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Abstract—In this work, we propose Flash-Gen, a data-driven
approach to generating flash memory read voltages in both
space and time using conditional generative networks. This
generative modeling method reconstructs read voltages from an
individual memory cell based on the program levels of the cell
and its surrounding cells, as well as the time stamp, in a time-
efficient, resource-saving, and function-comprehensive manner.
We propose a flash system optimization procedure, referred to as
the Flash-Gen coding workflow, that leverages reconstructed read
voltages for the development of error correction codes (ECCs)
and constrained codes. Experimental results demonstrate that
the model accurately captures the complex spatial and temporal
features of the flash memory channel. Flash-Gen coding workflow
can effectively address a range of important tasks, including
threshold determination, coding performance estimation, and
pattern characterization.

I. INTRODUCTION

NAND flash memory is a non-volatile data storage medium,
widely utilized in consumer electronics and large-scale data
centers. Modeling spatio-temporal read voltages with complex
distortions arising from the write and read mechanisms in flash
memory devices is essential for the design of signal processing
and coding algorithms.

The distortions in NAND flash memory are manifold,
including programming errors, inter-cell interference (ICI) due
to parasitic capacitance coupling between adjacent cells, cell
wear during program/erase (P/E) cycling, cell charge loss due
to data retention, and program/read disturb effects.

In order to compensate for the sophisticated noise and
recover the stored bits in each cell, solid-state drives
(SSDs), solid-state drives (SSDs), composed of a number
of flash chips, incorporate advanced coding schemes within
their controllers. Commonly used coding schemes in SSD
controllers are error-correction codes (ECCs), such as Bose-
Chaudhuri-Hocquenghem (BCH) codes and low-density parity-
check (LDPC) codes. Constrained codes are another type of
coding scheme, which avoids patterns prone to errors caused
by inter-cell interference (ICI) effects.

We propose the use of conditional generative nets as an
approach to modeling flash memory read voltages in both
space and time. We refer to this generative modeling method
as Flash-Gen. We summarize our contributions in this work as
follows:

1) We propose a comprehensive, flexible, and data-driven
Flash-Gen model to accurately reconstruct soft read
voltages at each individual cell unit of flash memory.
This machine learning approach can be flexibly applied
to flash memories of any technology generation and chip
feature size.

2) We propose the Flash-Gen coding workflow. This
workflow simulates the “realistic” error correction
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Fig. 1. Flash-Gen architecture: encoder, generator, and discriminator constitute
the generative modeling architecture. Here, z is the latent vector.

environment with LDPC codes in an SSD controller
and emulates multiple necessary steps in hard-decision
and soft-decision decoding. It also estimates the relative
frequencies of spatially-dependent and pattern-dependent
ICI-induced hard read errors to help the design of
constrained codes.

3) We validate the proposed Flash-Gen on a 1X-nm, 3-bit
per cell (TLC) NAND flash chip across various wear
conditions.

The details of this work can be found in [2].
II. FLASH-GEN AND FLASH-GEN CODING WORKFLOW

We present the framework of our Flash-Gen model. As
program levels from flash blocks and specific time stamps
are provided, voltage levels can be sampled from Flash-Gen
efficiently and accurately. We adopt a conditional VAE-GAN
(cVAE-GAN) architecture [1] as the basis for our architecture.
Given program level PL € P, read voltage level VL € V),
temporal factor time stamp representing P/E cycle count Tpg
and the retention time 7’,, we aim to learn the analytically
intractable likelihood P(VL|PL,Tpg, T, ), with the goal of
capturing the spatio-temporal nature of the flash memory
channel.

Flash-Gen coding workflow simulates three practical coding
applications: hard-decision decoding of LDPC codes, soft-
decision decoding of LDPC codes, and optimization of
constrained codes. The detailed task modules are illustrated in
Fig. 2. Our applications are not limited to these three coding
tasks and can be extended to other signal-processing scenarios.

We now describe the Flash-Gen LDPC coding workflow.
We formulate our approach using a TLC flash chip with ¢ = 8
program levels. The learned Flash-Gen can generate unlimited
pairs of {PL, VL}.

