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Abstract—Quad-Level Cell (QLC) SSDs offer compelling cost-
capacity advantages for read-intensive data-center workloads.
However, charge-trap QLC SSDs face severe early data retention
challenges: threshold voltage drift necessitates read retries when
using stale reference voltages, significantly increasing tail latency.

This paper presents CT-QLC, a production-ready firmware
solution that addresses this problem by maintaining accurate
read voltages through hierarchical table management. CT-QLC
introduces a production-integrated three-tier table structure
(factory, active, and staging) that enables progressive voltage re-
finement while maintaining system stability. The design separates
voltage verification from refinement: periodic verification detects
voltage drift, while conditional refinement applies either fail
ratio-based reordering or adaptive window-based valley tracking
to restore accuracy. This hierarchical approach achieves adaptive
voltage tracking with bounded background overhead, enabling
deployment on commercial SSDs without hardware modifica-
tions. Evaluation demonstrates up to 94% reduction in 99.99th
percentile latency at high temperature (55°C) compared with
unoptimized charge-trap QLC SSDs, and up to 89% reduction
compared with floating-gate QLC SSDs.

Index Terms—QLC SSD, Charge-Trap Flash, Quality of Ser-
vice, Read-Voltage Tuning, Data Center Storage

I. INTRODUCTION

High-density solid-state drives (SSDs), such as quad-level
cell (QLC) drives, are increasingly favored for data-center
storage due to their superior performance and lower power
consumption compared with hard disk drives (HDDs) [1], and
are particularly well-suited for high-capacity, performance-
demanding scenarios in artificial intelligence (AI) and big
data applications [2]. Forward Insights predicts that QLC’s
market share will grow to 35% by 2026 [3], with leading
NAND flash and SSD manufacturers already engaging in mass
production of QLC-based products [4]-[6]. Empirical studies
have demonstrated the viability of QLC SSDs for big data
applications [7], and cost analyses confirm their economic
advantages for data-center storage [8]. QLC SSDs are there-
fore becoming a natural choice for data-center deployment [9],
especially for read-intensive services.

As data volumes and application diversity grow, read-heavy
workloads with high-capacity and high-performance require-
ments have become commonplace. The rapid development of
large language models (LLMs) further amplifies this trend,
since model training and especially model inference processes
involve extremely frequent read operations. Despite the write

performance gap, the read performance of QLC NAND is
relatively close to that of triple-level cell (TLC) NAND but
at a much lower cost, making QLC SSDs attractive for such
read-intensive scenarios.

However, QLC technology faces greater data reliability
challenges than TLC NAND does. First, packing 16 threshold-
voltage states into the same voltage window severely com-
presses per-state margins, amplifying errors from voltage
shifts. Second, QLC cells exhibit accelerated charge loss
and threshold-voltage drift over time, further exacerbating
retention-induced errors.

Specifically for data-center QLC SSDs, current mainstream
products such as Solidigm P5316 [10] and P5336 [11] rely ex-
clusively on floating-gate flash technology. While floating-gate
flash offers relatively strong data retention, it faces increasing
fabrication challenges with aggressive 3D stacking and is
supported by a relatively closed ecosystem. In contrast, charge-
trap flash provides better scalability and cost advantages,
positioning it as a promising foundation for next-generation
QLC SSDs.

Unfortunately, the charge-trap structure makes electrons
more susceptible to de-trapping in the short term, leading to
significantly faster charge loss. In 3D charge-trap NAND, sub-
stantial voltage shifts may occur within hours after program-
ming, resulting in early data retention failures that directly
degrade read performance and QoS.

Prior work [12]-[16] has demonstrated that read-voltage op-
timization is an effective mitigation strategy. By dynamically
adjusting read reference voltages to track threshold-voltage
drift, it reduces misclassification errors and avoids expensive
read retries.

