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Abstract

NAND flash-based Solid-State Drives (SSDs) have become the pre-

dominant storage medium for modern data-intensive applications. Com-

pared to traditional Hard Disk Drives (HDDs), SSDs offer various advan-

tages, including shorter I/O latency, compact form factor, and lower en-

ergy consumption. Moreover, advances in multi-level cell technology and

3D wordline stacking have significantly increased SSD capacity, enabling

a single device to store hundreds of terabytes of data. With these benefits

and remarkable capacity enhancements, SSDs have emerged as the de facto

standard for modern data-intensive workloads.

While SSDs provide significantly higher performance than HDDs, their

limited bandwidth still makes it challenging to meet the demanding perfor-

mance requirements of data-intensive applications. Modern data-intensive

workloads demand extremely high data processing capability over massive

datasets. To satisfy these requirements, modern computing systems employ

high-performance compute units (e.g., GPUs) capable of delivering hun-

dreds of tera–floating-point operations per second. Unfortunately, the band-

width of SSDs, which physically store the data to be processed, remains

limited to about 4–15 GB/s. This severely constrained SSD bandwidth intro-

duces a substantial performance bottleneck that cannot be addressed merely

by increasing compute performance.

To overcome the limited bandwidth of SSDs, in-flash processing (IFP),

which performs computation directly within flash chips inside the SSD,
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has been actively investigated. Because the aggregated internal bandwidth

across multiple flash chips within an SSD is higher than the external PCIe

interface bandwidth, IFP can effectively increase the available bandwidth of

SSDs. Leveraging this advantage, several studies have proposed IFP-based

acceleration techniques for various data-intensive applications.

IFP has the potential to deliver substantial performance benefits, but

several key challenges must be addressed before it can be adopted in prac-

tical systems. First, achieving high bandwidth requires IFP to operate all

flash chips concurrently, which exposes the SSD to significant read distur-

bance that severely degrades both its lifetime and performance. Second, the

capacity-oriented design trend of modern NAND flash memory has sub-

stantially reduced per-chip read bandwidth, directly undermining the per-

formance benefits that IFP aims to deliver. Third, flash chips are manufac-

tured under extremely tight fabrication resource constraints, making the in-

tegration of additional IFP logic components both challenging and costly.

In particular, ensuring reliable IFP operation necessitates an on-chip ECC

decoder, which incurs substantial area and power overhead.

In this dissertation, we propose two novel schemes that effectively ad-

dress the key challenges hindering the practical adoption of IFP. First, we

introduce DEAR, a dynamic read-refresh scheme that mitigates the impact

of the read disturbance by performing refreshes in a fine-grained manner.

Conventional SSD firmware ensures reliability against read disturbance by

simply triggering a refresh once the number of reads to a block exceeds

a predefined threshold. However, due to the substantial process variation in

modern 3D NAND flash memory, such coarse-grained refresh policies cause
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excessive and unnecessary data migrations. To eliminate this inefficiency,

DEAR performs read-refresh operations based on actual error rates rather

than read counts, and operates at the wordline granularity instead of the

block level. By selectively refreshing only the highly disturbed wordlines,

DEAR drastically reduces the data migrations during refreshes, thereby sig-

nificantly improving both SSD lifetime and performance under read distur-

bance.

Second, we present AiF, an in-flash processing framework that effec-

tively improves bandwidth and implementation overheads of IFP. To over-

come the limited performance benefits of IFP caused by the diminishing

read bandwidth of flash chips, AiF employs a charge-recycling read tech-

nique that dramatically increases read bandwidth by reusing the voltages

applied in previous read operations for subsequent reads. In addition, to ad-

dress the area and power overhead of on-chip ECC decoders required to

correct the high error rate of NAND flash memory, AiF adopts biased error

encoding, which intentionally introduces non-uniform error characteristics

across pages to create highly reliable pages. By selectively storing IFP data

(e.g., LLM weights) only in these reliable pages, AiF ensures the reliabil-

ity of IFP using lightweight ECC. Combining these two techniques, AiF

achieves up to 4x higher read bandwidth than conventional IFP while sig-

nificantly reducing implementation overhead.

To evaluate the effectiveness of the proposed schemes, we conduct ex-

tensive experiments using real-world workloads and LLMs on SSD emula-

tion platforms. The evaluation results show that DEAR significantly reduces

data copying caused by read-refresh operations, thereby substantially im-
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proving both SSD lifetime and performance for read-intensive workloads.

Furthermore, the IFP-specialized read and reliability techniques of AiF en-

able a dramatic increase in read bandwidth with marginal implementation

overhead, leading to a significant improvement in LLM inference through-

put.

Keywords: In-Flash Processing, NAND Flash Memory, Storage System,

LLM Inference, Performance Optimization, Reliability Optimization

Student Number: 2020-20678
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Chapter 1

Introduction

1.1 Motivation

To meet the ever-growing performance and capacity demands of mod-

ern data-intensive applications, in-flash processing (IFP) has been actively

investigated in recent years [1, 2, 3, 4, 5, 6]. As a new paradigm of compu-

tational SSDs, IFP executes application-level computations directly inside

flash chips, rather than transferring data to external compute units.

By enabling computation within flash chips, IFP offers several key ad-

vantages over previous computational SSD solutions such as in-storage pro-

cessing (ISP) [7, 8, 9, 10, 11, 12], as well as DRAM-based processing-in-

memory (PIM) solutions. First, IFP can fully exploit the internal bandwidth

of SSDs. Previous ISP solutions that perform computation at the SSD con-

troller must first transfer data from flash chips through flash channels, mak-

ing their performance inherently constrained by the limited bandwidth of

these channels. In contrast, IFP performs computation directly inside flash

chips, where the data to be processed is stored, and transfers only the final

results. This eliminates the flash-channel bottleneck and enables full uti-

lization of the aggregated bandwidth across all flash chips. Second, because

IFP is built on NAND flash memory, it can provide more than 50x higher

storage capacity than DRAM-based PIM solutions. These combined bene-
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fits in performance and capacity make IFP a promising solution for modern

data-intensive applications that require high I/O bandwidth over massive

datasets.

While IFP has demonstrated its effectiveness across a wide range of

data-intensive applications, several fundamental challenges remain insuffi-

ciently addressed in prior work. As the capacity of modern NAND flash

memory continues to scale rapidly, the reliability and performance of flash

chips degrade significantly, posing serious challenges to IFP, which per-

forms computation directly within flash chips. First, IFP increasingly suf-

fers from severe read disturbance. As flash chip density increases, read-

disturbance effects, where errors accumulate with each read operation, are

significantly exacerbated. Since IFP operates under read-intensive work-

loads and typically activates all flash chips concurrently to maximize in-

ternal bandwidth, it exposes them to extreme read-disturbance stress. This

substantially increases the frequency of read-refresh operations, an internal

SSD maintenance task required to ensure reliability, thereby significantly

degrading both the lifetime and performance of IFP-enabled SSDs. Second,

capacity-oriented flash memory designs, such as multi-level cell technology

and 3D wordline stacking, have drastically reduced flash read bandwidth.

This bandwidth degradation fundamentally limits the performance benefits

that IFP can provide. Finally, flash chips are manufactured under extremely

tight area and power constraints, making the integration of additional IFP

logic challenging. For instance, IFP often requires the integration of on-chip

ECC decoders to ensure reliability, yet the high complexity of ECC decoder

incurs substantial area and power overhead.
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1.2 Dissertation Goals

Since the reliability and performance issues of IFP stem from multiple

underlying factors, it is difficult to address all of them with a single, unified

solution. Therefore, effectively overcoming the diverse challenges of IFP

requires the development of multiple complementary techniques, each tar-

geting a specific issue, and their careful integration. This holistic approach

enables IFP to accelerate a wide range of data-intensive applications with

substantial performance gains while incurring minimal additional overhead.

In this dissertation, we propose two novel schemes that effectively ad-

dress the reliability and performance challenges of IFP that have not been

adequately explored in existing solutions. In particular, our primary goal is

to identify and exploit new optimization opportunities, ranging from low-

level device characteristics to high-level application requirements, that re-

main unleveraged by prior work. Based on this holistic perspective, we

develop software-, microarchitecture-, and circuit-level optimization tech-

niques that comprehensively improve the reliability and performance of IFP-

enabled SSDs from multiple dimensions.

First, we present a novel read-refresh scheme that effectively mitigates

the lifetime and performance overhead caused by read disturbance under

read-intensive workloads. Despite the fact that modern SSDs increasingly

suffer from severe read disturbance due to larger block sizes and shrink-

ing error margins, conventional read-refresh schemes still rely on a sim-

plistic mechanism that ensures reliability by triggering refresh operations

once a block’s read count reaches a predefined threshold. However, we ob-
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serve that read-disturbance characteristics in modern 3D NAND flash mem-

ory vary significantly across wordlines, making existing block-level, static

read-count-based refresh schemes highly inefficient. To address this inef-

ficiency, our proposal selectively refreshes individual wordlines based on

their actual error rates, rather than relying on block-level read counts. By

enabling refresh operations only for highly disturbed wordlines, our scheme

significantly reduces the amount of data copying compared to conventional

read-refresh approaches, particularly under read-intensive workloads.

Second, we present a novel IFP-specialized SSD architecture that ef-

fectively addresses the performance and reliability challenges of in-flash

processing. We observe that, due to the capacity-oriented design of mod-

ern 3D NAND flash memory, both the performance and reliability of flash

chips have degraded significantly, making it difficult to satisfy the demand-

ing performance and reliability requirements of LLM inference even when

employing IFP. To address this challenge, our proposal first significantly

improves flash read bandwidth by specializing the flash-chip read sequence,

originally optimized for general-purpose I/O, to match the access patterns

of IFP workloads. In addition, we introduce a new data-encoding technique

that intentionally creates highly reliable pages. By selectively placing IFP

data only in these reliable pages, our design ensures error correction using

lightweight on-die ECC decoders with minimal overhead. By integrating

these two techniques, our proposal significantly accelerates on-device LLM

inference with low implementation overhead. Moreover, the proposed IFP-

specialized techniques are broadly applicable beyond LLM inference and

can benefit a wide range of data-intensive workloads.
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1.3 Contributions

In this dissertation, we introduce several reliability and performance

optimization techniques that address the fundamental challenges hindering

the practical adoption of IFP. The contributions of our work can be summa-

rized as follows:

• We propose Dynamic Error-Aware Refresh (DEAR), a novel read-

disturbance management scheme that minimizes unnecessary data copy-

ing during read-refresh operations, thereby significantly reducing the

lifetime and performance overhead of read refresh under read-intensive

workloads such as IFP. The key observation behind DEAR is that,

due to substantial process variation in modern 3D NAND flash mem-

ory, wordlines exhibit highly heterogeneous read-disturbance charac-

teristics. As a result, conventional block-level read-refresh schemes

based solely on read counts often trigger refresh operations prema-

turely. To address this inefficiency, DEAR introduces an accurate and

lightweight online wordline error estimator that continuously tracks

error accumulation at the wordline granularity. When the estimated

error of a wordline approaches the ECC correction capability, DEAR

selectively refreshes only that wordline. By basing refresh decisions

on actual error rates rather than read counts, DEAR effectively min-

imizes unnecessary refresh invocations. Experimental results show

that DEAR reduces the number of refresh-induced writes by an aver-

age of 64.2% compared to existing read-refresh management schemes.

By significantly reducing internal data migration caused by read-refresh
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operations, DEAR improves the 99.9th-percentile read latency and

SSD lifetime by 44.9% and 36.7%, respectively. Furthermore, thanks

to a highly optimized implementation of the wordline error estimator,

DEAR incurs negligible error-tracking overhead.

• We propose Accelerator-in-Flash (AiF), a novel IFP architecture that

executes the key computation stages of on-device LLM inference di-

rectly inside flash chips, thereby significantly improving inference

throughput under limited memory capacity. We identify that, due to

the low read bandwidth of flash chips, existing IFP schemes fail to

meet the demanding bandwidth requirements of LLM inference even

when computation is offloaded into flash chip. Moreover, while LLM

inference is highly error-sensitive, where even minor bit errors can

severely degrade accuracy, flash memory inherently exhibits low reli-

ability. Ensuring correctness therefore requires complex on-die ECC

decoders, which incur prohibitive area and power overheads. To ad-

dress these challenges, AiF introduces two IFP-specialized techniques:

charge-recycling read and biased error encoding. Charge-recycling

read is based on the key observation that when wordlines within a

block are accessed consecutively, the read voltages applied in a previ-

ous access can be reused for subsequent reads. Leveraging this prop-

erty, AiF reads large volumes of consecutively stored model weights

with significantly higher effective read bandwidth. Biased error en-

coding intentionally introduces non-uniform reliability across pages

within a block, creating a subset of highly reliable pages. Exploit-

6



ing this biased reliability, AiF selectively stores model weights only

in these reliable pages. As a result, data can be correctly recovered

using a highly compact on-die ECC decoder dedicated solely to re-

liable pages. By combining these two techniques, AiF improves flash

read bandwidth by 4x while incurring negligible area and power over-

heads. Evaluation results using eight real-world LLMs show that AiF

achieves up to 14.6× higher throughput than a baseline DRAM+SSD

inference scheme. Furthermore, compared to in-memory inference

that stores the entire model in device memory, AiF delivers 1.4× higher

throughput while significantly reducing memory footprint. The IFP-

specialized performance and reliability optimization techniques pro-

posed in AiF are broadly applicable and can be leveraged to accelerate

a wide range of data-intensive workloads using IFP.

1.4 Dissertation Structure

This dissertation is composed of six chapters including the introduction

and conclusions which are at the first and the last, respectively. The four

intermediate chapters are organized as follows:

Chapter 2 provides the background necessary to understand this work.

It introduces the fundamentals of NAND flash memory, the overall archi-

tecture of SSDs, and read-disturbance management mechanisms in modern

SSDs. In addition, this chapter reviews prior work on read-disturbance mit-

igation techniques as well as existing computational SSD solutions that are

closely related to our proposed approaches.
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Chapter 3 discusses the key challenges that must be addressed for the

practical adoption of IFP. It explains how the aggressive capacity scaling

of modern 3D NAND flash memory has significantly degraded both per-

formance and reliability, thereby introducing several critical challenges for

IFP, which executes computation directly inside flash chips. This chapter

highlights that overcoming these challenges requires new optimization tech-

niques and serves as the foundation for the solutions proposed in the subse-

quent chapters.

Chapter 4 presents DEAR, an effective read-disturbance management

scheme that minimizes unnecessary data migration during read-refresh op-

erations. We first explain the key limitations of existing read-refresh schemes

in high-density 3D NAND flash memory, where read-disturbance character-

istics are highly heterogeneous across wordlines. To address these limita-

tions, DEAR selectively refreshes only highly disturbed wordlines based on

actual error rates rather than read counts. We also introduce a highly op-

timized wordline error estimator to enable the practical implementation of

DEAR. We evaluate the effectiveness of DEAR using real-world workloads,

showing large lifetime and performance benefits over existing schemes.

Chapter 5 introduces AiF, a novel IFP scheme that accelerates on-

device LLM inference. This chapter first discusses the limitations of existing

IFP solutions when applied to workloads with demanding bandwidth and

reliability requirements, such as LLM inference. To overcome these chal-

lenges, we propose IFP-specialized flash read sequences and data-encoding

techniques. We validate the effectiveness of the proposed techniques through

industry-standard EDA tools and real device-level characterization. Evalu-
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ation results show that AiF significantly improves LLM inference perfor-

mance, demonstrating that it effectively addresses the limitations of existing

IFP solutions.
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Chapter 2

Background

2.1 Overview of 3D NAND Flash Memory

2.1.1 Organization

Figure 1 shows the organization of a 3D NAND flash-based SSD. A

flash cell is the smallest unit for storing data, holding bit information based

on its threshold voltage (VTH) level, which largely depends on the charge in

its charge trap layer. It means that different bit data can be encoded by dif-

ferent VTH of the cell. For example, we can assign data value ‘0’ to a higher

VTH and ‘1’ to a lower VTH. A set of vertically connected cells forms a

NAND string. Each string connects to a bitline (BL), and multiple strings on

different BLs form a block. Cells at the same vertical location share a con-

trol gate connected to a common wordline (WL), enabling all cells on that

WL to operate concurrently. In our example, a 3D flash block consists of N

horizontal layers (h-layers) stacked along the z-axis. Similarly, the 3D flash

block may be described as having four vertical layers (v-layers) in the x-axis

where each v-layer consists of N stacked WLs separated by four select-line

transistors (SSLs). Within each plane, all blocks share the BLs. Each BL

is connected to a sense amplifier (not shown in Figure 1) in the peripheral

circuitry, which detects the values stored in the cells during read operations.

10



Chip …

SS
D

Co
nt

ro
lle

r

Chip

Chip … Chip

Flash channel

Flash channel

Plane 
0

Peripheral circuit

Plane 
1

Plane 
2

Plane 
3

BL

3D NAND Block

4 SSLs…..
… …

…..

x y

z

BL BL

…
.

