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sets in a data storage device. Optimal read voltage thresholds vary across memory elements of a
device. However, data storage devices are often limited in the number of read voltage thresholds
that can be maintained in the device. Thus, it may not be possible to maintain optimal read voltage
parameters for each memory element within a device. The systems and methods described here-
in provide for increased accuracy of read voltage thresholds when applied to memory elements
within a specitic location in a device, by enabling the use of location-based read voltage offsets,
depending on a relative location of the memory element being read from. The read voltage offsets
L can be determined based on application of a neural network to data regarding optimal read voltage
thresholds determined from at least a sample of memory elements in a device.
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WORDLINE READ VOLTAGE OFFSETS IN SOLID STATE MEMORY DEVICES

BACKGROUND

[0001]  Non-volatile memory, such as flash memory, have been widely
adopted for use in consumer products. Flash memory may be found in different
forms, for example in the form of a portable memory card that can be carried
between host devices or as a solid state disk (SSD) embedded in a host device.
Flash memory devices can enhance data storage density by storing multiple bits
in each flash memory cell. For example, Multi-Level Cell (MLC) flash memory
devices can provide increased storage density by storing 3 bits per cell, 4 bits per
cell, or more.

[0002]  Storing multiple bits of information in a single flash memory cell
typically includes mapping sequences of bits to states of the flash memory cell.
For example, a first sequence of bits “110” may correspond to a first state of a
flash memory cell and a second sequence of bits “010” may correspond to a
second state of the flash memory cell. After determining that a sequence of bits
is to be stored into a particular flash memory cell, the particular flash memory cell
may be programmed to a state (e.g., by setting a threshold voltage) that
corresponds to the sequence of bits.

[0003] Once memory cells in a data storage device have been
programmed, data may be read from the memory cells by comparing the cell
read out voltage to one or more read voltage thresholds, each of which
corresponds to a different state. These read voltage thresholds may vary
between memory cells or groups of memory cells (e.g., blocks of cells). Thus, a
device may be configured to store, for each memory cell or group of cells, a set of
read voltage thresholds to be used for the particular memory cell or group of
cells. Such voltage thresholds can form part of a set of operating parameters for
the memory cell or group of cells. Various other operating parameters may also
vary among cells or groups of cells, and be stored as operating parameters for
the cell or group. To reduce the memory necessary to store operating
parameters and reduce computing requirements necessary to apply operating
parameters when reading from or writing to a cell or cell group, the device may
limit the total number of unique sets of operating parameters, such that multiple

-



WO 2019/005230 PCT/US2018/022502

cells or cell groups share a common set of operating parameters applied when
reading from or writing to the cells or cell groups. Operating parameter sets may
therefore attempt to represent an overall “best fit” for the cells or cell groups to
which they are applied, rather than representing optimal operating parameters for
each such cell or cell group.

BRIEF DESCRIPTION OF THE DRAWINGS

[0004] Systems and methods that embody the various features of the
invention will now be described with reference to the following drawings, in which:

[0005] Fig. 1 is a block diagram illustrating a combination of a host
system and a data storage device according to some embodiments of the present
disclosure.

[0006]  Fig. 2 is an illustrative visualization of a data block within a data
storage device of Fig. 1.

[0007] Fig. 3 is an illustrative visualization of a collection of operating
parameter sets that may be applied by a data storage device of Fig. 1 when
reading from or writing to memory cells within a data block.

[0008] Fig. 4 is an illustrative routine for compacting operating
parameters sets by identifying similar operating parameter sets according to a
reduced dimensionality of the sets.

[0009] Fig. 5 is a flow-diagram illustrating operation of a data storage
device of Fig. 1 to determine read threshold value offsets according to
characteristics of a memory cell or group of memory cells, and to modify read
value thresholds for the memory cell or group of memory cells according to the
offset when reading from the memory cell or group of memory cells.

[0010] Fig. 6 is an illustrative routine for determining read threshold
value offsets according to characteristics of a memory cell or group of memory
cells by application of a machine learning algorithm to information regarding the

memory cell or group of memory cells.

DETAILED DESCRIPTION
[0011]  While certain embodiments are described, these embodiments
are presented by way of example only, and are not intended to limit the scope of
protection. Indeed, the novel methods and systems described herein may be
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embodied in a variety of other forms.  Furthermore, various omissions,
substitutions, and changes in the form of the methods and systems described
herein may be made without departing from the scope of protection.

Overview

[0012]  Generally, some embodiments of systems and methods
described herein improve the performance of a flash memory device by providing
efficient, accurate algorithms and processes for compacting multiple operating
parameter sets on the device into a single operating parameter set. Moreover,
some embodiments of the systems and methods described herein can increase
the accuracy of such operating parameter sets when applied to specified
groupings of cells within a flash memory device, by enabling modifications to
such operating parameter sets when applied to specific groupings of cells.
Generally described, operating parameters establish parameters used to read to
or write from a memory cell or group of memory cells (e.g., data blocks or
wordlines) within a flash memory device. While it may be possible for a device to
determine optimal operating parameters for each memory cell or group of cells
within the device, such a process may significantly increase the computing
resources required at the device (e.g., in terms of memory to store the operating
parameters for each cell or group of cells, in terms of processing cycles required
to retrieve and apply the correct operating parameters when writing to a cell or
group of cells, etc.). To limit such increases, the flash memory device can be
configured to allow storage a predetermined number of operating parameter sets,
and to assign each cell or group of cells to a given operating parameter set from

that number of sets.

[0013] lllustratively, a device can be configured to store 48 operating
parameter sets, and to use one of such 48 sets to read from or write to each
memory cell or group of memory cells within a device. At various points within
the operating life of a device, the device may determine whether a current set of
operating parameters is appropriate for a given cell or group of cells (e.g.,
whether use of the operating parameters results in an error rate for the cell or cell
group of less than a threshold amount). Depending on usage, memory cells in a
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device may be impacted differently, and over time re-calibration of operating
parameters may be needed. If the current set of operating parameters is not
appropriate, the device may attempt to determine a new set of operating
parameters for the cell or cell group, and to store that new set of operating
parameters as one of the allowed number of sets. If the allowed number of
operating parameter sets has not yet been reached, the device may simply store
the new operating parameter sets. However, if the device already maintains the
maximum allowed number of operating parameter sets, the device can be
required to compact two or more operating parameter sets into a single operating
parameter set, thus reducing the number of maintained sets to under the allowed

number and enabling storage of a new operating parameter set.

[0014]  Generally, it is beneficial to compact the two “most similar’
operating parameter sets, to result in a new set that will provide satisfactory
operating parameters for cells or cell groups associated with the two compacted
sets. However, as the number of operating parameters in a set rises, so does the
computational complexity required to compare each parameter of each group,
and to determine the “most similar” sets. Thus, it would be beneficial to enable a
device to efficiently compare different operating parameter sets to determine one
or more similar sets for compaction, without requiring the device to exhaustively
compare each parameter of each set. As discussed below, the present
disclosure enables a device to do so, by enabling a device to interpret an
operating parameter set as an n-dimensional data point, and then compare each
set by reducing the dimensionality of such data points (representing operating
parameter sets), thus increasing the efficiency with which operating parameter
sets can be compacted. Moreover, as discussed in detail below, aspects of the
present disclosure enable the use of “offsets” for operating parameter sets, which
modify operating parameters within an operating parameter set based on a
specific memory cell to which the operating parameters are being applied. These
offsets can significantly increase the accuracy of operating parameter sets
without increasing the number of operating parameter sets maintained at a flash
memory device.

[0015]  Operating parameters can include any parameters used by a

flash memory device to write to or read from memory cells or memory cell
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groups, and which can vary between memory cells or cell groups. For example,
operating parameters can include a set of read voltage thresholds for a block of
memory cells (representing a logical grouping of memory cells), used to
distinguish between various potential values stored by the block of memory cells.
Another example of an operating parameter can be the number of “soft bits”
stored by a block of memory cells. Generally described, soft bits can be used to
indicate a reliability of the information stored in a memory cell. Example uses of
soft bits are described in more detail in U.S. Patent Application Publication No.
2017/0046220 to Sharon et al., entitled “Soft Bit Techniques for a Data Storage
Device,” the entirety of which is hereby incorporated by reference in its entirety.
Still other examples of operating parameters can include voltage levels or
increments used to write data to a data block or error correction mechanisms
applied to the data block. In one embodiment, an operating parameter may
include a determined quality class of a data block. Systems and methods for
determining block quality class are described in more detail in co-pending U.S.
Patent Application No. _ / , . entitled “Identifying Memory Block Write
Endurance Using Machine Learning,” filed on June 30, 2017 (Att'y Docket No:
SDA-3174-US-SILSP.331A) (the “___ Application”) which is hereby incorporated
by reference in its entirety.