Existing read-voltage optimization techniques broadly fall
into three categories [17]-[21]:

1) Offline table-based schemes derive read-voltage tables
from device characterization but cannot fully adapt to
runtime variations such as temperature changes or non-
uniform aging.

2) Online adaptive schemes iteratively tune voltages using
runtime error feedback but may introduce non-negligible
firmware or central processing unit (CPU) overhead,
affecting tail latency.

3) Hardware-assisted schemes leverage additional on-
chip capabilities to accelerate voltage search but require



controller or NAND support that limits their applicabil-
ity in existing products.

These limitations make it challenging to deploy prior so-
lutions directly in performance-critical data-center environ-
ments. To address these challenges, we present CT-QLC, a
production-ready firmware solution that implements a three-
tier voltage table-based optimization framework to obtain
near-optimal read voltages and avoid read retries. The key
contributions are:

« A production-integrated three-tier voltage table hier-
archy (factory, active, staging) that enables progressive
refinement while maintaining system stability, eliminating
the stability-overhead trade-off faced by prior approaches.

o A production-ready firmware-only solution that re-
quires no hardware modifications, making it immediately
deployable in existing commercial SSDs while maintain-
ing bounded background overhead.

« Extensive experimental validation on commercial SSD
hardware demonstrating up to 94% reduction in 99.99th
percentile latency versus unoptimized charge-trap QLC
SSDs at high temperature, and up to 89% reduction in
99.99th percentile latency versus floating-gate QLC SSDs
with twice the channel count.

The rest of this paper is organized as follows. Sections II and
IIT present the background and design of CT-QLC. Section IV
evaluates the performance of CT-QLC. Section V discusses
related work, and Section VI concludes the paper.

II. BACKGROUND AND MOTIVATION

In this section, we review QLC NAND flash technology,
discuss reliability challenges across different manufacturing
technologies, and explain why a firmware-level read-voltage
optimization framework is needed for charge-trap QLC SSDs
in data centers.

A. QLC NAND and Charge-Trap Technology

In NAND flash, each cell stores data by trapping electrical
charge at specific voltage levels; different charge levels rep-
resent different bit patterns. Quad-Level Cell (QLC) NAND
flash stores four bits per cell using 16 distinct threshold-
voltage states (representing 4 bits: 0000 to 1111), compared
with Triple-Level Cell (TLC)’s 8 states (representing 3 bits:
000 to 111).

QLC Technology Advantages for Data-Center Work-
loads. At comparable form factors, QLC’s higher bit density
delivers approximately 33% higher raw capacity than that
of TLC, enabling cost-effective scaling for massive datasets.
This density advantage aligns naturally with read-intensive
data-center workloads such as AI model serving, content
delivery, and large-scale analytics, where the inherent trade-
off of lower write endurance is well tolerated due to minimal
write amplification.

QLC Technology Challenges. Packing twice as many
states into a similar voltage window compresses the per-state
voltage margin from approximately 0.5 V per state in TLC
to approximately 0.25 V per state in QLC. This reduced

margin makes cells more susceptible to: (1) wear-out from
repeated program/erase cycles; (2) read disturb during frequent
accesses; (3) cell-to-cell interference during programming; and
(4) charge leakage over time and temperature, which degrades
data retention and causes threshold voltage drift that readily
crosses the narrowed state boundaries. Consequently, meeting
strict service-level agreements (SLAs) in production deploy-
ments requires robust QoS mechanisms, including adaptive
read threshold tracking and latency-aware I/O scheduling.

There are two main manufacturing technologies for NAND
flash: floating-gate [22] and charge-trap [23], [24]. Compara-
tive analyses of these technologies reveal fundamental trade-
offs between retention characteristics and scalability [25]. In
floating-gate technology, the storage element is a conductive
polysilicon layer completely surrounded by oxide insulation;
charge loss occurs primarily through slow tunneling through
the oxide, resulting in good retention characteristics. In charge-
trap technology, the storage element is silicon nitride, a non-
conductive material that traps electrons at localized sites within
the nitride layer.

