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ABSTRACT

On NAND flash, a primary source of increased read time
comes from the fact that in the presence of noise, the flash
medium must be read several times using different read
threshold voltages to find the optimal read location, which
minimizes bit-error-rate. This paper proposes an algorithm
to estimate the optimal read threshold in a fast manner using
a limited number of re-reads. Then it derives an expres-
sion for the resulting BER in terms of the minimum possible
BER. It is also shown that minimizing BER and minimizing
codeword-error-rate are competing objectives in the pres-
ence of a limited number of allowed re-reads, and a trade-off
between the two is proposed.

1. INTRODUCTION

Recently, flash memories have emerged as a faster and more
efficient alternative to hard disk drives. The introduction of
Solid State Drives (SSD) based on flash NAND memories
has revolutionized mobile storage, laptop storage architec-
ture, and enterprise storage, among others. Flash memories
offer random access to the information with dramatically
higher read throughput because of reduced read time. The
reduced read time also increases power-efficiency in SSD’s.

However, SSD’s are considerably more expensive as com-
pared to hard disk drives. To reduce cost, NAND flash man-
ufacturers race to reduce cell-size and to pack more data in
the same silicon, thus reducing cost in $/GB and making flash
more attractive to consumers. This cell-size shrinkage comes
at the cost of reduced performance. As cell-size shrinks to
sub 19nm limits, there is significant noise in the voltage levels
stored on the cells, resulting in very noisy read-back. Even in
current state-of-the-art 21nm NAND, noise is significant to-
wards the end of life of the drive. One way to recover host
data in the presence of noise is to use advanced signal pro-
cessing algorithms [?][?][?]. This threatens the fast read ad-
vantage of flash due to excessive post-read signal processing
that is both time- and power-intensive.

During read-back of host data in the presence of noise,
the voltage residing on the cell could be significantly different
from the voltage that was intended to be stored at the time of
write. Therefore, at the time of read, the default read thresh-
olds, which are good for intended voltage levels during write,
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are no longer valid. Furthermore, the shift of voltages is ran-
dom and depends on several factors such as time, data, and
temperature; so a fixed set of read thresholds will not be op-
timal throughout the entire life of the drive. Thus, finding
optimal read thresholds in a dynamic manner to minimize bit
error rate (BER) is essential. Typically, all post-read signal
processing algorithms require re-reads using different values
of read thresholds. These re-reads increase total read time.

This paper proposes algorithms to estimate the optimal
read thresholds in a fast manner, thus reducing total read time.
It also presents an analytical expression that relates the BER
found using the proposed methods to the minimum possi-
ble BER. Though BER is a useful metric for error-correction
codes, the distribution of the number of errors is also impor-
tant. Specifically, in NAND flash with layered coding ap-
proaches, a weaker decoder is used when the number of errors
is small and a stronger decoder is used otherwise, both for the
same code (e.g. hard-LDPC and soft-LDPC for decoding an
LDPC code). The total power consumption depends on how
frequently each decoder is used. Therefore the distribution of
the number of errors is a useful tool to find NAND power con-
sumption, and is derived here. Finally, the decoding time is
also an important component of total read time. Specifically
for LDPC codes, the quality of the input LLR values dictates
the number of iterations required. Therefore, the proposed al-
gorithm to minimize BER by finding good read thresholds is
modified to improve the quality of input LLR values. Simu-
lation results are provided to evaluate the performance of the
proposed algorithms.

2. SYSTEM MODEL

In a b-bit MLC flash, each cell stores one of 2° distinct pre-
defined voltage levels. For the sake of simplicity, the rest of
the paper will assume a SLC architecture for the flash, where
b = 1. However, all the methods and results can be readily
extended to the MLC case.