…

NAND
String

h-layer N (4 WLs)
Flash 
cell

WL

WL

WL

h-layer 1 (4 WLs)

h-layer 2 (4 WLs)

Figure 1: An organizational overview of a 3D NAND flash-based SSD.

Each flash chip, containing multiple planes (typically four), communicates

with the controller through a dedicated flash channel.

2.1.2 3D Manufacturing Process

Figure 2 shows a cross-sectional view of a flash block cut in the x-z

plane. In 3D flash memory, the stacked flash cells are vertically connected

through cylindrical channel holes. The channel holes are formed at the early

stage of 3D NAND flash manufacturing by an etching process [13]. While

the etching process proceeds from the top h-layer to the bottom h-layer, it

causes structural variations to channel holes in different h-layers. For ex-

ample, the diameter of the channel holes fluctuates considerably across the

height of an h-layer. Because of the high aspect ratio of the cylindrical chan-

nel hole, the channel hole diameter in the topmost h-layer is wider than that

in the bottom h-layer. Moreover, channel holes in some h-layers have an

elliptical or rugged shape, unlike the circles in upper h-layers, mainly due

to etchant fluid dynamics. These structural variations lead to differences in
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error characteristics of flash cells along the vertical direction.

2.1.3 NAND Flash Operation

There are three basic operations that enable access to flash memory:

program, erase, and read. To increase the threshold voltage (VTH) of a flash

cell, the program operation injects electrons into the charge trap layer of

the flash cell by applying a high voltage (e.g., > 20 V) to the WL. On the

contrary, the erase operation applies a high voltage (> 20V) to the sub-

strate (i.e., channel) to remove electrons from the charge trap layer, which

decreases the VTH of all flash cells in a block.

During a read operation, NAND flash memory determines a cell’s data

(i.e., the cell’s VTH level) by identifying whether current flows through the

corresponding BL. Figure 3 depicts the read mechanism of NAND flash

memory that consists of three phases: 1) precharge, 2) evaluation, and 3)

discharge.
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Figure 3: A read sequence of NAND flash memory.

In the precharge phase ( 1 ) in Figure 3), the WLs and BLs are charged

to the specific voltages needed to read the values stored on the target WL.

A read reference voltage (VREF) is applied to the target WL in the block.

Since non-target WLs should not affect the read operation on the target WL,

their gate voltages are set to pass-through voltage (VPASS, > 6V), which

is much higher than the highest VTH level of any flash cells in the NAND

string (i.e., non-target WLs should behave like pass-transistors.). Simulta-

neously, the BLs are precharged in preparation for data sensing. During the

evaluation phase ( 2 ), the stored values in the target cells are detected. If the

(VTH) of the target cell is below VREF, the cell turns on, allowing current

to flow. Conversely, if VTH is higher than VREF, the cell remains off, block-

ing the current. The sense amplifier connected to each BL determines the

VTH of the target cell by detecting the current sinking from the BL capacitor

(CBL). Due to the high resistance of the BL and NAND string, this sink

current is minimal, causing only a slight change in the voltage level of CBL,

even when the target cell is on [14]. Finally, in the discharge phase ( 3 ), the

WLs and BLs of the target block are discharged to return to standby state
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Figure 4: VTH distributions of NAND flash memory.

( 0 ). Discharging the WLs and BLs ensures that subsequent reads, writes, or

erases are unaffected by the previously accessed block [15, 14, 16].

2.1.4 Multi-level Cell Technology

To increase the storage capacity, a flash cell can store multiple bits by

adjusting its VTH level more precisely, called m-bit multi-level cell technol-

ogy. It stores m bits within a single flash cell by using 2m distinct (VTH)

states (i.e., m is 2 and 3 for MLC and TLC flash memory, respectively).

Figure 4 compares the VTH distribution of a SLC with the VTH distribution

of a TLC that uses different 23 states to store 3 bits per cell, indicating each

WL contains three pages called LSB, CSB, and MSB page.

While multi-level cell technology offers high storage capacity, it also

brings performance degradation and reliability concerns. SLC NAND, for

example, requires only a single sensing operation per read, enabling faster

access times. In contrast, TLC NAND requires multiple sensing operations
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to read a page, which increases read latency; for instance, reading a CSB

page in TLC NAND demands three sensing operations (V2
REF, V4

REF, and

V6
REF). Furthermore, NAND flash is inherently prone to errors due to its

imperfect physical characteristics. Over retention time after programming,

cells gradually leak stored charge, causing shifts in the VTH. These shifts can

lead to misjudgment of the VTH state during sensing, resulting in read errors.

SLC NAND benefits from a large VTH margin between states, contributing

to its low error rate. In contrast, TLC NAND has a narrower VTH margin,

making it more susceptible to errors. Moreover, as cells undergo more pro-

gram and erase (P/E) cycles, they gradually wear out, making charge leak-

age more likely and leading to increased errors. As a result, modern SSD

controllers employ complex ECC engines to ensure data integrity before

transferring the data to the host.

2.2 Read-Disturbance Problem

2.2.1 Read-Disturbance Mechanism

During a read operation, VPASS is applied to non-target WLs to fully

turn on the NAND string, suppressing unexpected bit errors in flash cells

on the target WL. Although VPASS is much lower than the program voltage,

the flash cells on non-target WLs can be softly programmed by the electri-

cal stress due to VPASS (i.e., shift VTH distribution to the right), as shown

in Figure 5. Furthermore, when reads are performed repeatedly, the amount

of stress accumulates (i.e., causing more VTH shift), resulting in significant

bit errors across all non-target WLs in a block, called read-disturbance er-
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Figure 5: A VTH distribution after read-disturbance.

ror [14].

Based on the well-known Fowler–Nordheim (FN) tunneling equation [17],

read-disturbance errors can be quantified as follows:

ErrorRD ∝ V 2
pass · exp(

−1

Vpass
) · Tread ·Nread (2.1)

where Tread and Nread are the read latency and the total number of read

operations, respectively.

2.2.2 Read Disturbances in 3D Flash Memory

Since the read-disturbance error is proportional to three key factors,

VPASS, Tread and Nread (in Equation 2.1), it becomes more pronounced as

the capacity of 3D flash memory increases. First, the more stacked WLs for

high capacity, the higher the NAND string in Figure 1, resulting in higher

resistance of a NAND string. Consequently, a higher VPASS voltage is re-

quired to sufficiently turn on flash cells on the NAND string. Second, larger

block size due to more stacked WLs in a block inevitably increases the total

number of reads per block (i.e., Nread). Furthermore, higher m-bit multi-

level cell flash memory requires much longer Tread. For example, SLC flash
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Figure 6: A breakdown of per-state errors on 3D TLC flash.

memory has a Tread of around 20 µs [18], while QLC flash memory requires

90 µs [19] for reading a page, significantly amplifying the read-disturb er-

rors.

2.2.3 State-Dependent Read-Disturbance Errors

To better understand the read-disturb problem, we examine how read-

disturb errors are distributed over different VTH states. Figure 6(a) shows

the breakdown of per-state bit errors after 2000K reads. Like 2D flash mem-

ory, read-disturb errors in 3D TLC flash memory occur in an asymmetric

fashion [20, 21]. Repeated reads shift VTH state to the right by soft-program

effect, and such an effect makes some flash cells in the i’th VTH state exceed

its reference voltage Vi
REF (called fail-bit). The amount of read-disturb error

can be calculated by counting the number of fail-bits, denoted as CFBC, as

shown in Figure 6(b). The soft-program effects are more pronounced in rel-

atively lower VTH states because the magnitude of VPASS is not sufficient to

shift the flash cell in higher VTH states. Therefore, most read-disturb errors

are highly localized in the lower VTH states (e.g., ER and P1 states), while
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other states show only a marginal increase in bit errors.

2.2.4 Reliability Management: Read Refresh

To protect data against read-disturbance errors, an SSD performs a read

refresh (RR) procedure well before any uncorrectable errors occur; it reads

all valid pages from the affected block, corrects the errors, and migrates (i.e.,

rewrites) the data to free blocks. A typical read-disturb management tech-

nique is based on a predefined constant Cmax that is tailored to the number

of reads that all blocks are guaranteed to tolerate. In other words, Cmax is set

to the minimum value over all CB
max values where CB

max is the maximum read

count that the block B can tolerate. When the current number of reads to the

block B reaches Cmax, the RR procedure is invoked to avoid any potential

data loss.

Although an RR procedure is essential to ensure data integrity against

the read-disturb problem, unfortunately, it can cause significant performance

and lifetime overheads in SSDs. The RR procedure requires extra internal

data movements (i.e., reads and writes for data migration), which can con-

flict with host I/O requests. Furthermore, since data migration requires addi-

tional program and erase operations (i.e., P/E cycles), frequent invocations

of an RR procedure inevitably lead to lowering the lifetime of SSDs.
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2.3 Related Work

2.3.1 Read-Disturbance Management

Several prior system-level or device-level studies have focused on miti-

gating the lifetime and performance overheads incurred by RR. Prior works [22,

23, 24] have optimized data placement policies in an RR procedure to reduce

the future RR invocations. Zhang et al. [22] proposed a strategy to disperse

frequently-read pages, i.e., read hot data, widely across multiple free blocks.

This approach optimizes the RR invocations by preventing the concentration

of read hot data within only a few blocks. Liao et al. [23] proposed to dis-

tribute valid pages from an RR procedure using a data reallocation model

that estimates the hotness of pages.

A few prior works [25, 21] have proposed to optimize read-disturb

management by leveraging inter/intra-block variation. Zhao et al. [25] pro-

posed to set different maximum tolerable read counts among blocks depend-

ing on their P/E cycles. Han et al. [21] proposed to classify pages within a

block into several groups by page types (e.g., MSB/CSB/LSB in TLC flash

memory) and migrate each based on different threshold values.

Prior works [24, 26] have proposed VPASS scaling techniques for 2D

flash memory to mitigate the read-disturb error. Ha et al. [24] proposed an

integrated approach that programs a read-hot block with fine-grained control

to form narrow VTH distributions, and uses a lower VPASS when reading a

page in the read-hot block. Cai et al. [26] proposed to use a lower VPASS

when there is a sufficient ECC-capability margin in the target block. Since

read disturb is strongly correlated with the level of pass-through voltage,
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using low pass-through voltage can effectively suppress its negative impact.

2.3.2 In-Storage Processing

To address the limited external PCIe bandwidth of SSDs, numerous

studies have proposed in-storage processing (ISP) solutions [7, 8, 9, 10,

11, 12, 27, 28, 29, 30, 31, 32, 33, 34] across diverse application domains

such as pattern matching [35, 36], query processing [9, 10, 11], data ana-

lytics [12, 27], genome processing [7], graph processing [31, 32, 33], and

DNN [28, 29, 30], which minimize data movement by processing data at the

SSD controller and delivering only the results to the host.

A key advantage of ISP is its ability to leverage existing resources in

the SSD controller, such as embedded processors and ECC engines, mak-

ing it a cost-effective solution. However, existing ISP solutions cannot meet

the high read bandwidth demands essential for emerging data-intensive ap-

plications such as LLM inference. In ISP solutions, data read from flash

chips must be transferred to the SSD controller via flash channels, which

use a multi-drop bus topology, as illustrated in Figure 1. This topology lim-

its data transfers to one flash chip per channel at a time, creating a significant

bottleneck at the flash channels. With SSDs typically offering up to 8 chan-

nels [37, 38, 39], each limited to 1.6–2.4 GB/s of bandwidth, ISP solutions

can only achieve an aggregate bandwidth of 12.8–19.2 GB/s. In contrast,

LLM inference often requires read bandwidths nearing 100 GB/s, rendering

ISP solutions inadequate for such demanding requirements.
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2.3.3 In-Flash Processing

To overcome the bottleneck caused by flash channels and fully utilize

the internal bandwidth of SSDs, some studies have explored in-flash pro-

cessing (IFP) solutions, such as graph neural network [1], vector search [2,

3], DNN [4, 5], and bitwise processing [6]. Modern SSDs are composed of

multiple flash chips (e.g., 16 chips in a 1-TB SSD), whose aggregate read

bandwidth, referred to as internal bandwidth, far surpasses the constrained

bandwidth of flash channels. By enabling computations to occur directly

within the flash chips through dedicated in-flash accelerators, SSDs can ef-

fectively leverage their high internal bandwidth to support data-intensive

applications. For example, single-batch LLM inference primarily involves

GEMV, which inherently reduces data size by transforming input matrices

(e.g., model parameters) into smaller output vectors (i.e., token embedding

vectors). This high data reduction characteristic makes LLM inference par-

ticularly well-suited for IFP. For instance, a large matrix (e.g., 175-MiB)

stored across flash chips can be processed using its high internal bandwidth,

with only the significantly smaller output vector (e.g., 16-KiB) transferred

over the limited flash channel bandwidth.

While prior works have successfully demonstrated the potential of IFP

solutions, they have largely focused on integrating IFP into applications

without adequately addressing practical challenges, which will be discussed

in Chapter 3. The IFP-specialized techniques proposed in this work for im-

proving bandwidth and reliability can complement existing approaches, of-

fering an orthogonal enhancement to previous work.
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Chapter 3

Key Challenges in In-Flash Processing

In-flash processing (IFP) is a highly promising paradigm for acceler-

ating data-intensive applications; however, its practical adoption requires

overcoming three fundamental challenges, which are deeply rooted in the

capacity-oriented evolution of modern NAND flash memory. Over the past

decades, NAND flash memory has aggressively increased memory density

through technologies such as multi-level cell and 3D stacking in order to

meet the paramount requirement of storage systems: capacity. While these

advances have been highly effective in scaling capacity, they have come at a

significant cost to flash reliability and performance. This degradation in reli-

ability and performance of modern NAND flash memory poses particularly

critical challenges for IFP because, unlike conventional SSDs, IFP executes

computation directly inside flash chips. In this chapter, we introduce each

of the three key challenges and systematically analyze their impact on the

efficiency of IFP.

3.1 Diminishing Read Bandwidth

3.1.1 Capacity Scaling of NAND Flash Memory

Figure 7(a) illustrates the cell-array organization of earlier-generation

NAND flash memory. A cell array typically consists of several tens of word-
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Figure 7: Comparison of the cell-array organization in (a) earlier-generation
and (b) modern high-density NAND flash memory.

lines, where each wordline connects to approximately 32,768 cells (corre-

sponding to a 4 KiB page), and each flash cell stores a single bit of in-

formation. In contrast, Figure 7(b) shows the cell-array organization of re-

cent NAND flash memory. With the transition to 3D stacking, the number

of wordlines has increased to several hundreds. Also, to reduce the area

overhead of peripheral circuits such as row decoders, the number of cells

connected to each wordline has increased by approximately 4x. Moreover,

multi-level cell technologies have been adopted, enabling each cell to store

three or even four bits of data. While these architectural changes have been

highly effective in improving storage density, they have substantially in-

creased flash read latency. This increase is primarily due to (1) the signif-

icantly larger number of flash cells that must be driven and sensed during
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each read operation, often more than 20x compared to earlier generations,

and (2) the increased complexity of read procedures required for multi-bit

cells, which rely on multiple sensing steps.

Figure 8 compares the capacity and read bandwidth of two flash chips:

Chip A [40], which follows the organization of earlier-generation NAND

flash memory, and Chip B [41], which represents modern high-density NAND

flash memory. Driven by capacity-oriented design choices, Chip B provides

approximately 8x higher capacity than Chip A within the similar chip area.

However, for the reasons discussed above, Chip B achieves 8.9x lower read

bandwidth than Chip A. This bandwidth degradation may not be a critical

issue for conventional SSDs, since their performance is often bounded by

the external PCIe interface and can therefore partially mask the reduction

in internal flash bandwidth. In contrast, IFP executes computation directly

inside flash chips and thus relies heavily on internal flash read bandwidth,

making its performance directly constrained by such bandwidth degrada-

tion. As capacity-oriented flash scaling is expected to continue, flash read

bandwidth is likely to decline further.
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Figure 8: Comparison of (a) flash-chip capacity and (b) read bandwidth be-
tween Chip A and Chip B.
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3.1.2 Limitations of IFP for Read-Intensive Workloads

The diminishing read bandwidth of modern NAND flash memory fun-

damentally limits the ability of IFP to support diverse workloads, particu-

larly those with stringent read-bandwidth demands such as on-device LLM

inference. For example, on-device LLM inference exhibits extremely low

arithmetic intensity (only 1–2 operations per byte) [42, 43], primarily due to

their single-batch processing characteristic, making inference speed highly

dependent on the read bandwidth of model parameters. Additionally, the au-

toregressive nature of LLM inference necessitates reading the entire model

parameters for each token generation step [42, 43, 44]. This dependency

places an upper bound on the token generation rate, expressed in tokens per

second (tokens/s), as follows:

max. tokens/s ≤ read bandwidth (GB/s)
model size (GB)

. (3.1)

Although IFP enables SSDs to fully utilize their internal bandwidth,

it still falls significantly short of the bandwidth required to meet the com-

monly desired throughput for LLM inference. Figure 9 shows the internal

bandwidth of TLC SSDs. A 1-TB TLC SSD with 16 flash chips [37, 39],

a popular configuration in personal devices like laptops and smartphones,

provides an internal bandwidth of only 25.6 GB/s, primarily due to the di-

minishing read bandwidth of modern NAND flash memory discussed above.