Physical Properties of Charge-Trap Flash. Charge-trap
technology enables higher 3D stacking (currently 200+ layers)
compared with floating-gate (approximately 100176 layers in
recent generations) [26], directly translating to higher capacity
per die and lower cost. However, the physical structure of
charge-trap cells makes them more susceptible to charge loss:
electrons trapped at discrete sites can be released (de-trapped)
more easily, especially shortly after programming, leading
to faster charge loss particularly in the first 24-72 hours.
While this makes charge-trap flash more susceptible to early
retention issues, the localized charge trapping reduces cell-
to-cell interference and enables more aggressive 3D stacking,
improving scalability and cost-effectiveness [27]. This creates
a fundamental tension: the technology with better cost scaling
(charge-trap) has worse early retention characteristics.

As shown in Figure 1, V4 denotes the default read voltage
immediately after programming. As charge loss accumulates,
the optimal read voltage shifts to V;; continuing to read with
Vo will increase bit errors and may cause read failures.

QLC cell Before charge loss

<«— Vt shift

Ve

g
7
i\

;

!

:

i

Fig. 1. Read voltage shifting due to data retention
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B. SSD Architecture and Read Retry Mechanism

An SSD primarily consists of three key components: an
SSD controller that handles all computations, runtime memory
(typically DRAM) for temporary data storage, and multiple
NAND flash memory chips for permanent data storage. The
host communicates with the SSD through high-speed inter-
faces such as Non-Volatile Memory Express (NVMe) [28],
while the controller connects to each NAND chip via dedicated
channels [29].



The controller runs specialized firmware on embedded pro-
cessors to orchestrate critical operations. Beyond managing
host communications and I/O scheduling, the firmware imple-
ments data reliability mechanisms such as low-density parity-
check (LDPC) error correction. By adding carefully designed
parity bits to stored data, the firmware can detect and correct
bit errors caused by NAND voltage drift within the error
correction capability of the LDPC code.

When the read voltage is set improperly, the controller must
issue read retries, repeatedly adjusting reference voltages and
re-reading the same data, which directly increases read latency.
As illustrated in Figure 2, reading data with an inaccurate
read voltage requires multiple retries before success, whereas
reading with an accurate read voltage requires no retry.
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Fig. 2. Impact of read-voltage accuracy on read latency

Each retry adds substantial latency, directly impacting tail
latency. CT-QLC aims to make the first read attempt succeed
by maintaining accurate read voltage entries, avoiding the read
retry cascade.

C. Data-Center QLC SSDs: Early Retention and Tail-Latency
Challenges

Data-center SSDs serve latency-sensitive services in large-
scale distributed systems and have markedly different require-
ments from client SSDs. While client SSDs primarily target
cost-effectiveness and adequate responsiveness for a single
host, data-center SSDs must sustain consistent performance
under continuous high-I/O workloads. Operators typically
specify QoS requirements in terms of high-percentile latencies
(e.g., P99 or higher) rather than just averages [30]. For such
environments, occasional long read retries caused by retention-
induced voltage drift can violate service-level agreements
(SLAs), making tail latency control a first-class design goal.

The Early Retention Problem. 3D charge-trap flash ex-
hibits particularly pronounced early retention loss: substan-
tial charge leakage can occur even after a short retention
time (hours to days) following programming [17], [31]. This
phenomenon differs from traditional long-term retention loss
that occurs over months or years [32], [33]. The root cause
lies in the physical structure of charge-trap cells—electrons
trapped at discrete sites in silicon nitride can be released (de-

trapped) more easily shortly after programming, leading to
rapid threshold voltage shifts in the initial hours.

