of semiconductor dice are
produced from common specified locations on each of the plurality of production
wafers.
{0111 In Example 47, the subject matter of Example 46 optionally
incindes wherein means for training the neural network using the respective
15 assembly-level test data and the system-level verification test data associated with
each of the third plurality of semiconductor dice includes means for determining
inter-wafer correlation.
[66112] In Example 43, the subject matter of any one or more of Examples
43-47 optionally include wherein assembly-level test data associated with each of
20 a furst plurality of semiconductor dice includes wafer-level test data and
semiconductor-die level test data.
[60113] In Example 49, the subject matter of any one or more of Examples
43-48 optionally include wherein assembly-level test data includes leakage
curent, transistor drive strengths, device capacitances, transistor performance,
25  metal resistance, interconnect capacitance, optical images, or combinations
thereof.
166114] The above detailed description includes references to the accompanying
drawings, which form a part of the detailed description. The drawings show, by
way of tllustration, specific embodiments that may be practiced. These
30  embodiments are also referred to herein as “examples.” Such examples may
include elements in addition to those shown or described. However, also

conternplated are examples that inchude the elements shown or described.
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Moreover, also contemplate are examples using any combination or permutation
of those elements shown or described (or ong or more aspects thergof}, either with
respect to a particalar example (or one or more aspects thereot), or with respect to
ather examples {or one or more aspects thereof) shown or described herein.

5 [603115] Publications, patents, and patent docoments referred to in this document
are incorporated by reference herein in their entirety, as though individually
incorporated by reference. In the event of inconsistent usages between this
document and those documents so incorporated by reference, the usage in the
incorporated reference(s) are supplementary to that of this docoment; for

10 irreconcilable inconsistencies, the usage in this document controls.

[66116] In this docurent, the terms “a” or “an” are used, as is common in patent
documents, to include one or more than one, independent of any other instances
or usages of “at least one” or “one or more.” In this document, the term “or” is
used to refer to a nonexclusive or, such that “A or B” includes “A but not B,” “B
15 but not A,” and “A and B,” unless otherwise indicated. In the appended claims,
the terms “including” and “in which” are used as the plain-English equivalents of
the respective terms “comprising” and “wherein.” Also, in the following claims,
the terms “including” and “comprising” are open-ended, that is, a system, device,
article, or process that includes elements in addition to those listed after such a
20 term in a claim are still deemed to fall within the scope of that claim. Moreover,

%9 s

in the following claims, the terms “first,” “second,” and “third,” etc. are used
merely as labels, and are not intended to suggest a numerical order for their
objects.
[86117] The above description is intended to be ilustrative, and not restrictive.

25  For example, the above-described examples {or one or more aspects thereof) may
be used in combination with others. Other embodiments may be used, such as by
one of crdinary skill in the art upon reviewing the above description. The Abstract
is to allow the reader to quickly ascertain the nature of the technical disclosure and

is submitted with the understanding that it will not be used to interpret or limit the

[ 9]
<

scope or meaning of the claims. Also, in the above Detailed Description, various
features may be grouped together to streamline the disclosure. However, the

claims may not set forth {eatures disclosed berein because embodiments may
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inchude a subset of said features. Further, embodiments may include fewer features
than those disclosed in a particular example. Thus, the following claims are hereby
incorporated into the Detailed Deseription, with a claim standing on its own as a
separate embodiment. The scope of the embodiments disclosed herein is to be
5 determined with reference to the appended claims, along with the full scope of

equivalents to which such claims are entitled.
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CLAIMS

What is claumed 1s:

5 1. A device to perform system-level verification predictions comprising:
a prediction circuit inchuding a neural network, the prediction circuit to:
during a first phase:
receive respective assembly-level test data and respective
system-leve] verification test data associated with each of a first
16 plurality of end products, the first phurality of end products
produced from a plurality of training units; and
train the neural network using the respective assembly-
level test data and the system-level verification test data associated
with each of the first plurality of end products; and
15 during a second phase:
receive respective assembly-level test data associated with
each of a second plurality of end products, the second plarality of
end products produced from a phirality of production umts; and
determine, using the neural network, a system-level
20 pass/fail decision for each of the second plurality of end products

based on the respective assembly-level test data.