[0016] As an illustrative example, consider an instance in which a flash
memory device uses 3-bit per cell MLC memory, and maintains operating
parameter sets including seven read voltage thresholds corresponding to the
seven potential states of each 3-bit cell. Further assume that the device is
configured to store no more than 48 different operating parameter sets (each
representing a different collection of seven read voltage thresholds), and that the
device is configured to reassess the operating parameter set applied to a data
block at various points during operation, such as when the data block completely
written with data or when a bit error rate (BER) is detected at the data block of
above a threshold level. When the device operating parameters for a data block
are reassessed, the device may first attempt to assign one or more existing
parameter sets for use in reading from the data block. For example, the device
may attempt to read the data block using read threshold values established for
one or more most recently established operating parameter sets, and determine
whether such parameters result in adequate performance of the data block (e.g.,
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a bit error rate under a threshold level). If existing operating parameter sets do
not result in adequate performance, the device may attempt to establish a new
operating parameter set. For example, the device may programmatically
determine a set of optimal read threshold values for the data block, and attempt
to store the determined optimal read threshold values as a new operating
parameter set.

[0017]  Various algorithms for determining optimal read threshold values
are known in the art. One example of such an algorithm is described within the
U.S. Patent Publication No. 2014/0355340 to Sharon et al., entitled “Updating
Read Voltages” (the “340 Publication”) which is hereby incorporated by reference
in its entirety. (Note that the term “optimal” as used with respect to “optimal read
threshold values” is intended to refer to read thresholds selected according to an
evaluation metric of an algorithm for determining such values, such as a
minimization of error rate when reading data from a memory cell, as is not
intended to imply that such values are in fact optimal under all conditions or with
respect to all metrics.) In the instance that less than 48 total operating parameter
sets are currently maintained by the device, the determined optimal read
threshold values can be established as an additional operating parameter set
without modifying existing sets. However, if the device currently maintains the 48
allowed operating parameter sets, the device may be required to “compact” two
or more existing operating parameter sets into a single operating parameter set,
to allow for storage of the new operating parameter set.

[0018] One mechanism for compacting operating parameter sets is to
exhaustively compare all values of all sets, and to determine to sets with a
maximum overall similarity. For example, where operating parameter sets
include seven read voltage thresholds {e.g., for use with 3-bit per cell MLC
memory), a device can be configured to compare each combination of two
operating parameter sets, determine a difference of each of the seven read
voltage thresholds between the two sets, and utilize the total difference between
the seven read voltage thresholds as a “distance” metric inversely correlated to
similarity. The device may then determine the two sets with a minimum distance
metric as the most similar, and “compact” the two sets into a single set (e.g., with
seven read voltage thresholds each representing an average of the respective
thresholds of the two prior sets). One of the two prior sets may be replaced with
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the determined single set, and the other prior set may be discarded to make room
for a new set. While the process of exhaustingly comparing distances between
each set may result in reliable identification of the two most similar sets, this
process can be both computationally intensive (e.g., in terms of processing
cycles and memory), and thus result in significant decreases in performance if
implemented in practice.

[0019] To reduce the computational complexity required to locate
similar data sets, a device according to some embodiments of the present
disclosure can be configured to represent each operating parameter set as an n-
dimensional data point, and to reduce the dimensionality of that data point such
that “nearby” data points within the reduced dimensionality space can be
identified for compaction. By viewing operating parameter sets as data points
within a reduced dimensionality space, the computational complexity required to
locate similar operating parameter sets can be reduced, and thus the
performance of a flash memory device can be increased relative to prior
implementations.

[0020] In one embodiment, a flash memory device can be configured to
transform each operating parameter set into a 1-dimensional data point—a single
value representative of the operating parameter set. For example, it has been
determined experimentally that variances between different sets of optimal read
voltage thresholds tend to shift within the same direction under changing
conditions. For example, in 3-bit per cell MLC memory, variances in temperature
of a data block tend to shift optimal values for each of the seven read voltage
thresholds either up or down, as opposed to causing some of the seven read
voltage thresholds to shift up, while simultaneously causing others to shift down.
It is expected that read voltage thresholds for other memory types would also
demonstrate positive shift covariance. While the magnitude of drift is not
necessarily constant across the seven read voltage thresholds, this finding
nevertheless presents an opportunity to reduce an operating parameter set
containing seven read voltage thresholds into a single dimensional value,
representative of the overall shift in the seven thresholds. Accordingly, in one
embodiment, a flash memory device may apply an equation to voltage thresholds
within an operating parameter set to result in a single value representative of the
set. For example, a device containing 3-bit per cell MLC memory may combine
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seven voltage thresholds within each maintained operating parameter set by
summing the seven thresholds (or a value derived from the seven voltage
thresholds, such as a square of each threshold), to result in a single dimensional
data point for each operating parameter set. Thereafter, the single dimensional
data points may be sorted, and the two closest data points (in terms of difference
of value in the single dimension) can be selected for compaction. Thus, a flash
memory device is enabled to greatly simplify the problem of locating similar
operating parameter sets, by reducing the sets to a 1-dimensional data point.

[0021] In another embodiment, a flash memory device is configured to
reduce the dimensionality of each operating parameter set by application of
principal component analysis to parameters within an operating parameter set.
Principal component analysis (“PCA”) is a known statistical process, and thus will
not be described in detail herein. However, in brief, such analysis can include
generation of a covariance matrix from a set of potentially interrelated, n-
dimensional data points, and performing eigendecomposition on the covariance
matrix—a process by which the matrix is decomposed into eigenvectors and
eigenvalues. Each eigenvector represents a “principal component” of the data
points, and has a corresponding eigenvalue representative of the amount of
variance between the data points accounted for by the eigenvector. Thus,
generally described, an eigenvector with a highest corresponding eigenvalue can
be expected to represent a largest proportion of the information within a set of
data points (relative to other eigenvectors), and the data points can be expressed
in terms of location along that eigenvector (with the highest corresponding
eigenvalue) to reduce the data points into a single-dimensional set of data while
maintaining a large portion of the informational value of the data points. Data can
be expressed in terms of multiple eigenvectors (e.g., of descending eigenvalues)
to represent progressively more information within the set of data points. A
representation of a data point in terms of an eigenvector can be conceptualized
as a single dimensionality of the data point. Thus, an n-dimensional data set can
be reduced to any lower humber of m dimensions by application of PCA, to result
in a representation of each point within the set according to the m eigenvectors
with the highest corresponding eigenvalues.

[0022] With application to the compaction of operating parameter sets
in a flash memory device, each operating parameter sets may be logically
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represented as an n-dimensional data point, where n is the number of operating
parameters within the set. By application of PCA, each n-dimensional data point
(corresponding to an operating parameter set) can be reduced in dimensionality,
to reduce the computing resources required to locate similar sets (where
similarity can be represented by the distance between each data point within a
reduced dimensionality space). For example, if PCA is used to reduce operating
parameter sets to a single dimensional value each, these values can be sorted,
and the two closest values selected as the most similar operating parameter sets.
Thus, a flash memory device is enabled to greatly simplify the problem of locating
similar operating parameter sets, by reducing the sets to any number m of
dimensions (where mis less than an original dimensionality of the sets).

[0023] In some instances, it may be advantageous for a flash memory
device to compact more than two operating parameter sets within any given
compaction operation. For example, if a device is configured to combine only two
operating parameter sets during a compaction, it may be probable that another
compaction will be required in the near future (e.g., as a next new set of
operating parameters is required at the device), incurring further computing
resources of the device. In some such instances, a device may iteratively
compact operating parameter sets, by repeatedly compacting two “nearest” sets
in terms of a reduced dimensionality representation, until a desired compaction
level is reached (e.g., a the number of maintained sets falls below a threshold
level). In other embodiments, a flash memory device may be configured to
compact multiple operating parameter sets into a single set via a single
compaction operation. For example, in some embodiments, a flash memory
device applies cluster analysis to operating parameter sets, in order to determine
a “cluster” of similar operating parameter sets that can be compacted into a
single operating parameter set.

[0024] A variety of cluster analysis techniques are known in the art,
such as the k-means clustering and expectation maximization algorithms. Each
such technique generally analyzes data sets in a dimensional space, and selects
from the data sets “clusters” of related sets that are related by distance in that
dimensional space. Thus, a flash memory device may be configured to apply
view operating parameter sets as data points within a dimensional space, and to
apply a clustering algorithm to select clusters of such data points. Because the
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computing resources required to conduct cluster analysis generally increase with
the dimensionality of the data set, a device may be configured to apply cluster
analysis on reduced dimensionality data set, such as a data set generated by
applying PCA to operating parameter sets. After identifying a cluster of data
points, the device may then compact each operating parameter set
corresponding to a data point within a cluster, to result in a single operating
parameter set of the cluster. Particularly where operating parameter sets are
highly clustered, compaction based on clustered data points {corresponding to
similar operating parameter sets) can enable the device to significantly reduce a
number of maintained operating parameter sets. For example, where 48 current
operating parameter sets can be represented by 4 clusters, a device may
compact all 48 operating parameter sets into just four sets, corresponding to
each identified cluster. Accordingly, a flash device is enabled to efficiently
compact multiple operating parameter sets.