From equation 3.1, this limitation means that when running inference on a

30B model with 30 GB of parameters, a 1-TB SSD only achieves less than

0.85 tokens/s even with IFP. One way to increase internal bandwidth is to
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Figure 9: Internal bandwidth of SSDs.

scale up SSD capacity by adding more flash chips (e.g., 4-TB capacity).

However, this significantly raises the cost of edge devices, undermining the

benefit of IFP.

3.2 High Read Disturbance

3.2.1 Read Disturbance in Modern SSDs

As discussed in Section 2.2, NAND flash memory suffers from read

disturbance, where each read operation gradually introduces bit errors into

the stored data. To recover from these disturbance-induced errors and main-

tain data integrity, SSDs periodically perform an internal maintenance task

called read refresh (RR), which migrates and rewrites highly disturbed data

to restore reliability. While RR is essential for ensuring correct operation,

it inevitably incurs additional internal writes due to data migration, which

degrades both SSD lifetime and performance.

To quantify the impact of read disturbance, we evaluated how severely

SSD lifetime and performance are degraded by RR (i.e., RR overhead) using

commercial SSDs.
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Table 1: Detailed specifications of 11 SSDs for evaluation.

Name Flash type No. of stacked Block size Capacity Interface Vendorwordlines per block (MiB)
M-2D-A 2D MLC N/A 8 250 GB SATA 6Gb/s A
T-176-A 3D TLC 176 33 500 TB SATA 6Gb/s A
Q-176-A 3D QLC 176 44 500 GB SATA 6Gb/s A
T-72-B 3D TLC 72 14 500 GB SATA 6Gb/s B
T-64-A 3D TLC 64 12 1 TB NVMe 4GB/s A
T-176-A 3D TLC 176 33 1 TB NVMe 8GB/s A
Q-176-A 3D QLC 176 44 1 TB NVMe 8GB/s A
T-128-C 3D TLC 128 24 1 TB NVMe 8GB/s C
Q-232-C 3D QLC 232 58 1 TB NVMe 8GB/s C
T-64-D 3D TLC 64 12 500 GB NVMe 4GB/s D
T-162-D 3D TLC 162 57 1 TB NVMe 8GB/s D

Evaluation Setup. Table 1 lists the detailed specifications of eleven SSDs

used in our evaluations. We selected 11 SSDs with different multi-level cell

technologies and block sizes from three different SSD vendors. The name X-

Y-Z SSD means that it employs (X)LC flash memory with the number of (Y)

stacked WLs manufactured from (Z) vendor. For example, T-176-A SSD

and Q-176-A SSD are made by 3D flash memories from vendor A with the

same number of WL stacks but different multi-level cell technologies (i.e.,

TLC and QLC flash memory, respectively). For each SSD under test, we

used a single-threaded FIO [45] configured to perform 4-KiB random reads

with a queue depth of 32. To assess the impact on SSD lifetime, we tracked

internal write activity during read operations (i.e., RR-induced writes) by

monitoring S.M.A.R.T. logs [46]. To evaluate the read latency impact, we

collected the read latency for every 4 ms. To examine the effect of working

set size, evaluations were conducted over two LBA ranges: 250 GB and 64

GB. Prior to each test, a full-drive write pass was performed across the entire

LBA range to eliminate any residual effects from previous tests.
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(a) M-2D-A (b) T-72-B

(c) T-176-A (d) Q-176-A

Figure 10: A comparison of RR-induced writes in four SSDs.

Impact on Lifetime. Figure 10 shows the cumulative internal writes trig-

gered by the RR procedure as the total amount of reads increases for each

SSD. The evaluation results show that RR-induced writes exponentially am-

plify in high-capacity SSDs. For instance, the 2D MLC SSD (M-2D-A) ex-

hibits no RR-induced writes, as shown in Figure 10(a). In contrast, the 3D

TLC SSDs, shown in Figures 10(b) and (c), suffer from a large number of

RR procedures as reads accumulate, leading to nearly 0.9-TiB and 2.4-TiB

of additional RR-induced writes after 30-TiB of reads. Such negative impact

is even more severe in the Q-176-A SSD, which incurs approximately 8.2-

TiB of RR-induced writes, as shown in Figure 10(d). Assuming a 200 TBW

SSD endurance [47, 48] and a sustained read throughput of 100 MB/s, the

T-176-A and Q-176-A are expected to last less than 263 days (−85%) and

77 days (−95%), respectively, under read-intensive workloads compared to

the 5-year warranty. These results highlight the negative impact of the RR

procedure on SSD lifetime, especially for modern high-capacity flash tech-
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nologies.

Impact on Read Latency. Figure 11 shows the read latency profiles of each

SSD in read-intensive environments. While reads are repeated, the read la-

tency of most tested SSDs significantly fluctuates over time due to the time-

consuming RR procedure. From the evaluation results, we quantitatively an-

alyze the impact of capacity-centric flash techniques on RR overhead and re-

veal why optimizing the RR procedure is important in modern high-capacity

SSDs.

To examine the impact of the block size on RR invocations, we com-

pare the read latency profiles of two 1-TB SSDs, T-64-A and T-176-A. Both

SSDs employ high-capacity 3D TLC flash memory, but due to the different

stacked WLs, the block size of T-176-A is 2.75 times larger than that of T-

64-A. As depicted in Figures 11(b) and 11(f), SSDs with higher WL stacks

(i.e., larger block size) exhibit more latency degradation compared to SSDs

with fewer WL stacks (i.e., smaller block size). For SSDs with large block

sizes, it is likely that multiple read requests can be served from one single

large block (i.e., increase Nread per block). Consequently, even at low read

counts, read-disturb errors sharply increase, which, in turn, leads to more

frequent RR invocations. Moreover, a larger block size requires more data

migration (i.e., data copy for more WLs) during each RR procedure, further

amplifying the performance overhead. Similarly, the evaluation results for

T-64-D and T-162-D, as shown in Figures 11(c) and 11(e), also demonstrate

the risk of large block size. In addition, more severe fluctuations in read la-

tency are observed in a smaller working size. It indicates that in a smaller

working size, read requests are concentrated into fewer blocks, accelerating
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Figure 11: A comparison of read latency in eight SSDs.
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read-disturb errors of the target blocks.

Figures 11(f) and 11(g) show the impact of m-bit multi-level cell tech-

nologies on RR invocations. A read latency comparison for T-176-A and

Q-176-A SSDs indicates that SSDs with higher m-bit multi-level cell flash

memory (e.g., QLC flash memory) suffer from more RR invocations than

SSDs with lower m-bit multi-level cell flash memory (e.g., TLC flash mem-

ory). As evaluations using real flash chips in Figure 12, higher m-bit multi-

level cell flash memory should set Cmax sufficiently low because of its re-

duced error margin, resulting in more frequent RR invocation. For example,

the Cmax of QLC flash chip is 3.15 times and 5.5 times lower than that

of TLC and MLC flash chip, respectively. Furthermore, since higher m-bit

multi-level cell flash memory has poorer read and write latency, it requires

a longer time to complete the RR procedure, leading to more significant

fluctuation in read latency.

3.2.2 Read Disturbance in IFP-enabled SSDs

The lifetime and performance degradation caused by RR is particu-

larly problematic for IFP-enabled SSDs. First, IFP is primarily designed to
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accelerate read-intensive workloads such as LLM inference, vector similar-

ity search, and graph neural networks, which issue significantly more reads

than general workloads. This high read volume amplifies read-disturbance

stress and consequently increases the frequency of RR invocations. Second,

unlike traditional DRAM+SSD architectures that rely heavily on DRAM

caching to reduce repeated flash reads, IFP leverages high internal band-

width to execute computation inside flash chips and transfers only the final

results to the host. In other words, IFP often processes datasets directly from

flash without caching them in DRAM, which increases the number of flash

reads required for the same workload. Third, whereas conventional SSDs are

limited by the external PCIe bandwidth (typically 4–15 GB/s), IFP activates

all flash chips concurrently to exploit the SSD’s internal bandwidth. Conse-

quently, IFP exposes flash memory to substantially higher read-disturbance

stress within a shorter time window than traditional SSD operation.

To quantitatively estimate how frequently RR may be triggered under

IFP, we evaluate the impact of RR on SSD behavior under different lev-

els of read intensity. Figure 13 shows the read-latency fluctuations induced

by RR when an SSD repeatedly performs sustained sequential reads at 512

MB/s, 1 GB/s, 2 GB/s, and 4 GB/s, respectively. We use repetitive sequen-

tial reads to emulate the access pattern of LLM inference, which repeatedly

reads model weights for each token-generation step. As expected, RR is trig-

gered more frequently as the read intensity increases. At a sustained read

bandwidth of 512 MB/s (Figure 13(a)), only two noticeable latency spikes

are observed, indicating two RR invocations. However, as the sustained read

bandwidth doubles, the RR frequency increases almost linearly: at 1 GB/s, 2
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(a) 512 MB/s (b) 1 GB/s 

(c) 2 GB/s (d) 4 GB/s 

Figure 13: A comparison of read latency under different read intensities.

GB/s, and 4 GB/s, we observe four, eight, and fourteen RR-induced latency

spikes, respectively (Figures 13(b)–(d)). These results strongly suggest that

RR will become significantly more frequent under IFP. As discussed ear-

lier, IFP typically processes datasets directly from flash without relying on

DRAM caching and activates all flash chips concurrently to maximize inter-

nal bandwidth, resulting in extremely high effective read bandwidth (e.g.,

tens to hundreds of GB/s). Consequently, IFP-enabled SSDs are expected

to experience substantially higher read-disturbance stress and incur much

heavier RR overhead than conventional SSD operation. Overall, this analy-

sis demonstrates that mitigating read disturbance, and reducing the resulting

RR overhead, is a first-order challenge for the practical deployment of IFP.
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3.3 High Implementation Overheads

3.3.1 Root Causes of High Implementation Overheads:
PPA Inefficiency and ECC Complexity

To enable data processing inside flash chips, IFP typically requires inte-

grating two major logic components into the flash chip peripheral circuitry:

(1) computation logic for in-flash processing and (2) an ECC decoder to

recover data corrupted by flash errors. These additional components can

substantially increase both chip area and power consumption, making im-

plementation overhead a critical barrier to practical IFP deployment.

First, the peripheral circuitry of NAND flash chips is manufactured

under severe process constraints that lead to poor power-performance-area

(PPA) efficiency compared to conventional CMOS logic. Similar to DRAM,

flash peripheral circuits are typically fabricated using relatively large pro-

cess nodes and a limited number of metal routing layers. This is largely due

to the unique fabrication flow of 3D NAND, where peripheral circuits are

manufactured first and the flash memory array is subsequently built on top.

To protect peripheral circuits from the high thermal budget required for fab-

ricating the flash array, manufacturers often employ conservative process

technologies. As a result, implementing the same logic in flash peripheral

circuits can incur significantly higher area and power overhead than imple-

menting it in modern ASICs built with advanced CMOS processes.

Second, NAND flash memory inherently requires powerful and com-

plex error-correction mechanisms. Unlike DRAM, flash memory exhibits

high raw bit error rates, often resulting in tens of bit errors per kilobyte.
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To ensure correctness, modern SSD controllers therefore employ sophisti-

cated ECC engines such as low-density parity-check (LDPC) decoder. How-

ever, because IFP performs computation inside flash chips, it cannot rely on

the controller-side ECC engine. Instead, it must incorporate on-chip ECC

decoder to ensure reliability. Unfortunately, the high complexity of ECC

decoder and the limited PPA efficiency of flash peripheral circuits make

on-chip ECC decoders extremely costly in both area and power. In particu-

lar, LDPC decoders require extensive wiring and high routing complexity,

which may be infeasible to implement given the limited metal layers avail-

able in flash chip peripheral circuitry.

3.3.2 Quantitative Evaluation of On-Chip ECC Over-
heads

One approach to mitigating the implementation overhead of ECC de-

coders is to target error-resilient applications, as explored in prior IFP stud-

ies [3, 5, 4]. Unfortunately, many emerging data-intensive applications, such

as LLM inference and graph neural networks, are highly vulnerable to even

small bit errors. To examine the impact of raw bit error rate (RBER) on LLM

inference, we evaluated how the model accuracy changes as the number of

error bits in model parameters increases by injecting bitflip errors into model

matrices.1 Figure 14 shows the average model accuracy as RBER increases,

revealing notable sensitivity to even extremely low RBER ranges. For ex-

ample, the LLaMA-3 8B model (INT8-quantized) experiences an accuracy

1For accuracy evaluation on HellaSwag [49], all models were quantized to INT8. We
then injected RBER-based bit-flips probabilistically, but only in the QKV projection and
FFN weight matrices (see Figure 41).
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Figure 14: Impact of RBER on inference accuracy.

drop of over 60% at an RBER of 10−7, which is far below the typical RBER

ranges of NAND flash memory (> 10−3). This highlights that LLM infer-

ence is not inherently error-tolerant, making ECC decoder within the flash

chip (i.e., on-chip ECC) indispensable to ensure the inference accuracy.

While on-chip ECC is essential for ensuring correct operation, it intro-

duces significant implementation overhead. This overhead arises because,

as discussed earlier, ECC decoders must be implemented within the flash-

chip peripheral circuitry, which suffers from poor PPA efficiency, and must

simultaneously deliver high decoding throughput while providing strong

error-correction capability to tolerate the high raw bit error rate of NAND

flash memory. For conventional off-chip ECC decoders implemented at the

SSD controller, error correction is primarily performed on data delivered to

the host via the PCIe interface, resulting in the decoding throughput require-

ment is dependent on the external bandwidth. In contrast, on-chip ECC de-

coders perform error correction directly within each flash chip, requiring the

total correction throughput across all flash chips to match the SSD’s internal

bandwidth. Since the overhead of ECC scales linearly with throughput, this

imposes a substantial burden on SSDs.
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Figure 15: PPA impact of ECC decoder.

Figure 15 illustrates the estimated area and power consumption of a

BCH-based ECC decoder at increasing decoding throughputs. The ECC de-

coder is configured to correct 50-bit errors per 1-KiB. To achieve 102.4 GB/s

throughput, the cumulative on-chip ECC decoders demand 40.12 mm2 of

silicon area and consume 10.694 W, which far exceeds the power budget of

consumer-grade SSDs (6-8 W [37, 39]). These results emphasize the sub-

stantial implementation overhead of high-throughput yet complex on-chip

ECC, presenting significant challenges of IFP.
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Chapter 4

Mitigating Read Disturbance via
Dynamic Error-Aware Refresh

4.1 Limitations of the Existing Solutions

Since RR is an essential procedure to recover data from read-disturb

errors, prior works [22, 23, 25, 21, 26, 50] have focused on alleviating its

negative impact using techniques such as data reallocation [22, 23, 25, 21],

voltage scaling [26], and buffer management [50]. However, no existing

study has explored how to invoke RR in a timely manner to minimize the RR

invocations. Similar to other memory technologies (e.g., DRAM), modern

3D flash memory exhibits significant process variation, resulting in widely

differing physical characteristics across WLs [51, 52]. Unfortunately, previ-

ous studies rely on a predetermined fixed Cmax, defined as the CWL
max of the

worst WL in the worst block, to trigger RR. By ignoring the high process

variability of 3D flash memory, the conservative Cmax setting in the existing

approach leads to premature and unnecessary RR invocations.

Analysis of CWL
max Variations. To quantitatively understand the process vari-

ability in read-disturb errors, we examine the CWL
max variation between WLs

using 160 3D TLC flash chips (see Section 4.3 for details on our charac-

terization methodology). For obtaining statistically significant results, we
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Figure 16: Per-WL CWL
max distributions over different P/E cycles.

measure CWL
max for 3,686,400 WLs randomly selected from 160 flash chips

(19,200 blocks in total). Figure 16 shows the cumulative distribution func-

tion (CDF) of CWL
max across 5 selected blocks (blocks A ∼ E) at different

P/E cycles. Our results reveal substantial CWL
max variation across WLs, even

at the same P/E cycle. For example, at 0K P/E cycle, the average CWL
max gap

between the best block and the worst block is as much as 250K reads. Fur-

thermore, even in the same block, the CWL
max value of the best WL is about

1.42x higher than the worst WL. The CWL
max variation becomes more severe

as P/E cycles increase (i.e., flash memory gets aged). At the 2K P/E cycle,

the gap between the best and worst CWL
max widens up to 4.14x.

From our characterization results, we derive two key conclusions. First,

due to the significant variation in CWL
max between WLs, the existing block-

level RR management scheme based on a single Cmax value is no longer

practical for managing the read-disturb problem. While previous techniques
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may be reasonable for 2D or earlier 3D NAND flash memory, where blocks

are smaller (e.g., 4-MiB [53]) and process variation is less significant [51,

52], they become highly inefficient for modern 3D NAND flash memory

with ever-increasing capacity. Second, if it is possible to accurately estimate

the actual CWL
max of each WL and only highly disturbed WLs are selectively

refreshed, unnecessary RR invocations can be minimized, providing an ef-

fective solution to mitigate RR-induced overheads.