Cells in a NAND flash are organized in terms of pages,
which are the smallest units for write and read operations. The
perturbance in cell voltages during page programming (writ-
ing) is commonly known as write noise. Additionally, there
exists inter-cell interference (ICI). As the technology scales
and more cells are packed in the same area, the interaction



between them increases. Parasitic capacitances can therefore
cause some cells to increase their voltage level. Both write
noise and ICI increase the charge stored in the cells and tend
to be larger for cells programmed to the lower levels. When
a significant amount of time passes between the writing and
reading of a page, cells suffer voltage leakage. This effect is
more pronounced for the higher levels.

Reading the cells in a page is done by comparing their
stored voltage with a threshold voltage ¢. The read operation
returns a binary vector with one bit for each cell. Bits cor-
responding to cells with voltage lower than ¢ are 1 and those
corresponding to cells with voltage higher than ¢ are 0. How-
ever, the aforementioned sources of voltage disturbance can
cause the cells to be misclassified, making the reads noisy.
The choice of a read threshold therefore becomes important
to minimize the BER in the reads. Some attempts have been
made to model these sources of noise as a function of time,
voltage levels, amplitude of the programming pulses, etc. Un-
fortunately, the noise is temperature- and page-dependent [?]
as well as time- and data-dependent. Since the controller can-
not measure those factors, it cannot accurately estimate the
noise without performing additional reads. This paper as-
sumes that the overall noise follows a Gaussian distribution
for each level, but assumes no prior knowledge about their
means or variances.

Fig. 1 (top) shows two overlapping Gaussian probabil-
ity density functions (pdfs), corresponding to the two voltage
levels to which cells can be programmed. Since data is gen-
erally compressed before being written onto flash, approxi-
mately the same number of cells is programmed to each of
the levels. Fig. 1 also shows three possible read thresholds.
Denoting by (111, 01) and (p2, 02) the means and standard de-
viations of the two Gaussian distributions, the thresholds are:
tmean = 2, tedian = L2229 and %, which mini-
mizes BER. If the noise variance was the same for both lev-
els, all three thresholds would be equal, but this is not the case
in practice. The legend presents the BER resulting from each
of the three thresholds. It can be observed that the threshold
that returns an equal number of zeros and ones, tmnedian, 1S
suboptimal.

There exist several ways in which the optimal threshold,
t*, can be found'. The approach taken in this paper consists
of estimating (i1, 01) and (u2, 02) and deriving ¢* analyti-
cally. It will be shown how this can be done with only four
reads, thereby reducing read time. Furthermore, the mean
and variance estimates can also be used for other tasks, such
as generating soft information for LDPC decoding.

A read operation with a threshold voltage ¢ returns a bi-
nary vector with a 1 for each cell whose voltage level is lower

'A common approach is to perform several reads by shifting the thresh-
olds in one direction until the decoding succeeds. Once the data has been
recovered, it can be compared with the read outputs to find the best thresh-
old. However, this method requires a large number of reads, which reduces
read throughput.
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Fig. 1. Top: BER for different thresholds separating two lev-
els. tmean = % is the average of the cell voltages, ¢edian
returns the same number of 1s and Os and ¢* minimizes the
BER and is located at the intersection of the two pdfs. Bot-
tom: cdf corresponding to top pdf.

than ¢. The probability of a randomly chosen cell having a
voltage level below ¢ is then equal to the fraction of ones in the
read output. A read with a threshold voltage ¢ can therefore
be used to obtain a sample from the cumulative distribution
function (cdf) of cell voltages at ¢.

The problem is then reduced to estimating the means and
variances of a mixture of Gaussians using samples from their
joint cdf. These samples will be corrupted by model, read and
quantization noise. The model noise is caused by the devia-
tion of the actual distribution of cell voltages from a Gaussian
distribution. The read noise is caused by the intrinsic reading
mechanism of the flash, which can read some cells as having
higher or lower voltage than they actually have. The quanti-
zation noise is caused by limited computational accuracy and
rounding of the Gaussian cdf?. All these sources of noise are
collectively referred to as read noise in this paper. It is as-
sumed to be zero mean. No other restriction is imposed on
the read noise in our derivations.