The convergence of QLC’s narrow voltage margins and
charge-trap flash’s accelerated electron loss profoundly ex-
acerbates early data retention failures in data-center SSDs.
With only approximately 0.25 V per state, even small charge
losses can cause the threshold voltage to cross state bound-
aries, triggering read errors and necessitating multiple read
retries. Layer-to-layer RBER variation in 3D NAND further
complicates voltage selection, as different layers may exhibit
distinct error characteristics [34]. While conventional data
migration to fresh blocks provides a straightforward mitigation
path for client devices, this strategy is impractical in data
centers. Persistent, high-utilization workloads leave little idle
time for background migrations, and the rapid retention loss
characteristic of charge-trap QLC would demand prohibitively
frequent data movement.

Quantifying the Impact. To demonstrate the severity of
early retention in charge-trap QLC SSDs, we conducted exper-
iments comparing a charge-trap flash-based data-center QLC
SSD without any early retention optimizations (CT-QLC,,5.cq1)
against a typical floating-gate flash-based data-center QLC
SSD (FG-QLC). We issued 100,000 random 64KB read op-
erations at queue depth 128 at 2, 10, 18, and 28 hours after
a full-drive write. The results (Figure 3) revealed significant
performance degradation for CT-QLC,,, .o; compared with
FG-QLC: average latency and tail latency increased by up
to 1.2x and 7.1x, respectively. This early-stage gap indicates
that electron loss in charge-trap QLC NAND begins rapidly
after programming, and the observed latency spikes correlate
directly with massive read retries triggered by threshold-
voltage drift.
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Fig. 3. Early data retention tests of a charge-trap flash-based SSD and a
floating-gate flash-based SSD

Prior work has explored several directions, including gen-
erating tailored read-retry tables from device characterization,
using sentinel cells to infer optimal voltages, employing data
refresh for long-retention pages, and leveraging machine learn-
ing or hardware facilities to predict and tune read voltages
[17]-[21], [35]-[41]. However, these approaches have limita-
tions: offline characterization-based schemes struggle to track
runtime variability; heavyweight online modeling introduces
nontrivial latency overhead; and hardware-dependent solutions
limit deployability in existing products.



CT-QLC addresses all three limitations through a firmware-
only, hierarchical table-based approach with bounded back-
ground overhead. The key insight is that voltage accuracy
requirements differ by context: factory defaults provide safety,
active entries enable performance, and staging enables safe re-
finement. This progressive refinement eliminates the stability-
overhead trade-off faced by prior approaches. CT-QLC is de-
signed around three principles: (1) operate entirely in firmware
without hardware modification; (2) exploit inexpensive back-
ground reads and statistical correlations rather than complex
and unpredictable online learning; (3) ensure sustained voltage
accuracy through a hierarchical table structure that progres-
sively refines entries while bounding background overhead.

III. DESIGN

This section presents the detailed design of CT-QLC. We
first describe the architecture and core modules, then explain
the foreground read voltage selection mechanism and back-
ground voltage calibration workflow.

A. Overview

The architecture of CT-QLC is illustrated in Figure 4.
CT-QLC comprises five core components: Block Monitor,
Voltage Selector, Calibration Engine, Table Manager, and
Three-Tier Voltage Tables. These components work together
to achieve adaptive voltage tracking with bounded background
overhead, enabling deployment in commercial SSDs without
hardware modifications. The following subsections describe
each component in detail.

B. Core Modules

Block Monitor. The block monitor tracks block-level meta-
data, primarily including the retention time since data pro-
gramming and the number of program/erase (P/E) cycles.
These statistics provide the basis for the voltage selector to
determine which voltage entries to use for each read operation.

Voltage Selector. The voltage selector serves as the central
decision module with two primary responsibilities. First, for
each foreground host read, it queries the block monitor to
obtain block metadata (such as retention time and P/E cycles),
and then maps this metadata to corresponding entries in the
active table to determine the appropriate read voltages. If all
entries in the active table fail to produce a successful read, the
voltage selector falls back to sequentially trying voltages from
the factory table until the read succeeds, ensuring data reliabil-
ity even when active table entries become inaccurate. Second,
it periodically identifies blocks that require voltage verification
based on elapsed time since the last calibration, triggering the
calibration engine to perform background calibration.