4.2 Overview of DEAR

We propose DEAR (Dynamic Error-Aware Refresh), a novel read-disturb

management scheme designed to improve SSD lifetime and performance by

effectively reducing RR invocations. Figure 17 shows how the RR procedure

can be optimized under the DEAR.

The key idea of DEAR is simple. Unlike existing solutions that refresh all

blocks when their read count (RC) reaches a fixed Cmax (all WLs are re-

freshed at 100 reads, 0 in Figure 17), DEAR dynamically allocates near-

optimal CWL
max values to each WL. Specifically, DEAR determines the max-

imum number of reads each WL can tolerate before its errors exceed the

ECC correction capability (ECCCAP). Using per-WL CWL
max values, DEAR

performs RR at the WL level, selectively refreshing only the WLs that are

actually highly disturbed, rather than refreshing entire WLs in a block (only

four WLs are refreshed at 300 reads, 1 ). By doing so, DEAR fully leverages

the reliability potential of each WL, significantly minimizing RR invoca-

tions in modern SSDs.
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Figure 17: An illustrative example of the DEAR scheme.

To precisely determine CWL
max values, DEAR monitors the dynamic error

status of the WLs at runtime. CWL
max is defined as the maximum number of

reads a WL can tolerate before its error rate surpasses the ECCCAP. DEAR

ensures timely RR management by continuously tracking the actual error

status of individual WLs and invoking the RR procedure only when a WL’s

error rate approaches the ECCCAP.

Key Challenge. While the key idea of DEAR is straightforward, tracking

the error status of each WL at runtime can introduce significant perfor-

mance overhead in SSDs. In conventional SSDs, errors can be detected by

reading data and applying error correction through the ECC decoder [54].

Therefore, a straightforward implementation of DEAR might involve read-

ing and correcting all valid WLs in a block to identify those approaching

the ECCCAP. However, the large size of 3D flash block makes this approach

impractical. In modern 3D NAND flash memory, a single block can ex-

ceed 120 MiB [41], which means that one round of error monitoring for all

WLs in a block may take up to 337 ms—an unacceptably high latency. To

address the challenge, DEAR employs the SEE (Swift Error Estimator), a

mechanism specifically designed for accurate and efficient per-WL error es-
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Figure 18: (a) Error similarity within a 3D block. Comparison of (b) straight-
forward error monitoring and (c) SAM.

timation. SEE incorporates three optimizations: (1) Similarity-Aware Mon-

itoring, (2) Fail-bit-assisted Error Monitoring, and (3) Block-wise Periodic

Monitoring, each of which is extensively validated through our real-device

characterization study (Section 4.3).

Optimization 1: Similarity-Aware Monitoring (SAM). SAM is a simple

yet highly effective technique that leverages the inherent error similarity

in 3D flash memory to minimize the number of WLs to be monitored. As

illustrated in Figure 1, a 3D flash block consists of vertically stacked h-

layers, each containing four WLs (WL1, WL2, WL3, and WL4), separated

by SSL transistors. Based on extensive device characterization, we observe

that WLs within the same h-layer exhibit nearly identical error behavior, as

illustrated in Figure 18(a). Figures 18(b) and 18(c) show how DEAR ex-

ploits this observation: by monitoring only the leading WLs (i.e., WL1)

of each h-layer, DEAR can reliably infer the error status of the remaining

WLs in the same h-layer. Hence, SAM can reduce the number of WLs for

error-checking by 4x, significantly lowering overhead while maintaining the

accuracy of per-WL error estimation.
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Optimization 2: Fail-bit-assisted Error Monitoring (FEM). To optimize

DEAR in a latency-efficient way, we design FEM by exploiting asymmet-

ric per-state characteristics in read-disturb error shown in Figure 6(a). Fig-

ure 19(a) illustrates the overall workflow of FEM. As demonstrated in Sec-

tion 2.2.2, the root cause of read-disturb errors is an unexpected VTH shift

in the specific states, which is directly captured by the fail-bit count, CFBC.

CFBC can be a reliable proxy for read-disturb errors because a higher CFBC

indicates a more severe VTH shift, which means a higher number of read-

disturb errors. To check the error in a WL, FEM measures only the CFBC in

the ER state (i.e., the CFBC in the leftmost erased VTH state in Figure 6),

CFBC(ER), which is the most sensitive to read-disturb error, without re-

quiring full page reads. Using an offline-built correlation model between

CFBC(ER) and actual flash error, FEM accurately estimates the error status

of the target WL.

Figures 19(b) and 19(c) highlight the performance benefits of FEM.

Conventional error monitoring relies on the ECC decoder, which requires

reading the entire WL—involving three page reads in TLC NAND, as il-

lustrated in Figure 19(b). For example, reading an LSB page requires two
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Figure 20: An illustrative example of BPM when the monitoring interval
CINT is set to 100 reads.

sensings (V1
REF and V5

REF in Figure 5), whereas reading a CSB page requires

three sensings (V2
REF, V4

REF, and V6
REF). In contrast, FEM requires only a

single sensing operation and no ECC decoding, reducing the monitoring la-

tency by nearly 7x, as shown in Figure 19(c). The detailed methodology for

measuring CFBC(ER) with V1
REF sensing is described in Section 4.4.

Optimization 3: Block-wise Periodic Monitoring (BPM). To further re-

duce the monitoring overhead, we introduce a technique, BPM, that mini-

mizes the frequency of error monitoring. Ideally, the error monitoring task

should be performed after every read, as the read-disturb effect accumulates

whenever the stored data is accessed. However, this approach is infeasible

due to the excessive monitoring overhead. Instead, DEAR performs error

monitoring at regular intervals on a per block basis to control the frequency

of monitoring. Figure 20 illustrates an example of how BPM operates. BPM

enables DEAR to periodically perform error monitoring only for specific

points where a block read count reaches a predefined number of reads, de-

noted by CINT. In the example, CINT is set to 100 reads, so the monitoring

task is triggered only when the block’s read count reaches a multiple of

100. This approach is reasonable from the fact that the read-disturb error

gradually increases with read counts, not suddenly rising. By selecting an

optimized value for CINT, DEAR effectively reduces monitoring frequency
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and amortizes the performance impact over time.

Although BPM can reduce monitoring frequency, it must also address

potential reliability risks. Since BPM triggers error monitoring tasks only

at every CINT reads, DEAR should ensure that the accumulated read-disturb

errors between the monitoring points do not cause data loss. In other words,

even if a WL is under the ECCCAP at the current monitoring point, its errors

may exceed ECCCAP by the next monitoring point. To ensure safe opera-

tion, DEAR proactively lowers the RR threshold (i.e., error value to invoke

RR procedure) from ECCCAP to a slightly more conservative value, ETH,

which accounts for the worst-case error accumulation during the monitoring

intervals. Taking advantage of the safety margin (ECCCAP − ETH), DEAR

guarantees that each WL remains within ECCCAP until the next monitoring

point, ensuring data integrity, although with a slight reduction in RR effi-

ciency.

4.3 Design of Swift Error Estimator

In this section, we conduct an extensive real-device characterization

study to validate our key optimization techniques in Section 4.2.

Characterization Methodology. We characterize 160 real 3D TLC flash

chips using an FPGA-based testing platform with a custom flash controller

and a temperature controller. The flash controller can perform not only basic

NAND commands (i.e., for read, program, and erase operations) but also

low-level test commands such as GET/SET FEATURE commands [55].

To minimize the potential distortions in our results, we evenly select 120
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blocks from each chip at different physical locations and test all WLs (a

total of 3,686,400 WLs) in each selected block. We set the ECCCAP to 60

bits per 1-KiB [56]. To avoid pattern dependency all WLs are programmed

with pseudo-randomized data [57]. Each test scenario follows the JEDEC

standard [58] common in the memory industry.

4.3.1 Intra-Layer Similarity for SAM

To validate the feasibility of SAM, we analyze the CWL
max values of the

WLs within the same h-layer in a 3D NAND block. To quantitatively ex-

amine the degree of intra-layer similarity, we define a metric, ∆C i
x, under a

given (i, x). ∆C i
x is defined as a ratio between the maximum CWL

max and the

minimum CWL
max of i-th h-layer under x P/E cycles. As ∆C i

x gets closer to 1,

we can conclude that there exists stronger inter-layer similarity. Figure 21(a)

shows the CWL
max values of five representative h-layers selected from the tested

h-layers. The measured CWL
max is normalized over the h-layer that has the best

CWL
max. Unlike the pronounced inter-layer error variation observed along the

vertical direction in the 3D NAND block, WLs in the same h-layer exhibit

nearly identical CWL
max values. Figure 21(b) shows that the intra-layer simi-

larity is consistently maintained over different blocks as well under varying

P/E cycles. In all our tested 921,600 h-layers, virtually all the ∆C i
x values

are close to 1 (e.g., ∆C i
x among four WLs on each h-layer is less than 0.85%

across all tested layers), regardless of the flash aging conditions.1

1This consistency can be attributed to two key factors. First, WLs within the same h-
layer have similar physical characteristics (e.g., identical channel hole diameters) [52], as
shown in Figure 2(b). Second, WLs on the same h-layer are physically connected through
a common WL gate, indicating that all flash cells in WLs on the same h-layer lie in the
same voltage conditions during read operation (Figure 1(a)). These lead to an identical read-
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Figure 21: Intra-layer CWL
max similarity.

Based on our observations, we conclude that DEAR can efficiently pre-

dict the per-WL error status by exploiting SAM. Strong intra-layer similarity

implies that if we find out the error status from any WL on the same h-layer,

they can be safely applied to the remaining WLs on the same h-layer without

the additional cost. For example, if we measure RBER once for the leading

WL on an h-layer, the RBER values for the remaining WLs on the same h-

layer can be accurately predicted. Furthermore, when the number of WLs in

an h-layer increases (e.g., from 4 to 8 [59, 60]), the efficiency of exploiting

intra-layer similarity improves even further by a factor of 4 to 8, as more

WLs can be bypassed.

4.3.2 Correlation of Fail-Bit Count for FEM

To validate the feasibility of FEM, we conduct a correlation analy-

sis between CFBC(ER) and the actual error status of WLs. While repeat-

ing reads, we track CFBC(ER) and measure each WL’s error status under

different flash aging conditions. Figure 22 represents the relationship be-

disturb effect across WLs in the same h-layer.
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Figure 22: Correlation between CFBC and errors.

tween the CFBC(ER) values and the corresponding measured bit error ranges

of WLs, visualized using standard box plots with the 25th and 75th per-

centiles. The evaluation results show that, across all tested WLs, those with

the same CFBC(ER) exhibit tightly clustered error rates. For example, the

maximum variation in bit errors among WLs with the same CFBC(ER) is

only 8 bits—indicating a strong correlation between CFBC(ER) and read-

disturb error. Furthermore, such a strong correlation is sustained under dif-

ferent P/E cycles. Although the maximum bit error variation is slightly

larger (from 6 bits to 8 bits, on average) due to inherent flash noise fac-

tors (e.g., random telegraph nosie [61] or back-pattern dependency [62]),

CFBC(ER) can still be a precise proxy to estimate the read-disturb error of

each WL.

To account for the error variation observed in Figure 22, DEAR con-

servatively maps each CFBC value to the worst-case bit error rate (i.e., the

100th percentile within the observed error range). For instance, if the error

threshold for triggering a refresh is ETH, DEAR ensures reliability by initi-

ating RR based on the lowest CFBC value whose worst-case error mapping

48



exceeds ETH. We refer to this value as CTH
FBC, which is formally defined as:

CTH
FBC = min{CFBC | MRBER(CFBC) ≥ ETH}, (4.1)

where MRBER(CFBC) represents the maximum measured number of bit er-

rors associated with a given CFBC. Using Equation 4.1, DEAR determines

CTH
FBC and performs RR if the CFBC of a WL is greater than or equal to CTH

FBC.

This approach may cause some WLs to be refreshed before their actual er-

ror rate reaches ETH, but this slight underestimation is a reasonable trade-off

given the significant monitoring efficiency enabled by FEM.

4.3.3 Monitoring Interval Analysis for BPM

To ensure that all WLs in the monitored block remain reliable through-

out the next monitoring interval, the interval CINT must be carefully cal-

ibrated based on the selected error threshold ETH. In DEAR, a WL is re-

freshed when its error rate—approximately monitored via CFBC —reaches

ETH. The error threshold ETH defines a fundamental trade-off between re-

fresh frequency and monitoring overhead. A higher ETH allows WLs to tol-

erate more read operations before triggering RR, thereby reducing the num-

ber of RR invocations. However, this comes at the cost of a smaller safety

margin, requiring more frequent monitoring. Conversely, a lower ETH pro-

vides a larger safety margin, enabling less frequent monitoring, but causes

the WLs to be refreshed too earlier. Figure 23(a) illustrates this trade-off and

the procedure for determining a reliable CINT. For example, when ETH is set

to 80% of ECCCAP (denoted as E1
TH), the safety margin is 20%, and CINT
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Figure 23: Determination of monitoring interval CINT.

must be set to less than T1 to ensure the RBER at the next monitoring point

remains below ECCCAP. Alternatively, if ETH is reduced to E2
TH, the safety

margin increases, allowing CINT to be extended to T2. To ensure reliability

between monitoring intervals at a given ETH, CINT should be set to the min-

imum number of reads required for any WL to accumulate errors from ETH

to ECCCAP (i.e., the minimum possible T in Fig. 16(a)). This is necessary

because reliability varies across WLs, leading to different amounts of accu-

mulated error even under the same number of reads. By setting CINT based

on this minimum T across WLs, DEAR strictly guarantees that if the error

of the currently monitored WL is below ETH, its error will remain below

ECCCAP at the next monitoring point.

To quantitatively understand the impact of ETH on RR efficiency, we

evaluate the average CWL
max of WLs under different ETH values. We first char-

acterize the corresponding CTH
FBC for each ETH, and then measure the maxi-

mum number of reads each WL can tolerate before its CFBC reaches CTH
FBC.

Figure 23(b) shows the average CWL
max for four different thresholds: 1) ETH(5),

2) ETH(10), 3) ETH(15), and 4) ETH(20), where ETH(X) indicates a safety

margin of X%. For comparison, the conventional Cmax is also plotted. As
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expected, RR efficiency improves significantly as ETH increases. For ex-

ample, the average CWL
max under ETH(5) is 2.8x higher than Cmax under 2K

P/E cycles. In contrast, decreasing ETH reduces RR efficiency, as WLs are

refreshed earlier. For instance, ETH(20) yields only 1.2x higher CWL
max com-

pared to Cmax.

Figure 23(c) shows CINT values, characterized using 3,686,400 WLs,

across different ETH settings. When the safety margin is set to 5% to maxi-

mize RR efficiency, a short monitoring interval of 19.3K reads is required at

2K P/E cycles. In Section 4.4, we demonstrate that DEAR can support such

short CINT values with negligible overhead, enabled by SAM and FEM—two

optimizations specifically designed to minimize monitoring latency.

4.4 DEARSSD: System Integration

In this section, we present the comprehensive design of DEAR-enabled

SSD, called DEARSSD, highlighting its key architectural features and ana-

lyzing the associated overheads.

CFBC Measurement. As described in Section 4.3.2, DEAR uses CFBC(ER)

as a proxy for error monitoring. To enable low-latency CFBC measurement,

DEARSSD leverages two key features of modern NAND flash memory: 1)

data randomization, and 2) an on-chip counter, as illustrated in Figure 24.

Because all data is randomized prior to programming, each VTH state is uni-

formly distributed across flash cells in a WL [41, 19, 63] (e.g., 16K cells per

VTH state in TLC flash memory; 1 in Figure 24). As a result, the CFBC(ER)

can be efficiently calculated by subtracting the initial ER state count (i.e.,
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Figure 24: CFBC measurement.

16K) from the number of ’1’ bits detected after sensing with V1
REF ( 2 ). This

bit count is efficiently obtained using a 1s counter embedded within the

flash chip, which performs the counting internally and sends only the result

to the SSD controller, bypassing ECC engine ( 3 and 4 ). Both steps can be

supported by existing two special flash commands (e.g., SLC sensing and

on-chip fail-bit counter [64, 14, 19, 18]), allowing DEARSSD to measure the

CFBC(ER) of a WL in just 28 us (20 µs sensing [18] + 8 µs counting [64]).

Error Monitoring Task Scheduling. The error monitoring task is highly

optimized in a latency-efficient way in our technique. However, when it

conflicts with the user read request, it can cause undesirable delays in re-

sponse time. For example, monitoring a single 120-MiB block with 321

h-layers takes up to 6.42 ms, even when using SAM and FEM. To address

this, DEARSSD performs error monitoring in an interleaved manner. The

monitoring task is divided into smaller phases, each responsible for check-

ing a single WL, and it is mixed up with user read requests. For example,

in a block with 321 h-layers and a CINT of 19.3K reads, DEARSSD checks

only one WL every 60 reads (i.e., 19.3K
321 ), a value denoted as CWL

INT, instead of

monitoring all WLs at once after every CINT reads. Formally, CWL
INT is defined
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Figure 25: Interleaved monitoring.

as CINT
Number of h-layers .