It is desirable to devote as few reads as possible to the
estimation of (u1,01) and (us2, 02). The accuracy of the esti-
mates would increase with the number of reads, but read time
would also increase. Since there are four parameters to be
estimated, at least four reads will be necessary.

2Since the Gaussian cdf has no analytical expression, it is generally quan-
tized and stored as a lookup table



3. MINIMIZING BER

Lett;,7 = 1,...,4 be four voltage thresholds used for read-
ingapageandlety;,¢ = 1,...,4be the fraction of ones in the
output vector for each of the reads, respectively. If (u1,071)
and (pe,09) denote the voltage mean and variance for the
cells programmed to the lower and upper level, respectively,

then
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and n,,, denotes the zero-mean read noise associated to y;. In
theory, it is possible to estimate (u1,01) and (ug,02) from
(tiyyi), @ = 1,...,4 by solving the system of non-linear
equations in Eq. (1). However, the computational complexity
is too large and would affect the read speed. This section pro-
poses and evaluates a progressive read algorithm to find the
estimators (11, 01) and (i, 02).

Progressive Read Algorithm: The key idea is to perform
two reads at locations where one of the ) functions is known
to be either close to O or close to 1. The problem with Eq.
(1) was that a sum of () functions cannot be easily inverted.
However, once one of the two () functions in Eq. (1) is fixed
at O or 1, the other one can be inverted using a standard normal
table to put the equation in linear form. The system of linear
equations can then be solved to estimate the first mean and
variance. These estimates can then be used to eliminate a )
function from each of the remaining two equations, which can
then be solved using the same procedure as used for the first
two. For example, if ¢; and 5 are significantly smaller than
iz, then Q((2 — 11)/02) = 0 = Q((2 — t2)/02) and Eq.
(1) can be solved for yi; and o; to get

. loa — 1
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Substituting these in the equations for the third and fourth
reads and solving gives

Gy = fa — ts (5)
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fa = ti+2Q ' (2ys — @), (6)

where g3 = Q((ti1 — t3)/01) and g1 = Q((tir — t4)/01).

It could be argued that, since the pdfs are not known a pri-
ori, it is not possible to determine two read locations where
one of the @) functions is close to O or close to 1. In prac-
tice, however, each read threshold can be chosen based on the
result from the previous ones. For example, say the first ran-
domly chosen read location returned y; = 0.6. This read,

if used for estimating the higher level distribution, will be a
bad choice because there will be significant overlap from the
lower level. Hence, a smart choice would be to obtain two
reads for the lower level that are clear of the higher level by
reading to the far left of ¢;. Once the lower level is canceled,
the y; = 0.6 read can be used in combination with a fourth
read to the right of ¢; to estimate the higher level distribution.

Once the mean and variance of both pdfs have been esti-
mated, it is possible to provide an estimate of the read thresh-
old minimizing the BER. The BER associated to a given read
threshold ¢ is given by

BER(t) = % (Q (“202_ t) 11-0Q (“101_ t)) o

Making its derivative equal to zero gives the following equa-
tion for the optimal threshold ¢*
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where G(z) = (27)~(1/2)¢=2"/2, The optimal threshold ¢*
is located at the point where both Gaussian pdfs intersect. An

estimate * for ¢* can be found from the following quadratic
equation
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which can be shown to be equivalent to solving Eq. (8) with
(u1,01) and (u2, 02) replaced by their estimated values.

4. ERROR PROPAGATION

This section first studies how the choice of read locations af-
fects the accuracy of the estimators (i1, 01), (tiz,d2), and
correspondingly £*. Then it analyzes how the accuracy of ¢*
translates into BER(#*). Using this it provides some guide-
lines as to how the read locations should be chosen. Without
loss of generality, it will be assumed that (u1,07) are esti-
mated first using (¢1,y1) and (f2,y2) according to the Pro-
gressive Read Algorithm described in Section 3. In this case,
Eq. (1) reduces to Q (’%) =2y, — 2n,, fori =1,2.