[0025] As discussed above, due to the limited number of operating
parameter sets generally maintained by a flash memory device, it is possible that
a parameter set applied to a data block is suboptimal with respect to at least a
portion of the memory cells within that data block. For example, within NAND
memory, memory cells in a data block are generally arranged within word lines,
each representing a set of memory cells that are read simultaneously by
application of voltage to the data block. Due to physical variations within a NAND
block, optimal read voltage thresholds can vary across word lines. Thus, a
common set of operating parameters (e.g., read voltage thresholds) may
represent acceptable parameters for some word lines within a block, but result in
increased errors when applied to other word lines within a data block. However,
because a device may be configured to limit its total number of maintained
operating parameter sets, it may be difficult to apply unique operating parameter
sets to each different wordline within a block without exceeding a constraint on
total parameter sets. To address this problem, a device according to some
embodiments of the present disclosure may be configured to determine “offsets”
or modifications to be made to operating parameters that would otherwise be
applied to a block, based on a physical location of a word line to which the
operating parameters will be applied.

-10-
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[0026] To determine such offsets, a flash memory device can be
configured to determine a number of operating parameters (e.g., read voltage
thresholds) for different wordlines within data block, and to determine a difference
between those optimal operating parameters and the operating parameters that
would otherwise be applied to the wordlines (e.g., the operating parameters
applied across the block). The flash memory device may then process that
difference (which may include, for example, differences for each parameter within
an operating parameter set) via a machine learning algorithm, such as a neural
network, in order to determine correlations between a location of a wordline
within a data block and offsets to the operating parameters of the data block.
This correlation information may represent, for example, that a specific wordline
within a block (e.g., wordline 1) tends to be associated with optimal read voltage
thresholds a given amount (e.g., .25 volts) below what would otherwise be
applied to the block, or that specific read voltage thresholds (e.g., a first
threshold) for that wordline tends to be optimal at a lower voltage than the voltage
otherwise set for the remainder of the block. lllustratively, these offsets may
correspond to wordline locations within a data block, regardless of the specific
data block. Thus, the correlations can be represented in a relatively small
amount of memory (e.g., one parameter modification set per number of wordlines
in each data block).

[0027]  Thereafter, the device may be configured to apply determined
offsets when applying operating parameters to wordlines within a data block. For
example, where the offsets relate to read voltage thresholds and a flash memory
device is attempting to read a first wordline of a first data block, the device may
first determine the read voltage thresholds that should be used for the first data
block {e.g., as including in one of the limited number of operating parameter sets
maintained at the device), and then modify those read voltage thresholds by the
offsets determined for first wordlines (e.g., the first wordline in each block).
Because the offsets are determined based on correlations to optimal read voltage
thresholds on a per-wordline basis, the modified read voltage thresholds for the
first wordline of the first block would be expected to more accurately represent
true optimal read voltage thresholds for the wordline. Thus, application of offsets
to operating parameters on a per-wordline basis can improve the ability of the

device to read from or write to that wordline.
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[0028] While illustrative examples are described herein with respect to
specific groupings of memory cells {(e.g., data blocks or wordlines), embodiments
may function with respect to any number of different groupings, or with respect to
individual memory cells. For example, embodiments of the present disclosure
may establish operating parameter sets at a per die level, or across multiple
memory dies. Embodiments of the present disclosure may further establish
offsets for specific blocks of memory (e.g., based on the location of block), or for
any other characteristic of a memory cell or collection of cells. Thus, the
examples provided herein are intended to be illustrative in nature.

[0029] The above will be more fully appreciated and understood with

reference to the following description.

System Overview

[0030]  Fig. 1 illustrates one example configuration of a host system 102
and data storage device (or memory device) 104 in accordance with some
embodiments of the present disclosure. As shown in Fig. 1, the host system 102
generally includes one or more logical applications 112, operating systems 114,
and device drivers 116. Such applications 112, operating systems 114, and
device drivers 116 can represent logical software modules executed by
underlying hardware components of the host system 102 (not shown within
Fig. 1). Hardware components of the host system 102 may include, for example,
one or more physical processors, application-specific integrated circuits (ASICs),
field programmable gate arrays (FPGAs), communication busses, volatile or non-
volatile storage media, input devices, or output devices. Components of the host
system 102 which enable logical applications 112, operating systems 114, and
device drivers 116 are well known to those skilled in the art, and therefore will not
be described in more detail herein.

[0031] The applications 112 and operating systems 114 may provide
various functionalities to users of the host system 110 which require or are
assisted by storage of data within the data storage device 104. Accordingly, the
host system may include one or more device drivers 116 configured to enable
transmission of data storage commands {e.g., read or write commands) to the
data storage device 104. Such commands may be transmitted via a
communication link between the host system 102 and the data storage device
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WO 2019/005230 PCT/US2018/022502

104. In one embodiment, the communication link may include a storage bus,
such as a serial ATA (SATA) storage bus or other storage bus utilizing the
advanced host controller interface (AHCI) standard. In another embodiment, the
communication link may include a system bus, such as a Peripheral Component
Interconnect (PCl) or PCl Express bus. In still other embodiments, the
communication link may include network communication links (e.g., Ethernet links
enabling communication via transmission control protocol (TCP) / internet
protocol (IP) standards), a universal serial bus (USB) link, or any of a variety of
known data storage communication links.

[0032] The data storage device 104 includes the non-volatile memory
126 coupled to a controller 122. The controller 122 may enable the host
system 102 to write to and read from the non-volatile memory 126, and perform
other functionalities related to maintenance or operation of the data storage
device 104, some of which are described below. The controller 122 may thus
include a processor and memory configured to implement these functionalities.
Data related to a configuration of the controller 122 may be stored in
configuration data store 124, which may correspond illustratively to random
access memory (RAM), read only memory (ROM), or a combination thereof. This
data may include, for example, operating parameter sets that designate, for
example, how the controller 122 operates to write data to or read data from the
non-volatile memory 126. The number of operating parameter sets may be
limited based on a configuration of the device 104. For example, the device 104
may be configured to store within the configuration data store 124 no more than
32 or 48 operating parameter sets, which can be applied to various logical groups
within the non-volatile memory 126. In accordance with some embodiments of
the present disclosure, the configuration data store 124 may further include offset
information, denoting modifications to be made to an operating parameter set
when reading from or writing to specific memory cell groups (e.g., wordlines)
based on characteristics of those groups.

[0033] In one instance, the non-volatile memory 126 is a NAND flash
memory. The NAND flash memory may include, for example, single-level cell
(SLC) memory, multiple-level cell (MLC) memory, or a combination thereof. MLC
memory may include 2-bits per cell memory, 3-bits per cell memory (known in
some instances as “triple level cell,” or TLGC, memory), 4-bits per cell memory
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known in some instances as “quad level cell,” or QLC, memory), etc. Cells within
the non-volatile memory 126 can be organized into physical or logical groups. In
the illustrative example of Fig. 1, the cells are organized into a plurality of
blocks 128 (depicted in Fig. 1 as blocks 1 through n). One potential configuration
of a block 128 is described below with respect to FIG. 2.

[0034] Operation of non-volatile memory 126, such as NAND memory,
is known in the art and thus will not be described in detail herein. However, for
the purposes of description of embodiments of the present disclosure, one skilled
in the art will appreciate that non-volatle memory 126 has measurable
characteristics that vary among blocks 128 (e.g., due to variances in
manufacturing of the non-volatile memory 126). For example, because memory
cells store information in the form of varying levels of voltage, each block 128 can
be associated with one or more voltage thresholds that distinguish different
information stored by the cell. For example, a stored voltage of between 0.375
and 1.125 volt may indicate a first value (e.g., the bit string “110”), a stored
voltage of between 1.125 and 1.875 volts may indicate a second value (e.g., the
bit string 100), etc. To distinguish between stored values, a storage device 104
may establish one or more read thresholds for a block 128, such that if the stored
voltage at the block 128 is below a first threshold, it is determined to store a first
value, if the stored voltage at the block 128 is above the first threshold and below
a second threshold, it is determined to store a second value, etc. The number of
read thresholds established for a cell generally varies with the number of bits
storable by the cell. For example, SLC memory generally establishes a single
read threshold value, while 2-bit MLC establishes 3 read threshold values, 3-bit
MLC establishes 7 read threshold values, 4-bit MLC establishes 15 read
threshold values, etc. The controller 122 can be configured to determine optimal
read threshold values according to a predetermined algorithm. Various such
algorithms for determining optimal read threshold values are known in the art.
One example of such an algorithm is described within the '340 Publication,
incorporated by reference above.