Calibration Engine. The calibration engine executes volt-
age verification and refinement tasks triggered by the voltage
selector. In the verification phase, it reads sample pages
using voltage entries from the active table, computing the fail
ratio (percentage of uncorrectable reads) for each entry. The
verification phase only accesses the active table because it
evaluates the validity of currently deployed voltage entries.
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Fig. 4. Architecture of CT-QLC

In the refinement phase, the calibration engine performs
two types of operations conditionally: (1) fail ratio-based
reordering—reordering entries by their fail ratios when the
current ordering is suboptimal; and (2) adaptive window-based
valley tracking—discovering new voltage candidates through
iterative window refinement when all entries fail verification.
During refinement, the calibration engine reads from the active
table and writes updated entries to the staging table.

Table Manager. The table manager manages the three-tier
voltage tables. Based on strategies determined by the voltage
selector, it performs read, copy, and update operations on the
contents of these voltage tables. Specifically, the table manager
performs atomic synchronization of voltage entries from the
staging table to the active table upon calibration completion.
Atomicity is achieved through a double-buffer mechanism: the
table manager first writes updated entries to a shadow copy of
the active table, then atomically updates a pointer to switch
the shadow copy to the active table. This ensures that host
reads always use validated entries from the active table, and
that updates appear atomically rather than incrementally.

Three-Tier Voltage Tables. The three-tier table structure
is designed to progressively refine voltage accuracy while
maintaining system stability:

Tier 1: Factory Table. The factory table contains
manufacturer-provided voltage configurations. These entries
are generic—not customized for individual blocks—and use
deliberately widened voltage ranges to accommodate potential
shifts over the device’s lifespan. While these entries are
conservative (often requiring multiple retries), they serve as
a reliable fallback when active entries are not available.

Tier 2: Active Table. The active table stores the current
voltage entries used for read operations, with three near-
optimal entries for each block (or block group). The three-
entry design ensures that data can be retrieved within at
most three read attempts, meeting strict QoS requirements.
During SSD initialization, these entries are populated by



testing candidate voltages from the factory table and selecting
those that produce the lowest error rates.

Tier 3: Staging Table. The staging table provides an iso-
lated workspace for calibration. When voltage entries require
adjustment, they are first copied to the staging table, where
modifications are applied. This isolation ensures that host
reads always use validated entries from the active table;
only after calibration completes are updated entries atomically
synchronized back to the active table.

C. Foreground Read Voltage Selection

The voltage selector determines voltage configurations for
foreground host read operations by dynamically mapping
block-specific metadata to corresponding entries in the voltage
tables. Under normal operation, the controller uses entries
from the active table as the default steady state. The block
monitor provides real-time retention time and P/E cycle in-
formation, enabling the voltage selector to index into the
appropriate block group and retrieve the three voltage entries
optimized for that group’s characteristics.

If, in rare cases, host reads using voltages from the active
table still require retries, the voltage selector falls back to
the factory table and sequentially traverses its voltage profiles
until the read succeeds. This fallback mechanism ensures data
reliability even when active table entries become inaccurate
due to unexpected voltage drift.

The four states that the voltage selector may encounter
when determining read voltages for foreground operations
are illustrated in Figure 5. The system cycles through these
states during voltage calibration, ensuring host reads always
use validated entries from the active table while allowing
background refinement via the staging table.

State 1 Calibration triggered
Normal Operation

Host reads: Active/Factory |

State 2
During Calibration
Host reads: Active/Factory

No refinement needed

Return to steady state Refinement completes

State 3
Post Calibration
Host reads: Staging/Factory

State 4
After Sync
Host reads: Active/Factory

Atomic sync completes

Fig. 5. State transition of three-tier voltage tables

D. Background Voltage Calibration

To maintain voltage accuracy in the active table over time,
the voltage selector periodically triggers the calibration engine
to perform background verification and, when necessary, volt-
age refinement. The calibration workflow follows a three-phase
process: verification, refinement decision, and conditional ex-
ecution, as illustrated in Figure 6.