Figure 25 compares the execution timeline of this interleaved moni-

toring strategy with the naive approach when a block performs consecutive

reads. By distributing the monitoring process over time, DearSSD effec-

tively amortizes the monitoring latency, enabling efficient and scalable error

tracking even in large flash blocks.

RR Invocation in DEARSSD. Figure 26 illustrates an operational overview

of DEARSSD. Whenever a block is read, DEARSSD checks whether the

block’s read count is a multiple of CWL
INT ( 1 in Figure 26). When it reaches

such a condition, DEARSSD evaluates the CFBC(ER) of the target WL pointed

by per-block WL Pointer (WP) entry ( 2 and 3 ). WP is a new data structure

to indicate which WL should be monitored next. If the measured CFBC(ER)

exceeds CTH
FBC, the target WL is refreshed along with its neighboring WLs

within the same h-layer ( 4 ). The refreshed WLs are migrated to a new

block, and the FTL updates the mapping table by invalidating their origi-

nal locations and remapping the corresponding LBAs to the new locations.

To support DEAR, two new parameters—CWL
INT and CTH

FBC —are required for

each P/E cycle range. These parameters are decided offline by real-device

characterization and stored in flash memory as a reference table ( 5 ). At run-
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Figure 26: RR invocation flow.

time, DEARSSD loads the reference table into internal memory based on the

aging status.

Garbage Collection. DEAR selectively refreshes only the highly disturbed

WLs rather than the entire block, which may result in some fragmented

blocks. However, these fragmented blocks do not impact SSD functional-

ity, as they are eventually reclaimed through garbage collection (GC) pro-

cess. Since GC is automatically triggered when the number of available free

blocks falls below a threshold and selects victim blocks based on the existing

policy, DEAR does not require any modifications to standard GC operations

and can be seamlessly integrated into the SSD.

Implementation Overhead. DEARSSD requires only minor changes to con-

ventional SSD. First, DEARSSD leverages existing GET/SET FEATURE

commands for V1
REF sensing and 1s counting, requiring no hardware modi-

fications to current NAND flash chips. Second, the memory overhead from

the newly introduced data structures, the per block WP and the reference

table, is also negligible in practice. Each per-block WP entry is 2 bytes,

and assuming an 88-MiB block size, DEARSSD requires only about 24-

KiB additional space for a 1-TiB SSD. The reference table, which stores

54



pre-characterized values for each P/E cycle range (e.g., every 100 cycles),

requires 8 bytes per entry. With a 2K P/E cycle limit, the total table size

is only 160 bytes. The reference table is stored alongside permanent data

(e.g., firmware code) in the flash memory, as it contains values character-

ized offline, and is loaded at runtime to enable the error estimator. Finally,

the performance overhead of error monitoring is minimized through latency-

efficient design. For example, if CWL
INT is set to 60 reads (requiring a total of

2400 µs), only 28 µs are needed for the monitoring task, resulting in less

than 1.2% overhead. A detailed runtime overhead analysis is provided in

Section 4.5.5.

4.5 Evaluation

4.5.1 Evaluation Methodology

To evaluate the effectiveness of DEAR, we used NVMeVirt [65], a

state-of-the-art SSD emulator. We extended NVMeVirt to emulate hetero-

geneous read-disturb characteristics by modifying its internal NAND flash

model. Using our characterized CWL
max distributions, we assigned CWL

max val-

ues—measured at different P/E cycles—to each emulated WL across blocks

in NVMeVirt.

Depending on P/E cycles, each emulated WL dynamically reflects re-

alistic read-disturb behavior by referencing its assigned CWL
max at runtime.

These CWL
max values were obtained from our characterization study using er-

ror monitoring based on CFBC(ER) under an ETH(5) configuration (i.e., with

a 5% safety margin). To precisely emulate read-disturb errors in WLs, we al-
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Table 2: Key parameters of a target SSD.

Configuration 480-GiB total capacity; 8 channels; 2 dies/channel; 4 planes/die;
176 layers; 232 blocks/plane; 2112 pages/block;
CWL

INT: 261 reads (0.5K P/E cycles), 212 reads (1K), 108 reads (2K)

Latencies (µs) tR = 40; tPROG = 380; tERASE = 3500; tSENSE = 20; tCOUNT = 8;

Interface External: PCIe 4.0, 4-lane (8.0 GB/s);
Flash channel: Toggle 5.0 (2.0 Gbps)

locate a dedicated read-disturb counter for each WL. At runtime, whenever

a block performs a read operation, we increment the read-disturb counters

of all other WLs in the block (excluding the currently read WL) by 1. We

then determine whether the read-disturb error of each WL has reached ETH

by checking if its read-disturb counter has reached its corresponding CWL
max.

As summarized in Table 2, we configured the architecture and key parame-

ters of the emulated SSDs to be close to modern high-end SSDs employing

state-of-the-art 3D flash memory [66, 67, 68].

For our evaluations, we study ten workloads from three benchmark

suites, FIO [45], Filebench [69], and Yahoo! Cloud Service Benchmark

(YCSB) [70], which are widely used for modern storage system evalua-

tion [71, 72, 73, 74, 75, 76, 77, 78, 79, 80, 81]. Table 3 summarizes the

I/O characteristics of the workloads used for our evaluations. Each work-

load uses a dataset of approximately 400 GiB and is run for over 3 hours to

ensure steady-state evaluation, allowing us to thoroughly analyze not only

RR but also overall impacts such as GC.

We compared four SSD configurations with different read-disturb man-

agement techniques: Baseline, Cocktail, DEAR, and DEAR+. Baseline rep-

resents an SSD that (i) adopts a priority-aware scheduling algorithm [23]
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Table 3: Key I/O characteristics of evaluated workloads.

Workload Read Write Workload Read Write
ratio pattern ratio pattern

RandRead 1.0 N/A YCSB-B 0.95 Rand.
Web 0.91 Seq. YCSB-C 1.0 N/A

Proxy 0.83 Seq. YCSB-D 0.95 Seq.
Video 1.0 N/A YCSB-E 0.95 Seq.

YCSB-A 0.5 Rand. YCSB-F 0.5 Rand.

to prioritize servicing user I/O requests over RR/GC-induced operations

(read/write/erase), and (ii) invokes the RR procedure based on a block-level

Cmax for all blocks. Baseline also adopts the erase suspend/resume feature

to reduce the tail latency that occurs when a user read conflicts with a block

erase operation. Cocktail builds upon Baseline by incorporating a represen-

tative state-of-the-art read-disturb management technique [22]. During RR,

Cocktail identifies frequently accessed pages (i.e., read-hot pages) and dis-

tributes them across multiple free blocks. This approach reduces the like-

lihood of future RR invocations by balancing read access patterns across

blocks. DEAR is our proposed scheme, which performs WL-level refresh

based on runtime error monitoring. We also validate a new optimization,

DEAR+, that integrates DEAR and Cocktail. The effectiveness of DEAR+

proves that DEAR can be easily integrated with existing optimization, indi-

cating the high scalability of our proposed technique.

4.5.2 RR-Induced Writes

We first evaluated the effectiveness of DEAR in reducing RR-induced

writes. To do this, we measured the internal writes of the SSD for each
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Figure 27: Comparisons on the number of internal writes at different P/E
cycles: 0.5K, 1.0K and 2.0K.

workload. These internal writes include not only those caused by RR, but

also those from GC-induced writes. Figure 27 compares the internal writes

of four SSD configurations, normalized to Baseline, across various P/E cy-

cle counts.

We make four key observations from the results. First, by allowing

each WL to tolerate up to its near-optimal CWL
max, DEAR significantly reduces

RR invocations. Under read-intensive workloads (read ratio ¿ 80%), DEAR

achieves up to an 86.8% reduction in RR invocations (64.2 % on average)

compared to the Baseline.

Second, Cocktail also reduces RR invocations—by up to 42.8% (with

an average reduction of 16.3%)—but its effectiveness is limited compared
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to DEAR. Cocktail is particularly effective for workloads with high tem-

poral locality (e.g., YCSB-C), as it distributes read-hot data across blocks.

However, its benefit diminishes significantly for workloads with low local-

ity, such as random read-intensive workloads. Moreover, as the SSD ages,

Cmax must be lowered to preserve reliability, which causes the block’s read

count to exceed Cmax more frequently—even when read-hot pages are scat-

tered—further reducing efficiency.

Third, DEAR+ achieves additional improvement by leveraging the com-

plementary nature of the two techniques. While Cocktail reduces future RR

pressure by balancing access patterns, DEAR relaxes the trigger condition

for RR by enabling each WL to tolerate more reads. As a result, DEAR+ re-

duces RR invocations by up to 95.4% (with an average reduction of 75.6%)

over Baseline.

Fourth, DEAR becomes less effective as the write ratio of a workload

increases. In read/write mixed workloads such as YCSB-A and YCSB-F,

DEAR reduces total writes by only about 3% and 5% over the Baseline,

respectively. As the write ratio rises (i.e., fewer reads), read-disturb errors

become less frequent, and many blocks are reclaimed by GC before RR is

needed. As a result, the impact of read-disturb diminishes. This contrasts

with read-intensive workloads, where RR-induced writes outweigh internal

writes from GC.

4.5.3 Read Latency

We evaluated the benefit of reduced RR-induced writes on the read

tail latency, which is a critical performance factor for many data-intensive
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Figure 28: The 99th read tail latency at different P/E cycles: 0.5K, 1.0K and
2.0K.

applications.

Figures 28 and 29 compares the 99th and 99.9th percentile read laten-

cies, τ99P and τ99.9P, in the four emulated SSDs at three different P/Es.

We make two key observations. First, our proposals significantly re-

duce both τ99P and τ99.9P compared to Baseline by minimizing additional

read/write/erase operations from premature RR invocations. Second, DEAR

provides more significant benefits at higher P/E cycles from the standpoint

of read performance. For example, at three P/E cycles (e.g., 0.5K, 1.0K, and

2.0K), DEAR reduces τ99P (τ99.9P) over Baseline by 24.4% (46.7%), 29.8%

(50.9%), and 35.9% (54.6%) on average, respectively, under read-intensive

workloads. This is because, as SSDs age, the frequency of RR invocations
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Figure 29: The 99.9th read tail latency at different P/E cycles: 0.5K, 1.0K
and 2.0K.

inevitably increases, resulting in more frequent conflicts between user re-

quests and I/O operations from RR procedures. When combined with Cock-

tail, DEAR+ further reduces τ99P (τ99.9P) by 34.2% (53.4%), 43.8% (57.7%),

and 52.3% (62.8%), respectively. Our evaluation results indicate that DEAR

can effectively mitigate significant read latency fluctuations caused by fre-

quent RR invocations in modern SSDs.

4.5.4 SSD Lifetime

To evaluate the impact of DEAR on SSD lifetime, we measured the

WAF, a key metric that directly influences SSD endurance. Figure 30 presents

the WAF of Cocktail and DEAR, normalized to Baseline, across different
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Figure 30: A comparison of WAF improvement.

P/E cycles. In this evaluation, we used four workloads, excluding workloads

with read-only I/O patterns.

We make two key observations from the results. First, DEAR signifi-

cantly improves SSD lifetime by reducing internal writes incurred by RR.

For example, DEAR reduces the WAF by up to 72.2% and 70% (46.7% and

44.7% on average) at 2K P/E cycles compared to Baseline and Cocktail, re-

spectively. Second, the benefits of DEAR on SSD lifetime vary depending

on the I/O pattern. DEAR achieves substantial WAF reduction in sequential

write workloads (e.g., Web, Video), but is less effective for random write

workload (e.g., YCSB-B). This is because random write workloads inher-

ently suffer from higher WAF due to poor garbage collection efficiency.

Given that modern applications such as AI inference and big data analyt-

ics exhibit read-heavy, update-light I/O patterns [82, 83, 84, 85], we believe

DEAR will be broadly effective in improving SSD lifetime across a wide

range of real-world workloads.

62



600

650

700

750

800

80

85

90

95

100
IO

PS
 (K

)

688 688 686 683
91.46 91.71 92.23 92.64(-0.2%) (-0.7%)

(+0.3%) (+0.8%) (+1.3%)

Re
ad

 la
te

nc
y 

(u
s)

CONV 60 30 15
Monitoring interval (𝐂𝐂𝐈𝐈𝐈𝐈𝐈𝐈𝐖𝐖𝐖𝐖 )

CONV 60 30 15
Monitoring interval (𝐂𝐂𝐈𝐈𝐈𝐈𝐈𝐈𝐖𝐖𝐖𝐖 )

Figure 31: Monitoring overhead analysis.

4.5.5 Monitoring Overhead

As discussed in Section 6, DEAR triggers per-WL error monitoring

each time a block performs CWL
INT reads. To quantitatively assess the per-

formance impact of this periodic monitoring on normal I/O, we evaluated

both IOPS and latency for 4-KiB random reads in the absence of RR in-

vocations. Additionally, to verify the scalability of DEAR, we conducted

experiments by reducing CWL
INT from 60 reads (corresponding to a 120-MiB

block with 321 h-layers) to 15 reads (representing a 480-MiB block with

1284 h-layers). As shown in Figure 31, DEAR effectively amortizes the per-

formance impact of monitoring by leveraging its optimized monitoring tech-

niques. When CWL
INT is set to 60 reads, we observe no notable performance

degradation compared to conventional SSDs that do not perform error mon-

itoring. Even at an extremely low CWL
INT of 15 reads, DEAR introduces only

minimal overhead—0.7% drop in IOPS and 1.3% increase in latency. Since

DEAR incurs very low overhead even at tight monitoring intervals (e.g., 15

reads), we expect it to be a practical solution for emerging QLC NAND

flash, which has an approximately 3× lower Cmax than TLC, as shown in

Figure 12, as well as for increasingly large 3D block sizes.
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Chapter 5

Specializing Flash Operations for
Efficient In-Flash Processing

Contrary to the common belief that IFP can deliver sufficient perfor-

mance by executing computation directly inside flash chips, as discussed

in Sections 3.1, existing IFP solutions struggle to meet the demanding re-

quirements of data-intensive applications such as LLM inference. At a high

level, these limitations stem from two fundamental factors: (1) the high read

latency and (2) the high raw bit error rates of NAND flash memory.

In this chapter, we focus on on-device LLM inference, one of the most

representative data-intensive workloads. Specifically, Section 5.1.1 first presents

an overview of AiF, our proposed IFP scheme, and provides an example il-

lustrating how AiF accelerates LLM inference using IFP. Next, Sections 5.1.2

and 5.1.3 introduce the key techniques of AiF designed to overcome the per-

formance and reliability challenges discussed in Sections 3.1 and 3.3. In ad-

dition, Section 5.1.4 and Section 5.2 describe the flash-chip microarchitec-

ture required to support AiF and the system-level requirements for host–AiF

co-execution. Finally, Section 5.3 presents comprehensive experimental re-

sults that demonstrate the effectiveness of AiF.
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5.1 AiF: Accelerator-in-Flash

5.1.1 Overview

We propose AiF, a novel IFP solution specifically designed to opti-

mize in-flash LLM inference. Figure 32 presents a structural overview of

AiF. A key component of AiF is the AiFSSD, which is composed of mul-

tiple GEMV-enabled flash chips, referred to as AiFChips. (For simplicity,

only four chips are depicted.) Unlike baseline SSD offloading schemes that

rely on time-consuming I/O to load matrices during inference, AiF performs

GEMV directly on the AiFChips where the matrices are stored. Each matrix

is divided into equal-sized sub-matrices and stored sequentially across the

AiFChips. This enables the AiFSSD to fully utilize the high internal band-

width of the SSD by operating all AiFChips simultaneously. During GEMV

operations, the SSD controller aggregates the sub-vectors from each chip,

combines them, and sends the resulting vector back to the host. To support

on-chip GEMV operations, each AiFChip is equipped with two components:
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1) ECCLITE, a ligheweight on-chip ECC decoder, and 2) product elements

(PEs), consisting of multipliers and an adder tree for vector products.

Figure 33 illustrates an example of the computational process of AiF by

comparing its execution timeline with the baseline SSD offloading scheme

during the processing of the feed-forward network in LLaMA-2. In the base-

line SSD offloading scheme, the matrix must first be loaded from the SSD

into memory for GEMV, creating a significant I/O bottleneck. In contrast,

AiF utilizes the SSD’s high internal bandwidth to perform GEMV, effec-

tively reducing the GEMV computation time. AiFSSD can be integrated

with any LLMs by focusing solely on GEMV, the primary bottleneck in on-

device LLM inference, while leaving model-specific vector operations (e.g.,

activation functions) to the host. This decoupling enhances AiF’s flexibility

across various models.

To address the key limitations of existing IFP solutions (Sections 3.1

and 3.3), which primarily arise from flash read operations, we focus on re-

designing the conventional flash read procedure to specifically optimize it

for in-flash LLM inference. We introduce two simple yet highly effective

techniques, charge-recycling read (Section 5.1.2) and bias-error encoding
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(Section 5.1.3), that significantly enhance both the bandwidth and reliabil-

ity of parameter reads during inference. These two techniques combined

allow AiF to satisfy the high bandwidth demands of on-device LLM infer-

ence while maintaining inference accuracy through robust error correction,

even with the highly compact on-chip ECCLITE.