[0035] Other characteristics of blocks 128 can include, for example,
times required for the controller 122 to successfully write to a block, a time
required to erase a block 128, a number of failed bits detected at a block 128

(e.g., instances in which the controller 122 attempted to write a bit value to a
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block 128 but after which the controller 122 failed to read that bit value from the
block 128), a bit error rate (BER) of a block 128, or a number of programming
loops required to set a block 128 to a desired value (e.g., successive applications
of voltage to the block 128 to cause the block 128 to maintain a desired voltage
level). In accordance with general operation of NAND devices, these
characteristics may vary across blocks 128 of non-volatile memory, across
wordlines within blocks 128, or across other groupings of memory cells.

[0036] To address variances within groupings of memory cells, a
device 104 may include different operating parameter sets, to be applied to
different groupings. For example, the controller 122 may be configured to apply
different operating parameters to different blocks 128. In one instance, a
device 104 may include a set of “default” operating parameters to be applied to
each block 128, and may re-evaluate the operating parameters during the life of
the device 104. For example, a controller 122 may re-evaluate operating
parameters of a block 128 when the block 128 has been completely written to,
when reading from a block 128 results in a threshold number of errors, or when a
bit error rate {(BER) of the block 128 exceeds a threshold amount. Re-evaluation
of operating parameters may include determining a set of optimal operating
parameters for the block 128, and attempting to store those optimal operating
parameters for the block 128 as a new operating parameter set within the
configuration data store 124. (Various mechanisms for determining optimal
operating parameters of a block 128 are known in the art. For example, systems
and methods for determining optimal read voltage thresholds for a data block 128
are disclosed in the '340 Publication, incorporated by reference above.) In the
instance that the device 104 has not yet stored a maximum number of unique
operating parameter sets, the optimal operating parameters may be stored as a
new set of operating parameter within the configuration data store 124. However,
in the instance that the device 104 has already stored the maximum number of
operating parameters, the controller 122 may be configured to compact at least
two operating parameter sets into a single operating parameter set, to enable
storage of the new operating parameter set within the configuration data
store 124.

[0037] As discussed above, compaction can in some instances require

a controller 122 to determine two “most similar’ operating parameter sets within a

-15-



WO 2019/005230 PCT/US2018/022502

collection of stored sets. Such a determination can be computationally complex
and resource intensive, and that complexity and intensiveness generally
increases as the number of parameters within each operating parameter set
increases. To address this issue, a controller 122 can be configured to represent
each operating parameter set within a collection of sets as a multi-dimensional
data point, with each dimension corresponding to a different parameter of the
multi-dimensional set. Further, the controller 122 can be configured to reduce the
dimensionality of such data points, in order to reduce the computational
resources required to locate similar operating parameter sets. Algorithms for
reducing dimensionality of data points are discussed in more detail below, but in
brief may include combining parameters within an operating parameter set
according to a predetermined equation {e.g., a linear combination), or conducting
principal component analysis on the data points and representing the data points
with respect to an n highest value eigenvectors of the data points (e.g.,
eigenvectors with the n highest corresponding eigenvalues). After reducing
dimensionality of data points, the controller 122 may determine at least two
closest-distance data points, and select operating parameters corresponding to
the data points as “most similar” for the purposes of compaction. Additionally or
alternatively, the controller 122 may apply cluster analysis to the data points to
determine clusters of data points, and thereafter compact the operating
parameter sets corresponding to each cluster into a single operating parameter
set.

[0038]  Furthermore, the controller 122 in some embodiments may be
configured to determine offsets for specific groupings of memory cells, such as
wordlines within a block 128, such that operating parameters that would
otherwise be applied to the grouping can be varied on a per-grouping basis. As
discussed above, use of such offsets can enable more accurate operation of
memory cell groupings, without requiring the device 104 to maintain an increased
maximum number of operating parameter sets. Algorithms for determining
offsets according to a location or other characteristics of a memory cell group are
discussed in more detail below.
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Hiustrative Block Configuration

[0039] One illustrative example of a configuration of a block 128 within
non-volatile memory 126 is shown in FIG. 2. As shown in FIG. 2, the block 128
may include a number of memory cells 202 arranged within a grid. Rows of the
grid can represent a wordline 204 within the block 128, which may be read from
or programmed in parallel. While a block 128 may include any number of
wordlines 204, an illustrative number of wordlines 204 is shown in Fig. 2.
Columns of the grid can represent bitlines 206. A device 104 may apply
appropriate voltages to various bitlines 206 and wordlines 204 in order to read
voltages stored within cells 202 of a particular wordline 204. The voltage read
from a given cell 202 can represent a state of the cell, and a corresponding
number of logical bits represented by the cell. Various possible states for the cell
are generally represented by read voltage thresholds, each of which corresponds
to a given state. For example, a voltage between a first read voltage thresholds
and a second read voltage threshold may represent a first state, a voltage
between a second read voltage thresholds and a third read voltage threshold
may represent a second state, etc. However, due to physical constraints of
cells 202, it may not be practical or possible set an exact voltage level on a
cell 202. Thus, a controller 122 can be configured to determine optimal read
voltage thresholds for as cell 202, that enable the cell to be read from with
minimal error rates. In some instances, the optimal read voltage thresholds may
vary depending on a location of a cell 202 within a block 128. For example, a set
of read voltage thresholds may tend to shift (e.g., increase or decrease) between
wordlines 204 within the block 128. Systems and methods for determining
optimal read voltage thresholds are discussed, for example, in the °340
Publication, incorporated by reference above. As discussed above, a device 104
may store optimal read voltage thresholds for a block 128 (e.g., alone or among
other data) as an operating parameter set for the block 128. However, the device
may be limited in the maximum number of different operating parameter sets

stored in the device 104.

Hiustrative Operating Parameter Sets
[0040] One illustrative visualization or graphical depiction of operating

parameter sets that may be maintained by a device 104 is shown in Fig. 3.
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Specifically, Fig. 3 depicts a portion of a table of 48 operating parameter sets,
each set corresponding to a set of seven read voltage thresholds that may be
used to read a state of cells 202 in 3-bit per cell MLC memory. The read voltage
thresholds are labeled TH1-TH7, and represent example voltages used to
distinguish states of a cell 202. For example, the first operating parameter set
indicates that a voltage of under 0.49 voltage indicates a first state (e.g., an erase
state), a voltage of between 0.49 and 1.35 volts indicate a second state (e.g., a
state representing the bitstring 001), a voltage of between 1.35 volts and 2.05
volts represents a third state, etc. As can be seen in Fig. 3, the specific voltages
for any given threshold may vary between the operating parameter sets.
Accordingly, a device 104 may be configured to assign each block 128 of a non-
volatile memory 126 to one of the operating parameter sets, and to utilize the
thresholds of the set when reading information from the block 128. Because a
device 104 can be configured not to exceed a maximum number of operating
parameters, the thresholds used to read information from a given block 128 may
not represent optimal read voltage thresholds for the block 128. Nevertheless,
the controller 122 may attempt to assign a block 128 to an operating parameter
set that achieves acceptable performance when applied to the block 128 (e.g., a
bit error rate of under a threshold value), or else attempt to establish a new
operating parameter set for the block 128. Because such a new operating
parameter set may be required to be stored as one of the 48 sets depicted in Fig.
3, establishment of a new operating parameter set may require compacting at
least two sets into a single operating parameter set. However, as can be seen in
Fig. 3, it is non-trivial to compare the various thresholds of each operating
parameter set to determine which sets should be compacted.

[0041]  While the operating parameter sets of Fig. 3 include read
voltage thresholds for a cell 202, various other operating parameters may be
included within a set in accordance with the present disclosure. For example, an
operating parameter set may include an indication of whether “soft bits” are
applied to a cell 202, and voltage thresholds to be used in identifying values of
soft bits. Other operating parameters can include, by way of non-limiting
example, voltage increments to be applied when writing to a cell. While the
illustrative table of Fig. 3 represents a device 104 maintaining a maximum
number of operating parameter sets, in some instances a device 104 may
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maintain fewer than the maximum number of sets. In other instances, a
device 104 may maintain metadata or other information designating operating
parameter sets as deprecated or otherwise subject to deletion. Thus, the

operating parameter sets of Fig. 3 are intended to be illustrative in nature.

Routine for Compacting Operating Parameter Sets

[0042]  Fig. 4 is a flow diagram illustrating a routine 400 for compacting
two or more operating parameter sets maintained at the device 104 into a single
operating parameter set. The routine 400 may be implemented, for example, by
a controller 122.