If the read locations are on the tails of the distributions,
a small perturbation in the cdf value y could cause a signifi-
cant change in Q~*(y). This will in turn lead to a significant
change in the estimates. Specifically, a first-order Taylor ex-
pansion of Q™1 (y + n,) at y can be written as

Q 'y+ny) =x— \/%em;ny + O(ni), (10)

where z = Q~!(y). Since the exponent of e is always posi-
tive, the first-order error term is minimized when © = 0. The
expressions for (p1,01) and (pe,02) as seen in Egs (3)-(6)
use inverse () functions, so the estimation error due to read



noise will be reduced when the read is done at the mean of
the Gaussian distribution. Using the expansion in Eq. (10),
Eq. (3) can be written as

. t2 —
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where z; = “;—7“, 1 = 1, 2. The first-order Taylor expansion

of Eq. (11) at 011 is given by
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ny = 2V2me *1 ny, +0(n2). (14)

A similar expansion can be performed for i1, obtaining

(ta — p1)na — (t1 — pa)ne
to — 11

+O(ni,n3)
(15)

p1 = p1 — o1

= p1+ e,

where e, and e,,, are the estimation errors.

Two different tendencies can be observed in the above ex-
pressions. On one hand, Eq. (13) and (14) suggest that both
t1 and to should be chosen close to 1 so as to reduce the
magnitude of n; and ny. On the other hand, if ¢; and ¢y are
very close together, the denominators in Eq. (12) and (15) can
become small, increasing the estimation error.

The error expansions for ji2, o2 and t*, are omitted for
simplicity, but it can be shown that the dominant terms are
linearin n,,,% = 1,...,4 as long as all n,,, are small enough.

The Taylor expansion for BER(£*) at t* is

BER(f) = BER(t*) + (2%20 (“2 - “) _
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where t* = t*+e;+. The cancellation of the first-order term is
justified by Eq. (8). Summarizing, the mean and variance es-
timation error increases linearly with the read noise, as does
the deviation in the estimated optimal read threshold. The
BER, on the other hand, increases quadratically. As a con-
sequence, even if the estimation error in ¢* is large, the re-
sulting BER(#*) is still close to the minimum possible BER
for the proposed Progressive Read Algorithm. The numerical
simulations in Fig. 2 confirm these results.
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Fig. 2. The error in the mean, variance and threshold esti-
mates increases linearly with the read noise, but the resulting
increase in BER grows quadratically.

5. LDPC: TRADEOFF BER-LLR

This section considers a new scenario where a layered de-
coding approach is used for increased error-correction capa-
bility. Specifically, for an LDPC code, after reading a page,
the controller may first attempt to correct any bit errors in the
read-back codeword using a hard decoder alone, typically a
bit-flipping hard-LDPC (H-LDPC) decoder [?]. The success
of this decoding depends mostly on the number of such errors.
Reading with the threshold #* found through Eq. (9) increases
the probability of hard-decoding success. However, there are
cases in which even BER(tA*) is too high for the hard decoder.
When this happens, the controller will attempt a soft decod-
ing, typically using a min-sum or sum-product soft-LDPC (S-
LDPC) decoder.

Soft decoders are more powerful, but also significantly
slower and less power efficient than hard decoders. Conse-
quently, the frequency with which S-LDPC decoding is used
plays a significant role in the controller’s average read time.
In order to estimate this frequency, one must look at the dis-
tribution of the number of errors, and not at BER alone. Sub-
section 5.1 addresses this topic.

The error-correction capability of a soft decoder depends
heavily on the quality of the input LLR values. It is always
possible to increase such quality by performing additional
reads, but this decreases read throughput. Subsection 5.2
shows how the Progressive Read Algorithm from the previ-
ous section can be modified to find high quality LLR values.