5.1.2 Charge-Recycling Read

Key Idea. Cr-read is a technique that specializes the flash read sequence

for bulk reads within a block. As described in Figure 3, conventional flash

chips include a discharge phase at the end of each read sequence to return

to a standby state. This process ensures that a subsequent flash operation

can start from the known initial state of block access. However, we observe

that a conventional return-to-initial state machine for flash operations may

miss optimization opportunities when additional information is available for

successive flash operations. Unlike general flash access workloads where

subsequent flash operations are difficult to predict, in-flash LLM inference

exhibits strong spatial locality when reading model matrices within a flash

block. As a result, most voltages applied to WLs and BLs from previous

reads can be safely reused without requiring the discharge phase. By lever-

aging these voltage recycling opportunities inherent in reading successive

WLs within a block, cr-read enables AiFChip to read large volumes of LLM

parameters much faster.

Figure 34 illustrates how the proposed cr-read scheme works when

WL0 and WL1 are successively read. In cr-read, after sensing a target WL

( 2 in Figure 34), the WLs and BLs are not fully discharged. Instead, only
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Figure 34: An operational overview of cr-read.

the next read WL discharges from VPASS to VREF, while the previously read

WL charges from VREF to VPASS, with all other WLs holding VPASS for the

next read ( 3 ). Additionally, the BLs are only slightly recharged to compen-

sate for any voltage drop during the previous evaluation phase. Although

cr-read can only be applied when successive reads to the same block are re-

quested without any interval, it significantly enhances both read latency and

energy efficiency—key design requirements for on-device LLM inference.

Figure 35 compares cr-read with conventional reads when reading n WLs

consecutively within a block. As shown in Figure 35(a), conventional reads

require time-consuming precharge and discharge phases for each WL. The

read latency (tR) for each WL in conventional reads can be expressed as:

tR = (tPRE+ tEVAL+ tDISCH) (5.1)

where tPRE, tEVAL, and tDISCH represent the latencies of the prech arge,

evaluation, and discharge phases, respectively1. In contrast, as shown in Fig-

1In this section, we assume that the WLs operate as SLC NAND, requiring only single
sensing. This is because applying the bias-error encoding technique, which will be detailed
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Figure 35: A comparison of (a) conventional read sequence and (b) cr-read.

ure 35(b), cr-read requires only two phases per read: recycling and evalu-

ation (except for the first and last WL reads). Therefore, in cr-read, tR is

given by:

tR = (tRECY+ tEVAL) (5.2)

where tRECY denotes the latency of the recycling phase. Moreover, tRECY

is considerably shorter than tPRE because tPRE requires charging all WLs

from 0 V to VPASS (6 V) (i.e., full-range voltage swing), resulting in a high

RC delay. In contrast, tRECY only needs to charge a single WL from VREF

(3.5 V) to VPASS (6 V). The cr-read scheme is effective as well in reducing

the energy consumption during read operations. Unlike conventional reads,

cr-read only partially charges the previously read WL, raising it from VREF

to VPASS. In addition, since the voltage drop across the BLs during evalua-

tion is minimal, only a small amount of current is required to recharge the

BLs for sensing the next WL. Consequently, cr-read substantially reduces

energy consumption during read operations.

To maximize the bandwidth and energy efficiency of AiFChips during

in Section 5.1.3, allows all LLM parameters to be read as if they were SLC.
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inference, AiFSSD arranges LLM parameters in a layout optimized for cr-

read. Since cr-read achieves peak efficiency when multiple WLs within the

same block are read consecutively, AiFSSD organizes each matrix within

a same block, allowing for bulk reading of the entire matrix through con-

secutive cr-read operations. Since LLM parameters have write once read

many characteristics, AiFSSD can statically pre-arrange each matrix within

the same block. Once a matrix is organized within a block, cr-read can be

applied for all inference requests to a given model.

Evaluation of cr-read. To validate the effectiveness and practical feasibil-

ity of the proposed cr-read scheme, we conducted various characterization

studies using both SPICE circuit-level simulations2 and real NAND flash

cell array3. To accurately represent the flash cell model in our simulations,

we fine-tuned the cell model based on actual measurements from a fabri-

cated real flash cell array. To ensure the accuracy of our simulations, we

compared the tR and power obtained from our simulator with the measured

tR (single sensing read) of 28 us from the actual product and a reported

2Following established methodologies [86, 87, 88], we first conducted measurements
on real charge trap flash (CTF) cells, which are widely used for 3D flash memory devices.
We focused on the Id-Vg (drain current vs. gate voltage) characteristics. These provide a
foundation for an accurate flash cell model that reflects actual cell behavior. Second, based on
the data collected from measurements, we fine-tuned the cell model using the BSIM [89, 90].
At this stage, we verified the model’s reliability by comparing the Id-Vg curves of the tuned
BSIM model to those of the real CTF cells, observing an 8.02% difference in drain current,
which falls within an acceptable range. Third, circuit modeling. We leveraged the tuned
BSIM models and Cadence’s Virtuoso [91] to design the NAND flash cell array. The required
WL and BL capacitance values were obtained from previous research [92, 93, 94]. Lastly,
for simulation, we used Cadence’s Spectre [95], an industry-standard SPICE simulator for
analog and mixed-signal circuits.

3Although simulations offer precise estimations, unexpected real-world factors may im-
pact cr-read ’s correct operation on actual flash chips. To ensure the functionality of cr-
read, we conducted additional testing on a fabricated CTF cell array chip. This array, a
9 (WLs) by 9 (BLs) cell configuration, allows fine-grained control over each WL and BL,
enabling us to validate cr-read ’s behavior in a realistic environment.
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Figure 36: Evaluation results of cr-read.

power value of 24.22 mW [96, 15]. The differences in tR and power con-

sumptions were 2.9% and 0.9%, respectively.

Figure 36(a) compares the read latency (tR) of conventional reads and

cr-read. By replacing the time-consuming prech arge and discharge phases

with an efficient recycling phase, which introduces only a 6.04 µs delay

due to reduced capacitive loads and voltage swing range, cr-read reduces

tR by 64%. This substantial reduction in tR allows the AiFChip to achieve

an effective bandwidth of 6.4 GB/s when consecutive cr-reads are applied

within a block, representing a 2.8x improvement over conventional flash

chips.

By minimizing the repetitive precharge of WLs and BLs, cr-read sig-

nificantly improves the energy efficiency of flash reads. Simulation results

indicate that cr-read reduces read energy consumption by 72.1%, from 18.278

pJ/bit to 5.098 pJ/bit.

To validate the real-world functionality of cr-read, we perform experi-

ments using a fabricated CTF cell array. In these experiments, we read the

same set of pages using both conventional reads and cr-reads, then compare
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the resulting data to determine whether cr-read introduces any data distor-

tion. Since the tested chip lacks dedicated sense amplifiers, we indirectly

assess the data by measuring the current flowing through the BLs during the

evaluation phase. As illustrated in Figure 36(b), the measured BL current

during cr-read matches that of conventional reads (i.e., produces identical

results), confirming that cr-read does not alter the read data and functions

correctly.

Feasibility. Another key advantage of cr-read is its ease of implementa-

tion. Implementing cr-read requires two main functions: voltage control for

each WL and timing control for precharge and discharge phases, both al-

ready supported by flash chips. Voltage control can be managed through

the X-decoder [97], which selects and drives the appropriate WLs with the

required voltages, while timing control can be adjusted by modifying the

timer code in the flash scheduler [98]. These adjustments involve only mi-

nor modifications to the existing flash chip logic.

5.1.3 Bias-Error Encoding

Key Idea. Be-enc effectively reduces bit error rates in the stored LLM

model while slightly sacrificing both read latency and bit error rates for read

operations to general pages, i.e., pages that do not store the LLM model.

This design is based on two key observations: 1) increased tR for gen-

eral pages has minimal impact on system-level performance, and 2) modern

SSDs have a large ECC-capability margin.

Observation 1: tR Tolerance. Figure 37(a) shows the internal bandwidth

of a 1-TB SSD as read latency (tR) is incrementally increased from 40 µs to
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80 µs. Despite the increase in tR, the internal bandwidth remains constrained

by the external bandwidth (e.g., 4-8 GB/s). This indicates that even as tR

rises (and flash chip bandwidth decreases), the effective user-perceived read

bandwidth of the SSD is minimally impacted. From a latency perspective,

increases in tR also have limited impact. This is because end-to-end latency

includes more than just page read latency; it encompasses data traversal

through multiple layers, such as the flash channel, PCIe interface, and kernel

I/O stack. As a result, slight increases in tR can be amortized within the

overall latency, exerting limited effect on perceived performance.

Observation 2: Large ECC margin. As previous studies have shown, the

error correction capability of the ECC engine employed in modern SSDs

significantly surpasses the actual RBER of flash pages, resulting in a large

ECC margin [16, 63, 99]. Figure 37(b) shows the maximum number of bit

errors per 1-KiB data across various P/E cycles, based on our characteri-

zation of 160 real TLC flash chips4. We also plot the correction capabili-

4We characterized 160 real 3D TLC flash chips using an FPGA-based testing platform
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ties for both hard and soft decision decoding in LDPC-based ECC decoders

commonly used in SSDs. As shown in the figure, a significant ECC margin

exists even under the worst-case operating conditions prescribed by manu-

facturers (e.g., a 1-year retention time at 4K P/E cycles). This substantial

margin stems from two factors: the significant portion of ECC parity re-

served in modern SSDs (e.g., 2 KB of parity per 16-KiB data [63]) and the

robust error correction capabilities provided by LDPC soft-decision decod-

ing [100, 101, 102].

Based on these observations, the proposed be-enc scheme intelligently

manages tR and data reliability for the three pages stored within a single

WL of TLC NAND flash memory. Be-enc intentionally introduces hetero-

geneity in the reliability and performance between pages, storing IFP data

(i.e., LLM parameters) only on the most reliable and fastest pages. By prior-

itizing the pages containing IFP data, be-enc effectively increases the SSD’s

internal read bandwidth during inference while simplifying the on-chip ECC

requirements. Be-enc is achieved through the reconfiguration of the VTH

state encoding in flash memory. It is important to note that prioritizing the

reliability of IFP data over general I/O data ensures that IFP data can be

reliably decoded within a flash chip using a compact on-chip ECC decoder.

Furthermore, Observations 1 and 2 (above) indicate that general I/O data

does not experience significant degradation in performance or reliability as

equipped with a custom flash controller and a temperature-controlled environment. To en-
sure comprehensive testing, we selected 120 blocks from each chip, evenly distributed across
various physical locations, and evaluated all wordlines (WLs) within each block, totaling
3,686,400 WLs (11,059,200 pages). This extensive testing setup enabled us to obtain sta-
tistically significant experimental results. All test procedures follow the JEDEC standards
common in the memory industry.
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Figure 38: A comparison of (a) conventional VTH state encoding and (b)
proposed VTH state encoding.

a result.

Figure 38 illustrates how the prioritized be-enc scheme differs from

the conventional VTH state encoding. Figure 38(a) shows the conventional

VTH state encoding used in TLC NAND, where (x, y, z) coding represents

the number of sensing operations required for reading each page type (i.e.,

LSB, CSB and MSB). In the (2,3,2) coding, for example, the LSB page

requires two sensing operations, while the CSB page requires three. Mod-

ern SSDs typically use (2,3,2) coding to balance read time (tR) across all

pages. Figure 38(b) shows the proposed LSB-prioritized (1,3,3) coding. By

reconfiguring the state encoding, the LSB page requires only one sensing

operation, making its read performance equivalent to SLC, while the sens-

ing count for the MSB page increases from two to three. Leveraging this

intentional tR variation, AiFSSD strategically stores IFP data only on the

LSB pages. As a result, during inference, all parameters are read solely from

the fastest LSB pages.

Another key advantage of be-enc is the enhanced reliability of the LSB

pages, which store IFP data. Figures 39(a) and 39(b) present the maximum

number of bit errors per 1-KiB data for each page type under (2,3,2) and

75



0
20
40
60
80

100

LSB CSB MSB
0

20
40
60
80

100

LSB CSB MSB

M
ax

. n
um

be
r 

of
 

bi
t e

rr
or

s 
pe

r 
1-

K
iB @ 4K P/E + 1 year retention @ 4K P/E + 1 year retention 

49 48 48

9
80%

M
ax

. n
um

be
r 

of
 

bi
t e

rr
or

s 
pe

r 
1-

K
iB

(a) Per-page error in (2,3,2) (b) Per-page error in (1,3,3)

43% 38%

6669

Figure 39: Impact of VTH state encoding on page error rates.

(1,3,3) coding, respectively. Compared to (2,3,2) coding, (1,3,3) coding re-

duces the bit errors of LSB pages by 80%. In (1,3,3) coding, LSB page

errors occur only at V4
REF, which distinguishes the P3 and P4 states. Since

these states are in the most stable voltage range [103, 104, 81, 63], where

fewer VTH shifts occur, the error rates of the LSB pages remain low even

under heavy wear (e.g., 4K P/E cycles) and 1-year retention. This signifi-

cant reduction in errors allows AiFChip to implement a lightweight on-chip

ECC.

Feasibility & Overhead. Existing flash chips already support dynamic re-

configuration of the VTH state encoding at runtime [14, 105]. This capability

allows be-enc to be applied without requiring any hardware modifications

to the flash chip.

A major drawback of be-enc is the increase in the sensing count for

MSB pages from 2 to 3, resulting in a longer tR for MSB pages. To min-

imize this overhead, AiFSSD applies be-enc selectively on a per-block ba-

sis. Specifically, AiFSSD categorizes flash blocks into two groups: 1) non-

IFP blocks, which handle only standard I/O operations and use the con-

ventional (2,3,2) coding, and 2) IFP blocks, which employ (1,3,3) coding
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and store both LLM parameters (LSB pages) and general data (CSB/MSB

pages). IFP blocks are allocated dynamically from available free blocks

whenever LLM parameters need to be stored. By applying be-enc selec-

tively to IFP blocks, only those blocks containing LLM parameters experi-

ence performance degradation. We evaluate overhead of be-enc in detail in

Section 5.3.2.

5.1.4 Design of AiFChip

This section presents the detailed design of AiFChip, highlighting its

key architectural features and analyzing its overhead.

Page Buffer Reuse. As illustrated in Figure 32, each AiFChip performs

GEMV operations by multiplying a submatrix, stored sequentially in the

IFP block, with an input vector received from the host. This input vector,

typically between 8-KiB and 32-KiB, is loaded onto the AiFChip to serve as

an operand for GEMV computations.

Instead of requiring a dedicated buffer (e.g., SRAM) for loading the

input vector, AiFChip reuses the existing page buffer (PB) allocated to each

plane. Originally, the PB functions as a temporary buffer for read, program,

and data transfer operations and comprises multiple page latches, each sized

to hold a single page. In TLC NAND, each PB includes at least four page

latches [106, 107, 3, 14]: one serves as a cache buffer for data transfer, while

the remaining three are used as data buffers for page reads. For example, a

CSB page read requires three page latches to store data across three sensing

operations. However, unlike general I/O operations, AiFChip requires only a

single page latch during inference. This is because be-enc enables parameter
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reads with a single sensing operation, similar to SLC reads. As a result,

the remaining two page latches can be repurposed as buffers to hold input

vectors, eliminating the need for additional dedicated buffers.

On-Chip Computation Flow. Figure 40 illustrates the overall flow of on-

chip GEMV computation. The process begins with the controller sending a

command to initiate the GEMV operation ( 1 in Figure 40), specifying key

parameters: the input vector’s dimension, the ID of the block containing the

matrix, the offset within the block, and the number of pages to read. The

controller then loads the input vector into the PBs ( 2 ), after which planes

read matrix sequentially in a continuous flow ( 3 ). As matrix segments are

read, the AiFChip retrieves them along with the input vector from the PBs,

performing multiplication and accumulation in the PEs ( 4 ). PEs consist

of INT8 multipliers and an adder tree to support GEMV operations. Each

matrix segment undergoes error correction through ECCLITE, a compact and

high-throughput on-chip ECC decoder, before computation ( 5 ). ECCLITE

comprises a set of BCH decoders, corrects up to 10-bit errors per 1-KiB

data with a 6.4 GB/s throughput. The correction capability of ECCLITE is
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Table 4: Breakdown of area and power.

Module Name Area [mm2] Avg. Power [mW]

ECCLITE 0.167 45.1
Processing Elements (PEs) 0.026 3.98

Others 0.016 2.6
Total 0.209 51.68

based on our characterization results in Figure 39(b). After computations,

the resulting output vector elements are stored sequentially in the output

FIFO. Throughout the computation, the controller polls each AiFChip in a

round-robin manner to retrieve results from the FIFO as they are generated

( 6 ), with the FIFO status tracked through the flash chip’s status register

(SREG).