[0043] The routine 400 begins at element 402, where the controller 122
detects a compaction event. In some instances, the compaction event may
include a detection, by the controller 122, that the device 104 is maintaining
above a threshold number of operating parameter sets (e.g., at or near a
maximum number of sets). In other instances, the compaction event may include
a detection that the device 104 is maintaining a maximum number of operating
parameter sets, and that a new operating parameter set should be generated and
stored (e.g., in response to detection that a data block 128 is experiencing a BER
above a given level). In still other instances, the compaction event may be a
periodic event, such as a scheduled compaction occurring on the device 104 at
intervals of n hours.

[0044] At element 404, the controller 122 can establish a current
collection of operating parameter sets as a collection of multi-dimensional data
points, each data point corresponding to an operating parameter set of the
current collection of operating parameter sets. lllustratively, each parameter type
(e.g., threshold “TH1” of FIG. 3) within a given operating parameter set can be
logically represented as a dimension of a data point, and the parameter value for
that parameter type (e.g., a given voltage) can be logically represented as a
value of that dimension. Thus, where each operating parameter set includes n
parameter values, each set can be represented as an n dimensional data point.
In one embodiment, the controller 122 may establish current operating parameter
sets as a collection of multi-dimensional data points by loading the operating
parameter sets from the configuration data store 124 into a multi-element data

structure, such as an array, linked list, or the like {e.g.,, with each entry
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representing a single multi-dimensional data point corresponding to a given
operating parameter set).

[0045] As discussed above, it is generally non-trivial to identify
compare data points within multi-dimensional space (e.g., to identify the two
closest data points or groupings of data points), and the complexity of this
problem generally increases proportionally to the number of dimensions of each
data point. Thus, in order to facilitate identification of nearby data points (each of
which can represent an operating parameter set), the controller 122, at
element 406, can reduce the dimensionality of each data point.

[0046] In one embodiment, the controller 122 is configured to reduce
each data point to a single dimension. For example, the controller 122 may
utilize an equation combining the values of each parameter into a single
dimensional value. The equation may be predetermined, for example, by a
manufacturer of the device 104 according to statistical analysis of variance
among the parameter values during operation of other devices 104. lllustratively,
where operating parameter sets include a set of read voltage thresholds for
blocks 128, the equation may combine each read voltage threshold according to
a given equation. In one embodiment, this equation is an additive combination of
the square of each read voltage threshold. Because it has been experimentally
determined that read voltage thresholds tend to shift in the same direction {e.g.,
up or down in terms of voltage) under varying conditions, such an additive
combination can result in a single value that is indicative of an overall shift in read
voltage thresholds within an operating parameter set.

[0047] In another embodiment, the controller 122 is configured to
reduce the dimensionality of the data points by conducting principal component
analysis (PCA) of the data points. The general process of PCA is known in the
art, and can include identifying a set of orthogonal eigenvectors and
corresponding eigenvalues through which the data points can be represented,
each eigenvalue indicating a level of variance between the data points that can
be expressed in terms of a corresponding eigenvector. With respect to reduction
of dimensionality of data points representing operating parameter sets, a
controller 122 may apply PCA to the data points by first generating a covariance
matrix of the data points. The covariance matrix can represent a covariance

between the various dimensions of each data point, and thus represent a
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relationship between the different dimensions of the data points (e.g., as a
positive or negative correlation). Thereafter, the controller 122 can apply
eigendecomposition to the covariance matrix, to represent the matrix in terms of
a set of eigenvectors and corresponding eigenvalues. Each eigenvector can
represent a dimensional vector, expressable in terms of the original dimensions
of the data points, along which the data points can be plotted. The eigenvalue
corresponding to each eigenvector can indicate a variance of the data points
captured by the eigenvector, when the data points are plotted along such
eigenvector. Thus, if each of the data points is plotted along an eigenvector with
a highest eigenvalue, the data points may be represented as a single
dimensional value, while maintaining a “maximum” amount of information relative
to plotting the data points along another of the eigenvectors with a smaller
corresponding eigenvalue. Because each eigenvector can represent a single
dimension of the data points, the controller 122 may reduce the data points to
any dimensional level. For example, the controller 122 may reduce the data
points to a single dimension by representing the data points with respect to an
eigenvector with a highest eigenvalue, to two dimensions by representing the
data points with respect to the two eigenvectors with the two highest eigenvalues,
etc. The number of dimensions to which the data points are reduced may vary
among embodiments of the present disclosure, according to the computing
resources available to the controller 122. In one embodiment, the number of
dimensions may be static, and set during configuration of the controller 122 (e.g.,
at manufacturer). In another embodiment, the number of dimensions may be
determined dynamically during operation of the controller 122 (e.g., according to
an estimated amount of available computing resources or time available to the
controller 122 to perform the routine 400). In an illustrative embodiment, the
controller 122 is configured to utilize PCA to reduce the data points to one, two,
or three dimensional data points.

[0048] At element 408, the controller 122 identifies at least two nearby
data points of the reduced dimensionality data points. Where the data points
have been reduced to a single dimension, element 408 may be implemented by
sorting the data points along values in the single dimension, and traversing the
sorted data points to identify two data points separated by a minimum distance.
These two data points may then be selected for compaction, as discussed below.
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[0049] Where data points are represented in multiple dimensions (e.g.,
corresponding to two or more eigenvectors according to PCA), the controller 122
may in some instances identify at least two nearby data points by application of
cluster analysis to the data points. A number of different cluster algorithms are
known in the art, such as the k-means clustering and expectation maximization
algorithms.  Generally described, a clustering algorithm operates to locate
clusters of interrelated data points within n-dimensional space. Thus, a clustering
algorithm may be applied to the reduced dimensionality data points in order to
locate clusters of data points with similar dimensional values. lllustratively, where
data points are represented in two dimensional space, a first cluster of data
points may include high values in a first dimension and low values in a second
dimension, and a second cluster of data points may include low values in the first
dimension and high values in a second dimension. Because of the nearness of
clustered data points across dimensions, these data points can correspond to
operating parameter sets that can be compacted into a single operating
parameter set.

[0050] After identified at least two nearby data points, the
controller 122, at element 410, can select a “prototype” data point from the at
least two nearby data points, from which to construct a single operating
parameter set representative of the operating parameter sets corresponding to
the at least two nearby data points. The prototype data point may represent a
logical “center” between the at least two data points identified at element 408.
For example where the controller 122 at element 408 identified two data points
for compaction, the prototype data point may be selected as a centerpoint
between the at least two data points. Where the controller 122 at element 408
identified a cluster of data points, the prototype data point may be selected as
representative of the cluster. In such an instance, the prototype data point
correspond to an existing data point nearest to the center of the cluster, or may
be represented a new logical data point at the center of the cluster (e.g.,
according to a distance weighting to all data points within the cluster). The
prototype data point may thus be associated with a position in dimensional space
that is “between” the at least two data points identified at element 408.

[0051] At element 412, the controller 122 can generate a hew operating
parameter set based on the selected prototype data point. The mechanism used
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to generate a new operating parameter set may vary, for example, according to
the mechanism used to reduce the dimensionality of the data points at element
406. For example, where PCA is used to reduce the dimensionality of the data
points at element 406, a new operating parameter data set may be generated by
transtorming the prototype data point according to the eigenvectors selected
during dimensional reduction. Specifically, because the prototype data point is
expressed according to the selected eigenvectors, the prototype data point may
be transformed (in geometric space) according to inversions of the selected
eigenvectors to result in a new data point expressed in terms of the original
dimensionalities of the data points, as established at element 404. Because
those original dimensionalities represent the parameters of the original operating
parameter sets, the new data point can be readily representing as a new
operating parameter set, where each dimensionality of the new data point
corresponds to a value of a parameter within the new operating parameter set.

[0052] In the instance that other dimensional reductions are applied at
element 406, the mechanism for generating a new operating parameter set from
the prototype data point may vary. For example, where a linear equation is used
at element 406 to reduce the data points to a single dimension, it may not be
possible or practical to generate a new operating parameter set solely from the
single dimensional value of the prototype data point.  Accordingly, the
controller 122 in such instances may identify the current operating parameter sets
corresponding to each of the at least two nearby data points identified at element
408, and average the values of the current operating parameter sets to result in a
new operating parameter set. For example, with respect to the operating
parameter sets represented in Fig. 3, if data points corresponding to operating
parameter sets one and two are identified at element 406, the controller 122 at
element 412 may average each read voltage threshold of operating parameter
sets one and two to result in a new operating parameter set (e.g., such that read
voltage 1 of the new operating parameter set is 0.485 volts, read voltage 2 of the
new operating parameter set is 1.36 volts, etc.).