5.1. Distribution of the number of errors

Let N be the number of bits in a codeword. Assuming that all
levels are equally likely, the probability of error for any given
bit, denoted p, is given in Eq. (7). Errors can be considered
to be independent, hence the number of errors in a codeword
follows a binomial distribution with parameters N and p. If
N is large, it becomes convenient to approximate the bino-



Failure rate | p =0.008 p=0.01 p=0.012
k=23 0.05 0.28 0.62
k=25 0.016 0.15 0.46
k=27 0.004 0.07 0.31

Table 1. Failure rate fora N = 2048 BCH code.

mial by a Gaussian distribution with mean Np and variance
Np(1 — p), or by a Poisson distribution with parameter Np
when Np is small.

Under the Gaussian approximation paradigm, a codeword
k—Np
VNea-p)
notes the number of bit errors that can be corrected. As seen
in Table 1, a small change in the value of k£ may result in a
significant increase in the amount of time a stronger code is
needed. This has a direct impact on average power consump-
tion of the controller. The distribution of bit errors can thus
be used to judiciously obtain a value of k in order to meet a

power constraint.

fails to decode with probability () ( , where k de-

5.2. Obtaining soft inputs

Soft inputs to an S-LDPC decoder are given in the form of
log-likelihood ratios (LLR). The LLR value associated to a
bit is defined as LLR(b) = log(po/p1), where py and p; are
the probability that the bit is 0 and 1, respectively. If a total
of M reads have been performed on a page, each cell can be
classified as falling into one of the M + 1 intervals between
the read thresholds. The cell’s LLR value can then be found
using the mean and variance estimates as

Q((t — fiz)/02) — Q((tu — /f2)/Cf2)>
Q((t1 — 4ir) /1) — Q((tu — tir) /1) (717)

where ¢; is the largest read threshold known to be below
the cell’s voltage value and ¢,, is the smallest read threshold
known to be above it. If the cell’s voltage is smaller than all
the read thresholds then ¢; = —oo. Similarly, if the cell’s
voltage is larger than all the read thresholds then ¢,, = oo.
When the mean and variance are known, it is possible to
obtain good LLR values by reading at the locations that max-
imize the mutual information between the input and output of
the multiple read channel [?]. Those locations tend to be on
the so-called uncertainty region, where both pdfs are compa-
rable. Unfortunately, the mean and variance are generally not
known and need to be estimated. Section 3 provided some
guidelines on how to choose read thresholds in order to ob-
tain accurate estimates, but those reads tend to produce poor
LLR values. Hence, there are two opposing trends: spread-
ing out the reads over a wide range of voltage values yields
more accurate mean and variance estimates but degrades the
performance of the LDPC decoder, while concentrating the
reads on the uncertainty region provides better LLR values
but might yield inaccurate estimates which in turn undermine

LLR =log <

the LDPC decoding. The simulations in the next section show
that a good trade-off can be obtained by taking two reads close
to one of the levels’ mean voltages and another two in the un-
certainty region.

6. NUMERICAL RESULTS

This section presents simulation results evaluating the read
schemes proposed in Sections 3 and 5. Two scenarios will be
considered, corresponding to a fresh page with BER(t*) =
0.002 and a worn-out page with BER(¢*) = 0.02. The mean
voltage values for each level will be the same in both sce-
narios, but the standard deviations will differ. Specifically,
w1 = 1 and pe = 2 for both pages, but the fresh page will be
modeled using o7 = 0.13 and o9 = 0.22, while the old page
will be modeled using o1 = 0.18 and g2 = 0.32.