In the hard-decision decoding stage, we design the read
simulator to perform read threshold optimization and process
operation for each cell. The hard read bits are determined by
comparing the voltage level VL to the thresholds. The set of
hard read thresholds is presented as THy = {THHJc k=
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Fig. 2. Flash-Gen coding workflow: Flash-Gen serves as a database to provide
unlimited accurate {PL, VL} pairs for coding techniques.

0,1,...,q — 2} C V. We compute the level error probability
LER of PL=7 and PL =1 as
LER(THy,PL = 1)
= P(VL < THy,0[PL = 1) + P(VL > THy,1 |PL = 1)
Zvl<THHYO N(PL =1,vl) Zul>THH11 N(PL =1,vl)
T ey NPL=1,00) S wiev N(PL = 1, 0l)

The bit error rate BER(THy) will be converted from level
errors by the label mapping. To find the optimal read threshold
for hard-decision decoding, we minimize the bit error rate of
the read operation

TH}; = argmin BER(THpy).

In the soft-decision deTc%Ifiing phase, we formulate the
modules of LLR processor and LLR mapper. LLR processor
determines the number of thresholds between two adjacent
program levels and optimizes the threshold positions. The set
of soft read thresholds can be denoted as THg = {THg :
k=0,1,...,(g = 1)1 — 1} C V, where [ is the number of
reads between two program levels.

We find the optimal placement of the soft threshold by
maximizing the mutual information of the flash memory
channel. The mutual information between program level PL
and voltage level VL is given by

MI(THs) = I(PL, VL) = H(VL) — H(VL|PL)
(g—1)*l (g—1)*l (g—1)=*l
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where H is the entropy function. the transition probability
ppik represents P(THgy, < VL < THgg41|PL = pl)
and Ppl,(g—1)%l is P(THS,(qfl)*lfl < VL|PL = pl) The
probability of each level p,; is expressed as P(PL = pl).
The optimization of soft thresholds THg can be formulated

as
THY = arg max MI(THg).
THgs
In the Flash-Gen constrained coding workflow, we apply the
pattern ranker module, which arranges the pattern-dependent
probabilities in descending order. Then, the constraint designer
module will select the most error-prone patterns to formulate

coding schemes.

III. EXPERIMENTAL RESULTS

To evaluate the quality of the reconstructed voltage levels
and analyze the spatio-temporal nature of flash memory
system, we discuss the regenerated VL using the following
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Fig. 3. Frame error rate (FER) comparison with LDPC codes of measured
data and Flash-Gen reconstructed dataset. The time stamp of the left subfigure
is P/E cycle count and the time stamp of the right subfigure is retention time.
Solid lines correspond to measured data from the flash device and dashed lines
present Flash-Gen reconstructed data. Black curves and markers correspond to
decoding using rate-0.94 LDPC codes and right curves and markers represent
decoding using rate-0.90 LDPC codes.
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Fig. 4. Variations in the hard-decision decoding threshold and soft-decision
decoding thresholds change the decoding performance and the metric values.

statistical metrics: voltage level distribution given the program
level, P/E cycle count, and retention time; error count for each
program level. The details of comparison can be found in [2].

The frame error rate (FER) performance regarding measured
data and Flash-Gen reconstructed data is shown in Fig. 3,
where the left figure shows the results for P/E cycling and
the right figure shows the results for retention. The Flash-
Gen model trained with data from selected time stamps can
accurately estimate the FER. We optimize the thresholds using
the learned distributions and feed reconstructions to LDPC
decoders.

Fig. 4 illustrates how decoder FER and the respective
metrics vary with threshold placement under hard-decision
and soft-decision decoding for measured data and Flash-Gen
recosntructed data at 7000 P/E cycles. In the hard-decision
and soft-decision decoding experiments, the Flash-Gen model
correctly captures the sensitivity to the variations of threshold
placement as reflected in the convex and concave shape of both
FER and BER curves.
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