[0053] At element 414, the controller 122 can replace the operating
parameter sets corresponding to the at least two data points (select at element
408) with the newly generated operating parameter set. For example, where
data points corresponding to sets one and two of Fig. 3 are selected at element
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408, the controller 122 may replace the values of the current operating parameter
set one with the values of the operating parameter set determined at element
412, thus replacing the current operating parameter set one with the new
operating parameter set. Operating parameter set two may be deleted, marked
as unused, or otherwise modified to indicate that the set can be replaced with a
new operating parameter set. Thus, the operating parameter sets one and two
may be compacted into a new operating parameter set. Similarly, where more
than two operating parameter sets are identified at element 408, one of the
identified sets may be replaced with the new set generated at element 414, and
the remaining identified sets can be deleted, marked as unused, or otherwise
modified to indicate that the sets can be replaced with new information. In this
manner, the operating parameter sets within a cluster can be compacted into a
single operating parameter set. Any data blocks 128 previously assigned to a
compacted operating parameter set can then be assigned to the new operating
parameter set, such that the controller 122 is configured to use parameters of the
new operating parameter set when writing to or reading from the data blocks 128.
The routine 400 can then end at element 416.

[0054]  While illustrative interactions are described above with respect
to Fig. 4, in some embodiments the routine 400 may include additional or
alternative interactions. For example, where a new operating parameter set
occurs in element 412 by averaging values of two current operating parameter
sets, it may be unnecessary to explicitly select a prototype data point, and
element 410 may be omitted. As another example, where application of a
clustering algorithm (e.g., at element 408) results in identification of multiple
clusters, elements 410 through 414 may occur with respect to each cluster, such
that the operating parameter sets corresponding to data points of each cluster
are compacted into a single new operating parameter set for each cluster. In
some such instances, the controller 122 may implement elements 410 through
414 only with respect to clusters meeting a threshold criteria, such as a maximum
distance between points of the cluster or a “density” of data points in the cluster.

[0055] As can be seen from the description, the routine 400 may in
some instances be implemented by a controller 122, without requiring reads from
or writes to non-volatiie memory 126. This lack of interaction with the
memory 126 may be beneficial, for example, in reducing wear on the
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memory 126, or in enabling rapid execution of the routine 400 on the
controller 122. However, in some embodiments, the routine 400 may be modified
to include interactions with the memory 126. For example, the controller 122 in
some instances may be configured to test a new operating parameter set {e.g.,
as generated at element 412) with respect to blocks 128 to which the operating
parameter set will be applied. For example, the controller 122 may attempt to
determine a bit error rate (BER) resulting from application of the new operating
parameter set to the blocks 128, and may assign the new operating parameter
set only to blocks 128 meeting a threshold error rate criteria. The controller 122
may then attempt to reevaluate operating parameters for any blocks 128 not
meeting the criteria. For example, the controller 122 may attempt to determine
optimal operating parameters for those blocks 128 not meeting the criteria, and
store the optimal operating parameters as a new operating parameter set.
Because storing optimal operating parameters may require compaction, this may
result in reimplementation of the routine 400, which may repeat until all
blocks 128 are associated with operating parameter sets that, when applied to
the blocks 128, result in an error rate below a specified threshold. Thus, the
interactions of Fig. 4 are intended to be illustrative in nature.

Implementing Parameter Offsets from Cell Characteristics

[0056] As can be understood based on the above, it may be impossible
or impractical for a flash memory device, limited to storing a given number of
operating parameter sets, to utilize optimal operating parameters for every
memory cell or group of memory cells within a non-volatile storage, as the
number of different optimal operating parameters may exceed the maximum
number of operating parameter sets storable on the device. However, in some
instances, it may be possible to vary operating parameter sets within a group of
memory cells (e.g., a single block 128), in order to more accurate match the
general operating parameters for the group to the specific memory cells to which
the parameters are applied. For example, where it is determined that optimal
read voltage thresholds tend to vary in a predictable manner among the different
memory cells within a group, offsets may be applied by a controller 122
depending on characteristics of the memory cells being written to or read from to
better approximate predicted optimal parameters for the cells.
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[0057] As an illustration, consider that optimal read voltage thresholds
may tend to vary among different wordlines 204 within a block 128 of
memory 126, e.g., such that earlier wordlines 204 tend to have optimal read
voltage thresholds at a lower voltage than later wordlines 204. Thus, it may be
advantageous to modity a set of read voltage thresholds for a given block 128 on
a per-wordline basis, by lowering the thresholds used to read earlier
wordlines 204 within a block 128 and raising the thresholds used to read later
wordlines 204 within the block 128. In this manner, it may be possible to reduce
errors when reading data stored within wordlines 204 of a block 128. Moreover,
because differences in optimal read voltage thresholds may be similar across
different blocks 128, offsets to read voltage thresholds may be determined on a
per-wordline basis, and applied to wordlines 204 in similar locations relative to
multiple blocks 128, reducing the computational resources required to store
offsets and to apply them when reading from wordlines 204.

[0058] However, correlations between wordlines 204 and differences in
read voltage thresholds (relative to the general thresholds applied to a block 128)
can be non-trivial, or vary between device 104 (or groups of cells within
devices 104, such as dies of memory). Thus, embodiments of the present
disclosure enable a device 104 to determine correlations between wordline
characteristics (such as location within a block 128) and offsets to a general set
of operating parameters applied to the block 128. Specifically, embodiments of
the present disclosure enable a device 104 to implement a machine learning
algorithm, such as a neural network algorithm, to determine such correlations
from a set of input data regarding the non-volatile memory 126. Thereafter, the
device 104 can apply the determined offsets when reading from wordlines 204
within the memory 126, in order to increase the accuracy of such reading.

[0059] lllustrative interactions for determining correlations between
offsets in operating parameters and characteristics of wordlines 204 are shown in
Fig. 5. The interactions begin at (1), where a controller 122 conducts reads
and/or writes to wordlines 204 of the non-volatle memory 126 to gather
information regarding errors rates on such reads and writes. Thereafter, at (2),
the controller 122 can utilize the gathered information to determine a set of
optimal read voltage thresholds on a per-wordline basis. Mechanisms for
determining optimal read voltage thresholds are known in the art, and thus not
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described in detail herein. Examples of such mechanisms are described in more
detail within the '340 Publication, incorporated by reference above.

[0060] Thereafter, at (3), the controller 122 retrieves block-level read
voltage thresholds from the configuration data store 124. As discussed above,
the block-level read voltage thresholds can reflect read voltage thresholds
applied by a controller 122 when reading from a given block 128 of the
memory 126. In one embodiment, the block-level read voltage thresholds are
included in one of a number of operating parameter sets stored at the device 104.
In another embodiment, the block-level read voltage thresholds are optimal block-
level read voltage thresholds (e.g., representing read voltage thresholds
programmatically determined to minimize errors when reading from a block 128).

[0061] At (4), the controller 122 determines, for each wordline-level set
of optimal read voltage thresholds, differences between the optimal read voltage
thresholds for the wordline and the read voltage thresholds that would otherwise
be used to read from the wordline, as indicated within the block-level read voltage
thresholds for the block 128 containing the wordline. For example, where a
wordline is included within a block 128 assigned to operating parameter set 1 of
Fig. 3, the controller 122 may determine that an optimal first read voltage
threshold for a first wordline of the block 128 is 0.48 volts, and thus 0.01 volts
lower than the read voltage thresholds indicated within operating parameter set 1.
Similar offsets can be determined for each read voltage threshold of each
wordline for which information has been gathered.

[0062] At (5), the controller 122 processes the determined offsets, as
well as a location of a wordline corresponding to the determined offsets, to
determine correlations between wordline location and offsets to read voltage
thresholds. lllustratively, the controller 122 may generate an input layer for a
neural network algorithm identifying a relative location of each wordline within a
block 125 for which data has been collected, as well as the optimal read voltage
thresholds for each wordline, and an output layer identifying offsets to read
voltage thresholds for the wordline (e.qg., differences between general read
voltage thresholds for the block 128 and determined optimal read voltage
thresholds for the wordline). The controller 122 can then implement a neural
network algorithm with respect to the generated input and output layers, in order
to determine one or more “hidden layers” between the input and output layer,
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which hidden layers represent correlations between values of the input layers and
output layers. The hidden layers may be represented, for example, by an
equation that utilizes the data points from an input layer and provides a likelihood
of those data points result in a given value at the output layer (e.g., given read
voltage threshold offsets). In one embodiment, the equation representing the
hidden layers may be a weighted linear combination of one or more data points
from the input layer (e.g., a wordline location within a block 128, one or more
optimal read voltage thresholds for the wordline, etc.). As such, from a given
input data {(e.g., the location of a wordline within a block 128, the one or more
optimal read voltage thresholds for the wordline, etc.), the equation indicates a
strength of correlation to a given output layer value (e.g., read voltage offsets for
the block).