For each scenario, three different strategies for selecting
the read thresholds were evaluated. The first strategy, S, tries
to minimize the error in the estimates by reading close to the
level means. The second strategy, Sa, performs two reads
close to one of the level means and the other two on the uncer-
tainty region. Finally, S3 concentrates all the reads on the un-
certainty region, attempting to attain highly informative LLR
values. Specifically, as depicted in Fig. 3,

o S5 : (tl,tg,tg,t4) such that y; = 0.15, yo = 0.35,
y3 = 0.65 and y4 = 0.85

e Sy (tl,t27t37t4) such that Y1 = 0.2, Y2 = 0.41,
y3 = 0.52 and y4 = 0.63

e S3: (tl,tg,tg,t4) such that y; = 0.39, yo = 0.48,
Y3 = 0.51 and Yg = 0.6

where Eq. (1) relates ¢; to y;, and ny,, i = 1,...,4, was
assumed to be uniformly distributed between —0.02 and 0.02.
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Fig. 3. Read thresholds for strategies S, S2 and S5 for a fresh
and a worn-out page.

The first three rows in Table 2 show the relative estimation
error of the mean, variance and optimal threshold. It can be
observed that S7 provides the lowest estimation error, while



FRESH PAGE S1 So S3
i — pl/p 0.008 0.018 0.13
|6 —al/o 0.075 0.15 0.81
|tA* —t*|/t* 0.025 0.038 0.07
|BER(tA*) — BER(t*)|/BER(¢t*) | 0.07 0.16 0.56
LDPC fail rate 1 0 0.05
Genie LDPC fail rate 1 0 0
OLD PAGE S1 So S3
l[i— pl/p 0.01 0.025 0.14
|6 —0o|/o 0.075 0.15 0.6
|t* — t*]/t* 0.022 0.023 0.04
|BER(tA*) — BER(t*)|/BER(t*) | 0.015 0.017 0.05
LDPC fail rate 1 0.059 0.26
Genie LDPC fail rate 1 0.006 0

Table 2. Trade-off between BER and LDPC failure rate.

S5 produces clearly wrong estimates. The estimates provided
by Ss are noisier than those provided by S7, but are still ac-
ceptable. The relative increase in BER when reading at £*
instead of at ¢* is shown in the fourth row of each table. It is
worth noting that the BER(tA*) does not increase significantly,
even with inaccurate mean and variance estimates. This vali-
dates the derivation in Section 4.

Finally, the last two rows on each table show the fail-
ure rate after 20 iterations of a min-sum LDPC decoder for
two different methods of obtaining soft information. The
LDPC code had 18% redundancy and codeword length equal
to 35072 bits. The fifth row corresponds to LLR values
obtained using the mean and variance estimates from the
Progressive Read Algorithm and the last row, labeled “Genie
LDPC”, corresponds to using the actual values instead of the
estimated ones. It can be observed that strategy S7, which
provided very accurate estimates, always fails in the LDPC
decoding. This is due to the wide range of cell voltages that
fall between the middle two reads, being assigned an LLR
value close to 0. The fact that the “Genie LDPC” performs
better with S3 than with Ss shows that the read locations
chosen by the former are better. However, S5 provides lower
failure rate in the more realistic case where the means and
variances need to be estimated.

In summary, So was found to be best from an LDPC code
point of view and S7 from a pure BER-minimizing perspec-
tive. Ss as proposed in [?] is worse in either case unless the
voltage distributions are known.

7. CONCLUSION

NAND flash controllers typically do several re-reads using
different read thresholds to recover host data in the presence
of noise. A read operation takes the same time regardless
of the threshold being used. Therefore, reducing read time
can only be done by reducing the number of reads. Another
component of read time is the decoding time required to de-

code the ECC protecting the written data. This paper pro-
posed algorithms to reduce total read time by using a lim-
ited number of re-reads with good read thresholds to mini-
mize bit-error-rate. Minimizing raw bit-error-rate does not
always lead to minimal codeword-error-rate, specifically for
LDPC codes. Therefore, the paper proposed an algorithm to
minimize codeword-error-rate or sector-failure-rate for LDPC
codes. Simulation results were used to validate the perfor-
mance of the proposed algorithms.
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