2. The device of claim 1, further comprising a transceiver to receive the
respective assembly-level test data associated with gach of the first phurality of
25  end products and the respective assembly-level test data associated with each of

the second plurality of end products.

3. The device of claim 2, wherein the transceiver comuicates with a
plarality of testers to receive the respective assembly-level test data associated
30 with each of the first plurality of end products and the respective assembly-level

test data associated with each of the second plurality of end products.
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4, The device of claim 2, whergin the transceiver further to receive the
respective system-level test data associated with each of the first plurality of end

products.

5 5 The device of claim 1, wherein the prediction circuit further to receive
telemetry data from a tester, wherein training of the neural network turther uses

the telemetry data.

6. The device of claim 5, wherein the telemetry data includes environmental

16 data or tester health data.

7. The device of claim: 1, wherein, during the second phase, the prediction
circuit further to:

receive respective assembly-level test data and respective system-level

15 werification test data associated with each of a third plurality of end products, the

third plurality of end products produced from the plurality of production anits; and

further train the neural network using the respective assembly-leve] test

data and the system-level verification test data associated with each of the third

plurality of end products.

20
&. The device of claim 1, wherein the plurality of training units and the
plurality of production units are divided from a common supply.
9, A device to perform system-level verification predictions comprising:

25 a neural network circuit including a neural network, wherein, during a tirst

phase, the neural network circuit to train the neural network using respective
assembly-level test data and the system-level verification test data associated with
each of a first plurality of semiconductor dice, the first plurality of semiconducior
dice prodaced from a plurality of training wafers, wherein, during a second phase,
30 the neural network circuit to determine, using the neural network, a system-level
pass/fail decision for each of second plurality of semiconductor dice based on

respective assembly-level test data associated with each of the second plurality of

()
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semiconductor dice, the second plurality of semiconductor dice produced from a

pharality of production waters.

10. The device of claim 9, wherein, during the second phase, the neural
5 network circuit further to train the neural network using the respective assembly-
level test data and the system-level verification test data associated with each of a
third plarality of semiconductor dice, the third plorality of semiconductor dice

produced from each of the plurality of production wafers.

(LU The device of claim 9, wherein the third plurality of semiconductor dice
are produced from specified locations on each of the plurality of production

wafers,

12. The device of claim 9, wherein the plurality of training wafers and the
15 plurality of prodaction waters are sliced from a common ingot of semiconductor

material.

13. The device of claim 9, wherein assembly-level test data includes jeakage
current, transistor drive strengths, device capacitances, transistor performance,
20 metal resistance, interconnect capacitance, optical images, or combinations

thereof.

i4. A method to perform system-level verification predictions comprising:
during a first phase:
25 receiving respective assernbly-level test data and respective
system-level verification test data associated with each of a first plurality
of end products, the first plurality of end products produced from a
plurality of training units; and

training a neural network of a prediction circuit using the

[ 9]
<

respective assembly-level test data and the system-level verification test
data associated with each of the first plurality of end products; and

during a second phase:
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receiving respective assembly-level test data associated with each
of a second plurality of end products, the second plurality of end products
produced from a plurality of production units; and
determining, using the neural network, a system-level pass/iail
5 decision for each of the second plurality of end products based on the

respective assembly-level test data.

i5. The method of claim 14, further comprising communicating with a
pharality of testers o receive the respective assembly-level test data associated
10 with each of the first plurality of end products and the respective assembly-level

test data associated with each of the second plurality of end products.

16. The method of claim 135, further comprising receiving telemetry data from

a tester, wherein training of the neural network {urther uses the telemetry data.

15
17. The method of claim 16, whergin the telemetry data includes
environmental data or tester health data.
18, The method of claim 14, further comprising:

20 receiving respective assembly-level test data and respective system-level

verification test data associated with each of a third plurality of end products
produced from the plurality of production units; and

training the neural network using the respective assembly-level test data
and the system-level verification test data associated with each of the third

25  plurality of end products.