[0063] At (6), the controller 122 utilizes the determined correlations to
generate per-wordline read voltage offsets. In one embodiment, the
controller 122 may generate per-wordline read voltage offsets by selecting a
given output layer value with a highest correlation to the input layer (e.g., a most
likely collection of read voltage threshold offsets). In another embodiment, the
controller 122 may generate per-wordline read voltage offsets by combining one
or more output layer values. For example, the controller 122 may determine a
read voltage offset for a given read voltage threshold by a linear combination of
potential read voltage offsets indicated within the output layer, weighted
according to a probability that the input layer corresponds to the respected
offsets. lllustratively, the controller 122 may determine that a wordline within a
first location of a block 128 and having a given optimal value for a first read
threshold is likely to have an offset for the first read threshold of n volts relative to
general read voltage thresholds for the block 128. Thereafter, at (7), the
controller 122 can store the determined wordline-level offsets in the configuration
data store 124 for future use in reading from wordlines 204. Specifically, as
shown in interaction (8), the controller 122 can apply the determined offsets when
reading from wordlines 204 of the memory 126, to modify operating parameters
that otherwise would be used to read from the wordlines 204. Because these
offsets are expected to better reflect optimal read voltage thresholds for the
wordlines 204, the accuracy of the controller 122 in reading information from the

memory is expected to increase.
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[0064] While embodiments are described above with respect to one
grouping of memory cells—wordlines 204—embodiments of the present
disclosure may be applied to determine correlations between characteristics of
any grouping of memory cells and offsets to operating parameters that would
otherwise be applied to the memory cells. Moreover, while a relative location
within a block 128 and optimal read voltage thresholds are discussed above as
examples of characteristics of a group of memory cells, other characteristics may
additionally or alternatively be used. Such characteristics may include, for
example, a failed bit count of the block 128, a programming for the block 128, an
erase time for the block 128, or a number of programming loops needed to
program the block 128. Similarly, while read voltage thresholds are discussed
above as an example of operating parameters, the embodiments described
herein may be used to correlate cell characteristics to any of a variety of
operating parameters discussed herein. Thus, the interactions of Fig. 5 are
intended to be illustrative in nature.

Implementing Parameter Offsets from Cell Characteristics

Routine for Correlating Wordline Characteristics to Parameter Offsets

[0065] Fig. 6 depicts an illustrative routine 600 for correlating
characteristics of one or more wordlines 204 with offsets to operating parameters
for such cells, based on a neural network machine learning algorithm. The
routine 600 may be implemented, for example, by a controller 122 within a data
storage device 104 of Fig. 1.

[0066] The routine 800 begins at element602, wherein the
controller 122 receives information regarding characteristics of wordlines 204
within a data storage device 104, such as locations of the wordlines 204 relative
to blocks 128 of the device, as well as operating parameter information for the
wordlines 204, such as optimal read voltage thresholds for the wordlines 204 and
read voltage thresholds for a block 128 including the respective wordlines 204.
As discussed above, optimal read voltage thresholds for either or both the
wordlines 204 or blocks 128 may be calculated in accordance with embodiments
of the '340 Publication, incorporated by reference above.
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[0067] Thereafter, at element 604, the controller 122 implements the
neural network algorithm with respect to the collected characteristics and
information, in order to determine correlations between characteristics of a
wordline and offsets to the operating parameters of the wordline {(e.g.,
representing differences between optimal operating parameters for the wordline
and parameters for blocks including the wordline. General implementation of
neural network algorithms is known in the art, and thus will not be discussed in
detail herein. However, in brief, such implementation may include generating a
data set from the collected characteristics and information, and processing the
data set via the neural network to determine one or more “hidden layers” whose
values indicate correlations between an input layer to the neural network
algorithm (e.g., characteristics of the wordline, such as a location or optimal read
voltage thresholds for the wordline) and an output layer to the neural network
algorithm (e.g., offsets for operating parameters of the wordline).

[0068] At element 606, the controller 122 utilizes the determined
correlations to generate per-wordline read voltage offsets. In one embodiment,
the controller 122 may generate per-wordline read voltage offsets by selecting a
given output layer value with a highest correlation to the input layer (e.g., a most
likely collection of read voltage threshold offsets). In another embodiment, the
controller 122 may generate per-wordline read voltage offsets by combining one
or more output layer values. For example, the controller 122 may determine a
read voltage offset for a given read voltage threshold by a linear combination of
potential read voltage offsets indicated within the output layer, weighted
according to a probability that the input layer corresponds to the respected
offsets.

[0069] At element 6808, the controller 122 implements the determined
offsets when reading from or writing to wordlines 204 of a memory 126, to modify
operating parameters that otherwise would be used to read from or write to the
wordlines 204. For example, when the offsets indicate changes to read voltage
parameters based on a relative location of a wordline within a block 128, the
controller 122 may modify a general set of read voltage parameters for a
block 128 by the amount of the offset, to account for an expected difference in
optimal read voltage parameters for the wordline. Thus, by implementation of the
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routine 600, a controller 122 can increase the accuracy with which information
stored in wordlines 204 of a memory 126.

Conclusion

[0070] As discussed above, the present disclosure enables efficient
compaction of operating parameter sets on flash memory devices, by enabling
similar operating parameter sets to be identified according to viewing the sets
within a reduced dimensionality, and by enabling a new operating parameter set
to be generated based on the similar operating parameters sets. This can enable
a flash memory device to more accurately compact operating parameter sets, or
to reduce the computing resources needed to compact operating parameter sets.
In some instances, embodiments described herein can enable a device to
compact operating parameter sets without required additional reads from or
writes to a memory, thus reducing wear on the memory. Moreover, embodiments
of the present disclosure overcome limitations inherent within devices that store a
limited number of different operating parameter sets, by enabling offsets to be
determined for specific memory cells of a device, at a granularity higher than
what may be achieved using a limited number of operating parameter sets.
These offsets can be applied when reading to or writing from memory cells
corresponding to the offsets, to increase the accuracy of such reads and writes
without substantially increasing the computing resources required during
operation of a device. Thus, embodiments described herein can enable

significant improvement in the operation of flash memory devices.

Other Variations

[0071] Those skilled in the art will appreciate that in some
embodiments, additional or alternative modules can be used to perform
functionalities described herein. The actual steps taken in the disclosed
processes, such as the routines illustrated in Figs. 4 and 6, may differ from those
shown in the figures. Additional system components can be utilized, and
disclosed system components can be combined or omitted. Depending on the
embodiment, certain of the steps described above may be removed, others may
be added.
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[0072] While certain embodiments have been described, these
embodiments have been presented by way of example only, and are not intended
to limit the scope of the protection. Indeed, the novel methods and systems
described herein may be embodied in a variety of other forms. Furthermore,
various omissions, substitutions and changes in the form of the methods and
systems described herein may be made without departing from the spirit of the
protection. The accompanying claims and their equivalents are intended to cover
such forms or modifications as would fall within the scope and spirit of the
protection. For example, the systems and methods disclosed herein can be
applied to flash memory as included in any number of devices, such as
removable flash cards, embedded memory, SSDs, hybrid hard drives, and the
like. Moreover, while embodiments are described herein as implemented by a
controller of a flash memory device, these functionalities may additionally or
alternatively be implemented on systems external to a flash memory device.
lllustratively, the machine learning algorithms described above with respect to
Figs. 5 and 6 may be implemented on a network-connected system external to a
flash memory device, which operates to collect information from any number of
devices and to determine correlations between characteristics of memory cells
and offsets to operating parameters of such cells. Such system may then
transmit learned correlation information or determined offsets to a flash memory
device for use by a controller in the manner described above. One example of a
network-connected system that may implement machine learning algorithms is
provided within the ' Application, incorporated by reference above.

[0073] The various components illustrated in the figures may be
implemented as software and/or firmware on a processor, ASIC/FPGA, or
dedicated hardware. Hardware components, such as processors, ASICs,
FPGAs, and the like, can have logic circuitry. Also, the features and attributes of
the specific embodiments disclosed above may be combined in different ways to
form additional embodiments, all of which fall within the scope of the present
disclosure. Although the present disclosure provides certain preferred
embodiments and applications, other embodiments that are apparent to those of
ordinary skill in the art, including embodiments which do not provide all of the
features and advantages set forth herein, are also within the scope of this
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disclosure. Accordingly, the scope of the present disclosure is intended to be
defined only by reference to the appended claims.