Phase 1: Verification. The calibration engine reads sample
pages using voltage entries from the active table and com-
putes the fail ratio (percentage of uncorrectable reads) for
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Fig. 6. Workflow of periodic voltage calibration

each entry. This phase evaluates whether the current voltage
entries remain valid for the block group’s current retention
characteristics. The verification uses a configurable sample
size to balance accuracy with background overhead.

Phase 2: Refinement Decision. Based on the verification
results, the calibration engine determines whether refinement
is necessary and which type to perform. Three outcomes are
possible: (1) No action—all entries pass verification (fail ratios
below the threshold) and are optimally ordered; (2) Fail ratio-
based reordering—all entries pass but are not optimally or-
dered; (3) Adaptive window-based valley tracking—all entries
fail verification, indicating the voltages no longer align with
the shifted threshold voltage distribution.

Phase 3: Conditional Execution. If refinement is needed,
the calibration engine executes the selected operation. For
reordering, it re-sorts the three entries by their measured fail
ratios. For valley tracking, it searches for new optimal voltages
using an adaptive window algorithm (Algorithm 1). After
refinement, updated entries are written to the staging table
and atomically synchronized to the active table.

Fail Ratio-Based Reordering. This refinement operation
adjusts the priority of voltage entries to minimize read retries.
Each block group has three voltage entries (Entry 1, 2, 3)
that are tried sequentially if previous attempts fail. The fail
ratio of an entry is defined as the percentage of sample pages
that could not be successfully decoded using that voltage (i.e.,
pages with too many bit errors for LDPC correction).



Algorithm 1: Adaptive Window-Based Valley Track-
ing

Input: Base voltage vpase, base fail ratio ppase, threshold e,
limit Npax
Output: Optimized voltage entry vop = (vé]?, végl), vgs’l))
1. Initialize Voltage Window
A, < scale(8, ppase) > Window size scales with
fail ratio

Ucenter < Ubase

Vlow < Ucenter — Av

Uhigh $— Ucenter 1 A,

140> Iteration counter

last_dir < 0> Last dir:
O=none

—1=left, 1l=right,

2. Dynamic Window Refinement

repeat

1 i+1

foreach v € {U/mm Vcenter Uhigh} do
Read sample pages at voltage v
cnt(v) < count of bit-1 cells

5leﬂ — |Cnt(vcenler) - Cnt(vlow)‘

5righ[ — ICnt(vhigh) - Cnt(vcemer)|

if 5141 — 5r;g/1, > ¢ then

/* Valley center left

if last_dir = 1 then

/* Reversal detected,
window

Ay +— A, x 0.5

Vlow 4 Ucenter — Ay

Vhigh $— Ucenter T A,

last_dir < 0

shrink

else

Uhigh $— Ucenter
Ucenter <~ Vlow

Vlow $— Ucenter — Ay
last_dir <+ —1

else if yigii — i > € then

/* Valley center right

if last_dir = —1 then

/+* Reversal detected,
window

Ay, +— A, x0.5

Vlow € Ucenter — Av

Vhigh ¢— Vcenter + A,

last_dir < 0

shrink

Vlow <— Ucenter
Ucenter < Uhigh
Uhigh $— Ucenter + Av
last_dir < 1

else

/* Symmetric within €, terminate
| break ;

until 7 > Nyax

3. Output Optimal Voltages

1 .
(Epl) < Ucenter > Primary voltage

v,

vésl) < Vow > Low backup

(3)

Vopt < Uhigh > High backup

return v,

*/

*/

*/

*/

*/

During verification, the calibration engine measures fail
ratios for all three entries. If all entries pass verification (fail
ratios below the error threshold) but are not sorted in ascending
order of fail ratio, they are reordered so that the entry with
the lowest fail ratio becomes Entry 1 (tried first), the second-
lowest becomes Entry 2, and the highest becomes Entry 3. This
ordering ensures that the most reliable voltage is attempted
first, maximizing the probability that the first read succeeds
and avoiding the latency penalty of retries. If the entries are
already optimally ordered, no reordering is performed.