Area and Power Overhead. For area and power estimation of the AiFChip,

we implement the proposed logic in Verilog HDL, synthesizing the designs

with Design Compiler at 45 nm technology node and operating frequency

of 200 MHz. As detailed in Table 4, the AiFChip’s estimated area overhead

is 0.209 mm2, approximately 0.2% of the total flash chip area. The average

power consumption is 51.68 mW, with over 87% attributed to ECC. Com-

pared to the baseline ECC decoder analyzed in Figure ??, ECCLITE requires

15.01× less area and consumes 14.83× less power at the same throughput,

enabled by significantly reducing its error correction capability through the

use of be-enc.
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5.2 Integrating AiF into On-Device LLM Infer-
ence

Designing an efficient on-device LLM inference system with AiFSSD

requires substantial multi-layer development from application-level soft-

ware to system software and down to the AiFSSD firmware. In this section,

we outline key considerations for building such systems, aiming to provide

a broader perspective on AiF.

5.2.1 LLM Inference Workflow with AiFSSD

LLM inference consists of two distinct phases: a prefill phase, which

processes the user’s input prompt in parallel, and a decode phase, which

generates tokens sequentially. In a host system with AiFSSD attached, only

the decode phase is offloaded to AiFSSD, while the prefill phase is handled

by the host. This phase splitting is based on the consideration that the decode

phase requires repeated reads of the entire model for each token generation,

making it a key bottleneck in inference [108, 109, 43, 42]. By contrast, the

prefill phase requires only a single read of the model and can leverage the

host’s high computing power to process tokens in parallel.

Figure 41(a) illustrates the computational flow of LLM inference dur-

ing a decode phase. LLM inference progresses through a series of decoder

blocks, where each block takes the output vector (i.e., token embedding) of

the previous block as its input. Each decoder block is composed of three

main computational stages: QKV generation, multi-head attention (MHA),

and feed-forward networks (FFNs). In the QKV generation stage, the in-
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Figure 41: Optimizing LLM inference performance through parallel host-
AiFSSD execution: (a) computational flow of LLM inference, (b) a sequen-
tial execution flow, and (c) a parallel execution flow.

put vector undergoes linear projections to produce multiple sets of Query

(Q), Key (K), and Value (V) vectors. In the MHA stage, each set of Q, K,

and V vectors is processed along with previously generated K and V vec-

tors (stored in the KV cache in memory) to produce an attention head. Each

attention head is generated independently and then aggregated to form a

context-aware token embedding. Finally, in the FFN stage, the token em-

bedding undergoes further refinement through additional linear projections

before passing to the next decoder block.

Figure 41(b) illustrates the straightforward scheduling approach for

AiF. In this scheme, AiF offloads all stages except the MHA stage to the AiF-

SSD. The host remains responsible for the MHA stage because it requires

access to the KV cache, which must be stored in memory due to its frequent

updates.5 A key limitation of this simple scheduling approach is its sequen-

5In on-device LLMs, the KV cache is typically much smaller than model weights due to
their low-batch characteristic. Table 6 in Section 5.3.1 details the weight and maximum KV
cache sizes (single-batch) of the models evaluated in this work.
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tial computation pattern, alternating between the host and AiFSSD instead

of engaging them concurrently, resulting in suboptimal performance.

Figure 41(c) illustrates the execution timeline of the proposed parallel

scheduling scheme. To enable the overlapped inference with the host, AiF

leverages head-level and tensor-level parallelism, inspired by multi-GPU

scheduling techniques [110]. As explained above, each attention head (hi)

in the MHA stage can be computed independently with just a single set of

Q, K, and V vectors. This independence allows the host to begin processing

each head as soon as a vector set is generated, creating an overlap between

the Q, K, V generation and MHA stages. Parallel execution is also applied to

the FFN stage by dividing the projection matrix into two submatrices, with

the host and AiFSSD each processing one independently before aggregat-

ing the results. To enable this, the host selectively retains only the necessary

portions of the projection matrix in memory during the prefill phase, prepar-

ing for parallel processing of the FFN stage in the subsequent decode phase.

The number of submatrices that can be loaded (i.e., the degree of tensor-

level parallelism) is determined by the available host memory capacity.

5.2.2 System Supports for AiFSSD Integration

This section outlines key design considerations across multiple layers

for efficiently integrating AiFSSD.

SSD Extensions. In our design, AiFSSD introduces two specialized com-

mands, (i) aif post and (ii) aif gemv, which extend the existing NVMe

protocol. The aif post command stores a matrix in AiFSSD with an op-

timized layout for IFP. It specifies (1) the matrix dimensions, (2) the host
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memory address of the matrix, and (3) the sequential LBA range for storing

the matrix. Upon receiving aif post, AiFSSD partitions the matrix into

equal-sized submatrices and stores them sequentially in IFP blocks across

AiFChips (see Figure 17).6 These blocks are dynamically allocated from the

free block list, and AiFSSD maintains a per-block bitmap to differentiate

them from non-IFP blocks. The aif gemv command issues a GEMV op-

eration. It specifies (1) the input vector dimension, (2) the input vector’s

memory address, (3) the matrix’s LBA range, and (4) the output vector’s

memory address. Upon receiving aif gemv, AiFSSD locates the start page

addresses of each submatrix and sends the GEMV command, along with the

input vector, to AiFChips for computation (steps 1 and 2 in Figure 40).7

System Software Modifications. In our design, host applications (e.g., an

LLM inference engine) communicate directly with AiFSSD over the NVMe

raw block interface, bypassing the kernel I/O stack. Although this approach

increases application complexity, it provides key benefits. First, it mini-

mizes I/O stack modifications. Only the NVMe driver requires changes.

With a userspace NVMe library such as SPDK [113], OS-level modifica-

tions, which is often a major barrier to practical deployment, can be avoided

entirely. Second, it can maintain optimized data layout. Because the appli-

cation manually manages IFP data, its sequential placement remains intact,

6Each submatrix is initially written sequentially to the LSB pages of the IFP block, while
CSB/MSB pages accommodate incoming general data afterward [111, 112]. Although the
aif post command ensures sequential placement of submatrices, SSD internal tasks such
as garbage collection (GC) may introduce fragmentation. To maintain the optimized layout,
AiFSSD performs page copies while preserving the original LSB page order within the IFP
block whenever GC is triggered in an IFP block.

7Since each submatrix is stored sequentially in IFP blocks, AiFSSD typically needs to
look up the mapping table only once per GEMV command. However, if a submatrix spans
two IFP blocks, AiFSSD splits the GEMV command into two separate operations.
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unaffected by OS services like defragmentation. Third, it reduces communi-

cation delays. Bypassing the kernel I/O stack lowers latency, enabling more

efficient GEMV execution.

Application-level Requirements. To ensure correct AiF operation, the host

application must meet two key requirements: First, it must track matrix

LBAs stored in AiFSSD. The application uses the aif post command to

store each matrix in AiFSSD. It then records each matrix’s LBA range in

a tensor table, a data structure file that maps tensor identifiers to their cor-

responding LBAs. During inference, the application consults this table to

issue aif gemv with the correct LBA range. Second, it must isolate IFP

data. IFP data must reside in a dedicated LBA space, separate from general

file system data. This can be achieved by assigning it to a raw partition or

a separate NVMe Namespace [114], created using standard Linux tools like

fdisk or nvme-cli in Linux.

5.3 System-Level Evaluation

We evaluate the effectiveness of AiF at the system level by integrat-

ing a state-of-the-art SSD emulator [115] and an on-device LLM inference

engine.

5.3.1 Evaluation Setup

Methodology. We build a virtual AiFSSD using NVMeVirt [115], an open-

source SSD emulator. NVMeVirt supports precise timing models of SSD

internal operations, such as flash read latency, and enables full-system eval-
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uation by mimicking a virtual PCIe endpoint device. Leveraging these capa-

bilities, the virtual AiFSSD accurately models the data flow and timing char-

acteristics of AiFSSD. As an on-device LLM inference engine, we employ

llama.cpp [116], a widely adopted on-device engine that offers flexibility

and low-level accessibility.

In order to integrate the virtual AiFSSD with llama.cpp, we extend

NVMeVirt to support aif post and aif gemv requests, as described in

Section 5.2.2. A modified NVMe device driver in the Linux kernel enables

llama.cpp to send requests directly to AiFSSD from userspace via the ioctl

system call.

During inference, llama.cpp issues GEMV requests to AiFSSD when-

ever a matrix offloaded to the SSD requires GEMV computation. AiFSSD

then computes the GEMV delay using its internal timing model, generates

an output vector, and transfers it to the host with an interrupt. For efficient

evaluation, we design the virtual AiFSSD to simulate the delay and provide

the dummy vector instead of performing the actual computation. Upon re-

ceiving the dummy output vector, llama.cpp continues the inference flow

as if it were the real GEMV output. Note that the LLM inference flow is

deterministic; the contents of the output vector do not affect performance

evaluation.

Evaluated Systems. We evaluate the following systems:

• In-Memory: The In-Memory scheme represents an ideal system without

memory capacity constraints, employing 128-GB of DDR5 memory (up to

86.4 GB/s bandwidth) to store all model parameters in host memory. In-

Memory employs an Intel Core i9-14900KS processor as a computation
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unit. We exclude dedicated accelerators (e.g., NPUs) for on-device LLM

inference, as their low arithmetic intensity does not benefit from accelera-

tors when memory bandwidth is consistent.

• Memory+SSD: The Memory+SSD scheme is a baseline scheme that of-

floads model parameters to a 1-TB SSD due to limited memory capacity.

We set the memory capacity to 8-GB. In Memory+SSD, the host memory

can store only a portion of the model parameters. Whenever llama.cpp re-

quires model parameters offloaded to the SSD, Memory+SSD fetches them

into host memory before computation.

• AiF: AiF employs a 1-TB TLC AiFSSD composed of 16 AiFChips along

with a host memory capacity of 8-GB. Each AiFChip achieves an effective

bandwidth of 6.4 GB/s by employing two proposed flash read optimiza-

tion techniques: cr-read and be-enc. The maximum bandwidth of AiFSSD

for acceleration is 102.4 GB/s (6.4 GB/s × 16). To maximize generation

throughput, AiF leverages head-level and tensor-level parallelism to enable

concurrent execution with the host, as described in Section 5.2.1. The degree

of tensor-level parallelism is limited by the available host memory capacity.

• AiF- -: AiF- - operates identically to AiF, including parallel execution with

the host, but does not support cr-read and be-enc techniques. In AiF- -, each

flash chip provides an bandwidth of 1.6 GB/s, limiting the maximum band-

width of AiFSSD to 25.6 GB/s (1.6 GB/s × 16). Although ECCLITE cannot

perform error correction without be-enc, we assume error correction is fea-

sible to focus on evaluating the performance of AiF- -.

Table 5 summarizes the SSD configurations used in our evaluation. We

assume a 1-TB SSD with eight flash channels and two chips per channel.
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Table 5: Evaluated SSD configurations.

Configuration 8 channels; 2 chips/channel; 4 planes/chip; 16-KiB page

tR (2,3,2 coding) LSB = 37µs; CSB = 46µs; MSB = 37µs;

tR (1,3,3 coding) LSB = 28µs; CSB = 46µs; MSB = 46µs;

tR (cr-read) 9.7µs;

Bandwidth (PCIe) 8.0 GB/s external I/O bandwidth (PCIe 4.0, 4-lane);

Bandwidth (ONFI) 2.0 GB/s flash channel I/O bandwidth;

For conventional SSDs with (2,3,2) coding, the tR values for LSB, CSB,

and MSB pages are 37 µs, 46 µs, and 37 µs, respectively. For IFP blocks

with (1,3,3) coding (i.e., with be-enc applied), the tR values are 28 µs, 46

µs, and 46 µs, respectively. The tR values are obtained from measurements

on a real TLC flash chip. When cr-read is applied, the tR value for LSB

pages within IFP blocks is reduced to 9.7 µs, based on evaluation results in

Section 5.1.2. The external PCIe bandwidth is set to 8.0 GB/s, while each

flash channel provides a bandwidth of 2.0 GB/s.

Evaluated Models. We evaluate eight distinct LLMs with various parameter

sizes and architectures. Table 6 summarizes their key parameters and archi-

tectural details. All models are in INT8 format, the most commonly used

format for on-device LLMs. Among these, Mixtral-8x7B adopts a mixture-

of-experts (MoE) architecture, a variant of the transformer architecture. Un-

like conventional transformers, which access the entire parameter set for

each token generation, Mixtral-8x7B dynamically selects a subset of pa-

rameters at each step. As a result, while Mixtral-8x7B has a total weight

size of 46.2-GiB, it requires reading only 14.7-GiB of parameters per token

generation.

87



Table 6: Evaluated LLM configurations.

Model Weight (GiB) KV Cache (GiB) # Layers # Heads
LLaMA2-7B [117] 6.7 1 32 32

LLaMA3-8B [118] 8 0.5 32 32

Falcon-11B [119] 11 0.25 40 32

LLaMA2-13B [120] 12.9 1.1 40 40

Mixtral-8x7B [121] 14.7 / 46.2 2 32 32

GPT-NeoX-20B [122] 20.4 1.05 44 64

Falcon-40B [123] 41.4 0.1 60 128

LLaMA3-70B [124] 69.8 1.3 80 80

5.3.2 Throughput

Figure 42 presents the throughput comparison results across 8 differ-

ent LLMs, highlighting four key observations. First, AiF effectively miti-

gates the performance bottleneck of the baseline SSD offloading scheme.

The Memory+SSD scheme operates efficiently for smaller models where

parameters fit in memory (Figure 42(a) and (b)). However, as the model

size grows (e.g., Figure 42(c)), a larger proportion of parameters must be

offloaded to the SSD, leading to a sharp decline in throughput. In contrast,

AiF sustains high throughput for larger models by leveraging the SSD’s high

internal bandwidth. On average, AiF achieves 14.6x higher throughput than

Memory+SSD across the evaluated models.

Second, AiF also outperforms in-memory inference. Despite being lim-

ited to 8-GB of memory, AiF achieves an average of 1.4x higher throughput

than the In-Memory scheme. This is due to the AiFSSD’s high internal band-

width of 102.4 GB/s , enhanced by cr-read and be-enc, which exceeds the

memory bandwidth of 86.5 GB/s. Furthermore, AiF enables concurrent in-

ference between the host and the AiFSSD, allowing the host memory band-
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Figure 42: Throughput comparison of In-Memory, Memory+SSD, AiF- -,
and AiF.

width and the internal bandwidth of the AiFSSD to be utilized simultane-

ously. This advantage becomes more pronounced for smaller models, as a

larger portion of the submatrix can fit in host memory, increasing the oppor-

tunities for concurrent inference.

Third, in-flash LLM inference without bandwidth optimization has lim-

ited scalability. The AiF- - scheme achieves 4.59x higher throughput than

Memory+SSD on average by utilizing the internal bandwidth. However, its

performance significantly declines for larger models, achieving only 0.74

tokens per second for a Falcon-40B model. In contrast, AiF sustains 2.7 to-
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kens/s for the same model. AiF offers an average of 2.67x higher throughput

than AiF- -.

Fourth, MoE architecture aligns well with AiF. To fully leverage the

benefits of MoE, both high storage capacity for large model parameters and

sufficient bandwidth to access them quickly are essential. In-memory sys-

tems provide high bandwidth but are limited by their capacity, while SSDs

offer large storage capacity but are constrained by low bandwidth. In con-

trast, AiFSSDs are particularly well-suited for MoE, as they combine high

storage capacity with substantial internal bandwidth. Although AiF perfor-

mance gradually declines as model size increases (e.g., Figures 42(h)), MoE

enhances AiF’s scalability, enabling support for larger models while main-

taining the same SSD capacity (Figure 42(e)).

5.3.3 Energy Efficiency

Next, we evaluate the energy efficiency of AiF and In-Memory. To un-

derstand the impact of cr-read, we also evaluate the energy consumption

of AiF without cr-read applied. For the energy model, In-Memory assumes

computations are performed on an energy-efficient NPU (1.4 TOPS/W as

reported in [125]), and the host’s memory is modeled as LPDDR5 (7 pJ/bit

based on [126]). Flash reads are modeled using the energy evaluation results

from Figure 36, while ECC and GEMV operations are based on the results in

Table 4. Flash channel and PCIe energy consumption are assumed to be 5.8

pJ/bit [127] and 7.5 pJ/bit [128], respectively. Figure 43(a) shows the energy

consumption for generating 512 output tokens using the Falcon-40B model,

normalized to the energy consumption of In-Memory. The results show that
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AiF achieves nearly a 2x improvement in energy efficiency when cr-read is

applied. This improvement is attributed to parameter reads being the pri-

mary energy bottleneck in LLM inference, with cr-read reducing flash read

energy consumption by more than 3x. Additionally, AiF and In-Memory ex-

hibit comparable energy consumption, with AiF consuming approximately

7% less energy. This indicates that AiF is a more energy-efficient solution,

particularly when considering the high static energy consumption of DRAM

as its capacity increases.