19. A method to perform system-level verification predictions comprising:
during a first phase, training a neural network of a neural network circuit
using respective assembly-level test data and the system-level verification test
30 data associated with each of a first plurality of semiconductor dice produced from
a plurality of training wafers; and
during a second phase, determining, using the neural network, a system-

level pass/fail decision for each of second plurality of semiconductor dice based
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on respective assembly-level test data associated with each of the second plurality
of semiconductor dice, the second plurality of semiconductor dice produced from

a plurality of production waters.

5 20 The method of claim 19, wherein, during the second phase, training the
neural network using the respective assembly-level test data and the system-level
verification test data associated with each of a third plurality of semiconductor

dice produced from each of the plurality of production wafers.

10 21 The method of claim 20, wherein the third plarality of semiconductor dice
are produced from copunon specified locations on each of the plurality of

praduction wafers.

22. The method of claim 21, wherein training the neural network using the
15 respective assembly-level test data and the system-level verification test data
associated with each of the third plarality of semiconductor dice includes

determining inter-wafer correlation.

23. The method of claim 19, wherein the assembly-level test data associated
20 with each of a first plurality of semiconductor dice includes water-level test data

and semuconductor-die level test data.

24, At least one medium including instructions that, when executed on a
machine cause the machine to perform any of the methods of claims 14-23.

25
25. An apparatus comprising means for performaing any of the methods of

claims 14-23.
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; 400

DURING A FIRST PHASE, RECEIVE RESPECTIVE ASSEMBLY-
LEVEL TEST DATA AND RESPECTIVE SYSTEM-LEVEL
VERIFICATION TEST DATA ASSOCIATED WITH EACH OF A W~ 410
FIRST PLURALITY OF END PRODUCTS PRODUCED FROM A
PLURALITY OF TRAINING UNITS.

¥
DURING THE FIRST PHASE, TRAIN A NEURAL NETWORK OF A
PREDICTION CIRCUIT USING THE RESPECTIVE ASSEMBLY-
LEVEL TEST DATA AND THE SYSTEM-LEVEL VERIFICATION k420
TEST DATA ASSOCIATED WITH EACH OF THE FIRST
PLURALITY OF END PRODUCTS.

¥

DURING A SECOND PHASE, RECEIVE RESPECTIVE
ASSEMBLY-LEVEL TEST DATA ASGOCIATED WAITH EACH OF A 430
SECOND PLURALITY OF END PRODUCTS PRODUGED FROM A ™

PLURALITY OF PRODUCTION UNITS.

3

DURING THE SECOND PHASE, DETERMINE, USING THE
NEURAL NETWORK, A SYSTEM-LEVEL PASS/FAIL DECISION 440
FOR EACH OF THE SECOND PLURALITY OF END PRODUCTS [~
BASED ON THE RESPECTIVE ASSEMBLY-LEVEL TEST DATA.
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Aj’” 500

DURING A FIRST PHASE, TRAIN A NEURAL NETWORK OF A
NEURAL NETWORK CIRCUIT USING RESPECTIVE ASSEMBLY-
LEVEL TEST DATA AND THE SYSTEM-LEVEL VERIFICATION
TEST DATA ASSOCIATED WITH EACH OF A FIRST PLURALITY ™~
OF SEMICONDUCTOR DICE PRODUCED FROM A PLURALITY
OF TRAINING WAFERS.

510

DURING A SECOND PHASE, DETERMINE, USING THE NEURAL
NETWORK, A SYSTEM-LEVEL PASS/FAIL DECISION FOR EACH
OF SECOND PLURALITY OF SEMICONDUCTOR DICE BASED

ON RESPECTIVE ASSEMBLY-LEVEL TEST DATA ASSOCIATED \...
WITH EACH OF THE SECOND PLURALITY OF
SEMICONDUCTOR DICE. 520
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