[0074]  While the description herein refers to flash or NAND memory, it
is understood that the various disclosed embodiments are applicable to various
types of non-volatile solid-state memory which may comprise one or more of
various types of memory devices such as flash integrated circuits, Chalcogenide
RAM (C-RAM), Phase Change Memory (PC-RAM or PRAM), Programmable
Metallization Cell RAM (PMC-RAM or PMCm), Ovonic Unified Memory (OUM),
Resistive RAM (RRAM), NAND memory (e.g., single-level cell (SLC) memory,
multi-level cell (MLC) memory, or any combination thereof), NOR memory,
EEPROM, Ferroelectric Memory (FeRAM), Magnetoresistive RAM (MRAM),
other discrete Non-Volatile Memory (NVM) chips, or any combination thereof.
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CLAIMS
What is claimed is:

1. A memory device comprising:

a hon-volatile memory comprising data blocks, each data block
including multiple worldines, each wordline including at least one non-
volatile solid-state memory cell;

a configuration data store storing a plurality voltage threshold sets,
each read voltage threshold set indicating at least a voltage threshold
used to read NAND cells associated with the read voltage threshold set;
and

a controller comprising a processor and configured to:

generate an input data layer for a neural network algorithm,
the input layer indicating, for each wordline of a plurality of
wordlines within the non-volatile memory, a relative location of the
wordline within a data block including the wordline;

generate an output data layer for the neural network
algorithm, the output layer including wordline-level offset data
identifying, for each wordline of the plurality of wordlines, a read
voltage offset for the wordline, the read voltage offset representing

a difference between:

i) a voltage threshold indicated within a read voltage
threshold set associated with a data block that includes the
wordline; and

ii) a voltage threshold determined by the controller to
minimize an error rate when reading data from the wordline;
apply the neural network algorithm to the input data layer

and the output data layer to determine correlation information

correlating relative the locations of wordlines within data blocks and
the read voltages offsets.
2. The flash memory device of Claim 1, wherein the controller is
further configured to:

receive a request to read data from a first wordline within a first data

block of the non-volatile memory;
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determine, from the correlation information, a read voltage offset for
the first wordline;

apply the read voltage offset to a voltage threshold indicated within
a read voltage threshold set associated with the first data block to result in
a modified voltage threshold; and

read data from the first wordline according to the modified voltage
threshold.

3. The flash memory device of Claim 1 or 2, wherein the input data
layer further indicates, for each wordline of the plurality of wordlines, the voltage
threshold determined by the controller to minimize the error rate when reading
data from the wordline.

4. The flash memory device of any one of the preceding claims,
wherein each read voltage threshold set indicates a plurality of voltage
thresholds, each voltage threshold corresponding to a different potential state of
a NAND memory cell.

5. The flash memory device of Claim 4, wherein the wordline-level
offset data identifies a plurality of read voltage offsets, each of the read voltage
offsets associated with a corresponding voltage threshold of the plurality of
voltage thresholds.

6. A method comprising:

obtaining data regarding a plurality of wordlines within one or more
flash memory devices, each wordline corresponding to a grouping of
memory cells in a non-volatile memory, the data comprising, for each
wordline of the plurality of wordlines:

a relative location of the wordline within a data block
containing the wordline;

a read voltage offset for the wordline, the read voltage offset
representing a difference between i) a voltage threshold indicated
within a read voltage threshold set associated with a data block that
includes the wordline and ii) a voltage threshold determined to
minimize an error rate when reading data from the wordline;
generating, from the data, an input data layer for a neural network

algorithm, the input layer indicating the relative locations within data blocks

of respective wordlines within the plurality of wordlines;
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generating, from the data, an output data layer indicating the read
voltage offsets for respective wordlines in the plurality of wordlines;

applying the neural network algorithm to the input data layer and
the output data layer to determine correlation information correlating
relative the relative locations of wordlines within data blocks and the read
voltages offsets.

7. The method of Claim 6, wherein the method is implemented by a
flash memory device of the one or more flash memory devices.

8. The method of Claim 6 or 7 further comprising:

receiving a request to read data from a first wordline within a first
data block of the non-volatile memory;

determining, from the correlation information, a read voltage offset
for the first wordline;

applying the read voltage offset to a voltage threshold indicated
within a read voltage threshold set associated with the first data block to
result in a modified voltage threshold; and

reading data from the first wordline according to the modified
voltage threshold.

9. The method of any of Claims 6-8, wherein each data block within
the one or more flash memory devices includes wordlines in a plurality of relative
locations, and wherein the method further comprises determining, from the
correlation information, a read voltage offset for wordlines in each relative
location of the plurality of relative locations.

10. The method of any one of Claims 6-9, wherein the non-volatile
memory corresponds to at least one of single level cell (SLC) memory or multi-
level cell (MLC) memory.

11.  The method of Claim 10, wherein the MLC memory corresponds to
at least one of 2-bits per cell MLC or 3-bits per cell MLC.

12.  The method of Claim any one of Claims 6-11, wherein the input
data layer further indicates, for each wordline of the plurality of wordlines, the
voltage threshold determined to minimize the error rate when reading data from
the wordline.
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13.  Non-transitory computer-readable media including computer-
executable instructions that, when executed by a computing system, cause the
computing system to:

obtaining data regarding a plurality of wordlines within one or more
flash memory devices, each wordline corresponding to a grouping of
memory cells in a non-volatile memory, the data comprising, for each
wordline of the plurality of wordlines:

a relative location of the wordline within a data block
containing the wordline;

a read voltage offset for the wordline, the read voltage offset
representing a difference between i) a voltage threshold indicated
within a read voltage threshold set associated with a data block that
includes the wordline and ii) a voltage threshold determined to
minimize an error rate when reading data from the wordline;
generate, from the data, an input data layer for a neural network

algorithm, the input layer indicating the relative locations within data blocks

of respective wordlines within the plurality of wordlines;

generate, from the data, an output data layer indicating the read
voltage offsets for respective wordlines in the plurality of wordlines;

apply the neural network algorithm to the input data layer and the
output data layer to determine correlation information correlating relative
the relative locations of wordlines within data blocks and the read voltages
offsets.

14.  The non-transitory, computer-readable media of Claim 13, wherein
the computer-executable instructions further include instructions that cause the
computing system to obtain the data regarding the plurality of wordlines by writing
to and reading from the plurality of wordlines.

15.  The non-transitory, computer-readable media of Claim 13 or 14,
wherein the plurality of wordlines represents less than all wordlines within the one
or more flash memory devices.

16. The non-transitory, computer-readable media of any one of
Claims 13-15, wherein the computer-executable instructions further include
instructions that cause the computing system to:
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receive a request to read data from a first wordline within a first data
block of the non-volatile memory;

determine, from the correlation information, a read voltage offset for
the first wordline;

apply the read voltage offset to a voltage threshold indicated within
a read voltage threshold set associated with the first data block to result in
a modified voltage threshold; and

read data from the first wordline according to the modified voltage
threshold.

17.  The non-transitory, computer-readable media of any one of
Claims 13-16, wherein each data block within the one or more flash memory
devices includes wordlines in a plurality of relative locations, and wherein the
computer-executable instructions further include instructions that cause the
computing system to determine, from the correlation information, a read voltage
offset for wordlines in each relative location of the plurality of relative locations.

18. The non-transitory, computer-readable media of any one of
Claims 13-17, wherein the input data layer further indicates, for each wordline of
the plurality of wordlines, the voltage threshold determined to minimize the error
rate when reading data from the wordline.

19. A computing system comprising:

a data store including data regarding a plurality of wordlines within

one or more flash memory devices, each wordline corresponding to a

grouping of memory cells in a non-volatile memory, the data comprising,

for each wordline of the plurality of wordlines:

a relative location of the wordline within a data block
containing the wordline; and

a read voltage offset for the wordline, the read voltage offset
representing a difference between i) a voltage threshold indicated
within a read voltage threshold set associated with a data block that
includes the wordline and ii) a voltage threshold determined to
minimize an error rate when reading data from the wordline; and
a processor configured with computer-executable instructions to:

generate, from the data, an input data layer for a neural
network algorithm, the input layer indicating the relative locations
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within data blocks of respective wordlines within the plurality of
wordlines;
generate, from the data, an output data layer indicating the
read voltage offsets for respective wordlines in the plurality of
wordlines;
apply the neural network algorithm to the input data layer
and the output data layer to determine correlation information
correlating relative the relative locations of wordlines within data
blocks and the read voltages offsets.
20.  The computing system of Claim 19, wherein the processor and data
store are included within a flash memory device.
21.  The computing system of Claim 19 or 20, wherein the processor is
further configured to:
receive a request to read data from a first wordline within a first data
block of the non-volatile memory;
determine, from the correlation information, a read voltage offset for
the first wordline;
apply the read voltage offset to a voltage threshold indicated within
a read voltage threshold set associated with the first data block to result in
a modified voltage threshold; and
read data from the first wordline according to the modified voltage
threshold.
22.  The computing system of any one of Claims 19-21, wherein each
data block within the one or more flash memory devices includes wordlines in a
plurality of relative locations, and wherein the processor is further configured to
determine, from the correlation information, a read voltage offset for wordlines in

each relative location of the plurality of relative locations.
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