5.3.4 Scalability

Figure 43(b) presents the throughput evaluation results for AiFSSD ca-

pacities of 1-TB, 2-TB, and 4-TB. While doubling the capacity theoreti-

cally doubles the internal bandwidth, the observed performance improve-

ment scales by 1.35x to 1.68x. This sublinear scalability arises from two

key factors: First, as shown in Figure 33, LLM inference involves multiple

vector arithmetic operations interleaved with GEMV blocks. Consequently,

reducing GEMV time alone does not result in a proportional reduction in
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overall inference time. Second, GEMV requests are handled through the

NVMe protocol, which introduces unavoidable control overheads (e.g., in-

terrupts, DMA) that hinder full utilization of internal bandwidth. Further-

more, as the number of flash chips increases with capacity, the control over-

head grows, mainly due to the longer time required to load input vectors into

flash chips via flash channels. To enhance AiF’s scalability, various schedul-

ing optimizations on both the host and SSD sides are necessary. These fur-

ther enhancements are left for future work.

5.3.5 Overhead Analysis

To analyze the overhead of be-enc, we compare the read performance

of a conventional SSD (CONV) with (2,3,2) coding and the AiFSSD with

(1,3,3) coding. For a worst-case analysis, we assume all blocks on the AiF-

SSD are IFP blocks. We evaluate three key metrics for read performance: se-

quential read bandwidth, random read IOPS, and latency. Figure 44 presents
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the evaluation results, leading to two key observations. First, sequential

read bandwidth remains stable despite the increased tR. As shown in Fig-

ure 44(a), both CONV and AiFSSD maintain a consistent bandwidth of 7.6

GB/s, due to the small external bandwidth relative to the large internal band-

width of the SSD. Second, random reads exhibit slight performance degra-

dation. In random read workloads, as shown in Figures 44(b) and (c), AiF-

SSD experiences a 6.8% reduction in IOPS and a 9.3% increase in latency

compared to CONV. For random reads, only a fraction of the read page (4

KB out of 16 KB) is delivered to the host, alleviating the external bandwidth

bottleneck and exposing the impact of the increased tR. These suggest that

if AiFSSD contains a large number of IFP blocks, it may result in some

performance loss in random read-intensive applications. We consider this a

reasonable trade-off for the significant performance and reliability benefits

be-enc provides for IFP.

5.3.6 RR-Induced Writes

Finally, we evaluate the amount of internal writes induced by read re-

fresh (RR) when running AiF. As discussed in Section 3.2, IFP inherently

experiences higher read-disturbance stress because it performs a large vol-

ume of reads and exploits the high internal read bandwidth of flash chips.

This elevated stress leads to more frequent RR invocations, which in turn

generate substantial internal data migration and writes. To quantify this ef-

fect and evaluate the benefit of integrating DEAR, we compare two schemes.

The first is AiF, which employs a conventional block-level RR scheme based

on static read-count thresholds. The second is AiF+, which integrates AiF
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Figure 45: Comparison of RR-induced internal writes for AiF and AiF+
across different P/E cycles (0.5K, 1K, and 2K) over 5000 generated tokens
for LLaMA2-13B and Falcon-40B.

with DEAR’s dynamic, error-based RR scheme. We evaluate both schemes

using LLaMA2-13B and Falcon-40B. During inference, these models per-

form sequential reads of 6.5 GB and 33 GB of weights per generated token,

respectively.

Figure 45 reports the total amount of RR-induced internal writes across

different P/E cycles (PECs) while each model generates 5000 tokens. We

make three key observations. First, AiF+ significantly reduces RR-induced

writes. Since DEAR and AiF address orthogonal aspects of IFP, they can

be seamlessly integrated, allowing AiF+ to effectively mitigate the high RR

overhead observed in IFP workloads. Across all evaluated settings, AiF+

reduces RR-induced writes by 79.7% on average (up to 86%) compared to

AiF.

Second, RR-induced writes increase with model size. For example,

when generating 5,000 tokens, Falcon-40B produces approximately 5.07x

more internal writes than LLaMA2-13B. This trend is expected because

larger models require reading more weights per token, resulting in substan-

tially higher read volume and thus stronger read-disturbance stress. Specifi-
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cally, over 5000 tokens, LLaMA2-13B reads approximately 31.73 TB, whereas

Falcon-40B reads approximately 161.1 TB, leading to much higher distur-

bance accumulation.

Third, RR-induced writes remain non-negligible even with DEAR inte-

gration under intensive inference. Although AiF+ substantially reduces RR

overhead, it still generates approximately 168.5 GB of internal writes at 2K

PEC when running Falcon-40B inference. While this overhead may be ac-

ceptable for occasional inference, it becomes increasingly problematic for

intensive usage, particularly when generating long outputs with many to-

kens. These results indicate that, even with DEAR, RR-induced writes can

still impose non-negligible lifetime overheads, suggesting that further re-

ductions in RR overhead remain an important open challenge. We discuss

additional approaches for further reducing RR overhead in IFP as part of our

future work (Section 6.2).
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Chapter 6

Conclusions

6.1 Summary

To meet the growing performance and capacity demands of modern

data-intensive applications, IFP has been actively investigated in recent years.

As a new paradigm of computational SSDs, IFP executes application-level

computations directly inside flash chips, eliminating excessive data move-

ment between storage and external compute units.

While IFP has the potential to deliver substantial performance bene-

fits by fully exploiting the internal bandwidth of SSDs, several fundamental

challenges must be addressed for its practical adoption. These challenges in-

clude limited reliability that leads to reduced device lifetime and increased

implementation overhead, as well as diminishing performance gains as flash

memory capacity continues to scale.

In this dissertation, we proposed a set of software-, microarchitecture-,

and circuit-level techniques to effectively address the reliability and perfor-

mance challenges of IFP.

First, we introduced DEAR, a novel read-refresh scheme that mitigates

the lifetime and performance overhead caused by read disturbance, one of

the most critical reliability issues in modern SSDs, particularly under read-

intensive workloads. We observed that read-disturbance characteristics in
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modern 3D NAND flash memory vary significantly across wordlines, ren-

dering conventional block-level, static read-count-based refresh schemes

highly inefficient. To overcome this limitation, DEAR selectively refreshes

individual wordlines based on their actual error rates rather than block-level

read counts. By refreshing only highly disturbed wordlines, DEAR signif-

icantly reduces unnecessary data copying during read-refresh operations,

thereby improving both SSD lifetime and performance.

Second, we presented AiF, an IFP-specialized SSD architecture de-

signed to accelerate on-device LLM inference. To improve flash read per-

formance, AiF introduces cr-read, which reuses the read voltages applied

in previous accesses to enable high-bandwidth reading of bulk data within

a block. In addition, AiF employs be-enc, which intentionally creates non-

uniform reliability across pages within a block to generate highly reliable

pages. By selectively storing model weights only in these reliable pages,

AiF significantly reduces the complexity of on-chip ECC decoding while

maintaining inference accuracy. By combining these two techniques, AiF

achieves substantial inference performance improvements with minimal over-

head, effectively addressing the limitations of existing IFP solutions.

Overall, this dissertation demonstrates that carefully co-designed re-

liability and performance optimizations across multiple system layers are

essential for realizing the full potential of in-flash processing. We believe

that the techniques proposed in this work provide a solid foundation for the

practical deployment of IFP and open new opportunities for accelerating a

wide range of future data-intensive applications.
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6.2 Future Work

6.2.1 Reliability-Aware Data Placement

As analyzed in Section 4.1, modern 3D NAND flash memory exhibits

severe inter-block reliability variation, resulting in a wide dispersion in the

maximum tolerable read count before refresh, denoted as Cmax, across dif-

ferent blocks. This observation suggests that the RR overhead of IFP can be

further reduced by reliability-aware data placement. In particular, if read-

intensive IFP data (e.g., LLM weights) can be selectively stored in highly

reliable blocks with large Cmax, RR invocations can be substantially de-

creased. Realizing this approach requires (1) proactively identifying blocks

with high reliability and (2) extending the flash translation layer (FTL) to

support reliability-aware placement of IFP data. A straightforward way to

identify reliable “good blocks” is to measure read-disturbance errors accu-

mulated under a given number of reads and track blocks that exhibit rel-

atively low error growth. By maintaining a pool of such good blocks and

preferentially placing read-intensive IFP data into them during writes, the

SSD can effectively reduce the frequency of RR and mitigate the associated

lifetime and performance overheads.

6.2.2 Accelerating Vector ANNS Using In-Flash Pro-
cessing

The proposed AiF scheme can be naturally extended to support a broader

range of data-intensive applications beyond LLM inference. One promis-

ing example is vector approximate nearest neighbor search (ANNS), which

98



serves as a core operation in emerging workloads such as retrieval-augmented

generation (RAG). Vector ANNS requires searching for vectors that are

close to a given query vector within massive datasets. Instead of transferring

candidate vectors from SSDs to external compute units, IFP can leverage the

high internal bandwidth of flash chips to perform distance computations di-

rectly inside the storage device. By filtering and forwarding only the nearest

candidate vectors to the host, IFP can significantly reduce data movement

between the SSD and the host system. One key challenge in supporting vec-

tor ANNS with in-flash processing is the high implementation overhead of

on-chip ECC, similar to the case of LLM inference. To mitigate this over-

head, we plan to explore a two-step ECC decoding strategy that splits the de-

coding process between the flash chip and the SSD controller. For example,

BCH-code-based decoding typically consists of two major stages: syndrome

generation and error correction, where the latter stage incurs substantially

higher hardware complexity. Based on this observation, the flash chip could

perform only the lightweight syndrome-generation stage, together with in-

flash distance computation, and then forward both the computed results and

the generated syndromes to the SSD controller. The controller can subse-

quently complete the error-correction stage using the syndromes and correct

any error-induced deviation in the distance results. This split-decoding ap-

proach has the potential to significantly reduce the on-chip ECC overhead

while still ensuring correctness for error-sensitive vector ANNS computa-

tions.
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6.2.3 Composable In-Storage Processing Framework

Despite numerous studies on ISP aimed at accelerating data-intensive

applications using computational SSDs, the practical deployment of ISP

in real-world systems remains highly challenging for two primary reasons.

First, existing ISP approaches often require application-specific customiza-

tion of commercial SSD controller chips. However, modern SSD controllers

are highly complex, monolithic SoC designs that integrate host interfaces,

NAND flash control logic, error correction engines, and firmware. Since

these controllers are proprietary technologies developed by storage manu-

facturers, application-specific customization is largely impractical from an

engineering perspective. Second, the performance benefits of current ISP

architectures are inherently limited, as computation remains constrained by

the bandwidth and processing capabilities of the SSD controller.

To overcome these challenges, we plan to investigate a composable

ISP architecture that introduces an intermediate buffer chip with computa-

tional capabilities between the SSD controller and flash chips. Inspired by

microservice architectures and chiplet-based system designs, this approach

aims to provide both flexibility and scalability. Because the buffer chip is

decoupled from both the SSD controller and flash chips, it can be developed

independently of storage vendors, significantly improving accessibility and

deployability. Furthermore, by aggregating multiple flash channels through

the buffer chip, the proposed architecture can achieve substantially higher

effective bandwidth than existing ISP designs, enabling more scalable and

efficient in-storage acceleration.
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초록

낸드플래시기반의 SSD는현대의데이터집약적응용을위한주요저장매체로

자리 잡았다. SSD는 기존 HDD에 비해 짧은 지연 시간, 소형 폼팩터, 낮은 에너

지 소모 등의 다양한 장점을 제공한다. 또한 멀티 레벨 셀과 3D 워드라인 적층

기술의발전으로 SSD의저장용량은크게증가하여,단일장치에서수백테라바

이트의데이터를저장할수있게되었다.이러한장점들과비약적인용량향상에

힘입어 SSD는현대데이터집약적워크로드를위한사실상의표준저장장치로

자리매김하였다.

SSD는 HDD에비해현저히높은성능을제공하지만,제한적인대역폭으로

인해 데이터 집약적 응용이 요구하는 성능 수준을 충족하는 데에는 여전히 한

계가존재한다.현대의데이터집약적워크로드는방대한데이터셋에대한전례

없는 수준의 높은 데이터 처리 성능을 요구한다. 이를 충족하기 위해 현대 컴퓨

팅 시스템은 초당 수백 테라플롭스의 연산 성능을 제공하는 고성능 연산 장치

(예: GPU)를활용한다.그러나실제로데이터를저장하고있는 SSD의대역폭은

물리적으로 약 4–15 GB/s 수준에 머물러 있다. 이와 같은 심각한 SSD 대역폭

제약은연산성능향상만으로는해결할수없는중대한성능병목을초래한다.

SSD의제한적인대역폭문제를극복하기위해, SSD내부의플래시칩에서

직접연산을수행하는인-플래시프로세싱(In-Flash Processing, IFP)이활발히연

구되고 있다. SSD 내부에는 다수의 플래시 칩이 병렬로 구성되어 있으며, 이들

칩간의집적내부대역폭은외부 PCIe인터페이스대역폭보다크다.따라서 IFP

는 SSD의가용대역폭을효과적으로증가시킬수있다.이러한장점을활용하여,

다양한데이터집약적응용을가속하기위한 IFP기반기법들이제안되어왔다.

IFP는상당한성능향상을제공할잠재력이있으나,실제시스템에적용되

기 위해서는 몇 가지 핵심적인 문제를 해결해야 한다. 첫째, 높은 대역폭을 확

보하기 위해 모든 플래시 칩을 동시에 동작시키는 경우, 심각한 읽기 교란(read

disturbance)이 발생하여 SSD의 수명과 성능이 크게 저하된다. 둘째, 저장 용량

중심으로 발전해 온 최신 낸드 플래시 메모리의 설계 추세로 인해 칩당 읽기 대
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역폭이크게감소하였으며,이는 IFP가제공하고자하는성능이점을직접적으로

약화시킨다.셋째,플래시칩은매우엄격한공정자원제약하에서제조되므로,

추가적인 IFP로직을통합하는것은기술적 ·비용적측면에서큰부담이된다.특

히신뢰성있는 IFP동작을위해서는온칩오류정정코드(Error Correction Code,

ECC)디코더가필수적이며,이는상당한면적및전력오버헤드를초래한다.

본 논문에서는 IFP의 실용적 적용을 가로막는 이러한 핵심 문제들을 효과

적으로해결하기위한두가지새로운기법을제안한다.첫째,읽기교란의영향

을완화하기위해보다정밀한단위로리프레시를수행하는동적읽기-리프레시

기법인 DEAR(Dynamic Error-Aware Refresh)를 제안한다. 기존 SSD 펌웨어는

블록의 읽기 횟수가 오프라인에서 설정된 읽기 횟수 임계값을 초과하면 리프레

시를수행함으로써읽기교란에대응한다.그러나최신 3D낸드플래시메모리는

공정변이가매우크기때문에,이러한단순한리프레시정책은과도하고불필요

한데이터마이그레이션을유발한다.이를해결하기위해 DEAR는읽기횟수가

아닌실제오류율에기반하여리프레시를수행하며,블록단위가아닌워드라인

단위로동작한다.읽기교란이심각한워드라인만을선택적으로리프레시함으로

써, DEAR는리프레시과정에서발생하는데이터이동을대폭감소시키고,읽기

집약적워크로드에서 SSD의수명과성능을크게향상시킨다.

둘째, IFP의대역폭과구현오버헤드를효과적으로개선하기위한 IFP프레

임워크인AiF(Accelerator-in-Flash)를제안한다.플래시칩의읽기대역폭감소로

인해 제한되는 IFP 성능을 극복하기 위해, AiF는 이전 읽기 연산에서 사용된 전

압을이후읽기에재사용하는전하재활용읽기(charge-recycling read)기법을적

용하여읽기대역폭을획기적으로향상시킨다.또한낸드플래시메모리의높은

오류율을보정하기위해요구되는온칩 ECC디코더의면적및전력오버헤드를

줄이기위해, AiF는의도적으로페이지간비균일한오류특성을유도하는편향

오류인코딩(biased error encoding)을채택한다.이를통해매우높은신뢰성을갖

는페이지를생성하고, LLM가중치와같은 IFP데이터들을이러한신뢰성높은

페이지에 선택적으로 저장함으로써 경량 ECC만으로도 IFP의 신뢰성을 보장한

다. 이 두 가지 기법을 결합함으로써 AiF는 기존 IFP 대비 최대 4배 높은 읽기
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대역폭을달성함과동시에구현오버헤드를크게개선한다.

제안한 기법들의 효과를 검증하기 위해, 실제 워크로드와 LLM을 대상으

로 SSD에뮬레이션플랫폼에서광범위한실험을수행하였다.실험결과, DEAR

는읽기-리프레시로인한데이터복사를현저히감소시켜읽기집약적워크로드

에서 SSD의 수명과 성능을 크게 향상시킴을 확인하였다. 또한 AiF의 IFP 특화

읽기 및 신뢰성 기법은 미미한 구현 오버헤드로 읽기 대역폭을 대폭 향상시켜,

온디바이스 LLM추론처리량을크게개선함을보였다.

키워드: 인플래시 프로세싱, 낸드 플래시 메모리, 저장장치 시스템, 대형 언어

모델추론,성능최적화,수명최적화
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