Adaptive Window-Based Valley Tracking. This refine-
ment operation is invoked when all three entries exceed the
fail threshold, indicating that the current voltages no longer
provide acceptable read accuracy. The algorithm works as
follows: (1) Start from the entry with the lowest fail ratio as
the base voltage and measure its fail ratio pp,se; (2) Establish
an initial voltage window around this base value, with the
window size A, scaled proportionally to pp,se (base value of 8
offset units) to provide a wider search range for more severely
drifted voltages; (3) Test the voltage at the boundaries and
midpoint by reading sample pages and measuring the bit-1
distribution; (4) Determine the valley center direction using
threshold-aligned branching — move the window only when
the asymmetry exceeds €, otherwise treat the current position
as converged; (5) Apply direction-reversal detection to break
oscillation cycles by immediately shrinking the window when
the search direction reverses. The loop terminates either when
the symmetry metric falls within e (converged via explicit
break) or when the iteration count reaches Ny, .5 (safety limit).
The final midpoint becomes the primary voltage entry, with
the boundaries serving as backup entries, as illustrated in
Algorithm 1.

The symmetry of the valley is evaluated using the bit-1
count metric cnt(v). In NAND flash, each programmed state
follows a roughly Gaussian threshold-voltage distribution, and
the valley lies at the intersection of two adjacent states.
When the read voltage is centered at the true valley, the cell
counts transitioning between the three sampling points are
approximately balanced — that is, cnt(vVeener) — Ct(Viow) =
cnt(Vnigh) — Cnt(Veenter). Let diefe = |ent(Veenter) — Ct(Viow )| and
Oright = |cnt(Vhigh) — cNt(Veenier)| denote the counts in the left
and right halves of the window. The algorithm identifies the
valley center by checking whether the asymmetry |djer, — 5right|
exceeds the threshold e.

E. Implementation Optimizations

1) Block Group-Based Voltage Calibration: High-capacity
QLC SSDs typically contain hundreds of thousands of blocks.
To facilitate management, the firmware logically organizes
blocks across different channels and chips into superblocks
for erase and write operations. Leveraging the observation
that superblocks with similar wear levels exhibit comparable
electron loss rates, we group superblocks based on P/E cycles
and retention time, with each group sharing entries in the
active table.



Block grouping is based on the observation that blocks with
similar P/E cycle counts and retention times exhibit statisti-
cally similar voltage drift characteristics. This homogeneity
assumption is grounded in the physical properties of NAND
flash: blocks that have undergone similar program/erase stress
and have been written at approximately the same time will
experience comparable charge loss rates. While individual
blocks may exhibit minor variations due to manufacturing vari-
ation, the average behavior within a group remains sufficiently
consistent for voltage refinement purposes.

In our implementation, block grouping is organized as a
Cartesian product of two independent dimensions: P/E cycle
bins and retention time bins. Empirical measurements show
that P/E cycles have a relatively minor influence on voltage
drift, particularly at lower counts, while retention time exerts a
greater impact. We therefore configure coarser granularity for
P/E cycles (4 bins of 1,000 cycles each) and finer granularity
for retention time (11 bins: 2-5 hours for the first 48 hours,
24 hours for 72 hours—7 days, and 7 days beyond one week).
This partitioning yields 4 x 11 = 44 block groups for a typical
15.36TB SSD. Each block group maintains three voltage
entries (Entry 1, 2, 3), consistent with the per-block design in
Section III. The active voltage table stores 15 threshold offsets
per entry (1 byte each), yielding 3 x 15 = 45 bytes per group,
or 45 x 44 = 1980 bytes in total. Including incremental per-
block metadata (group assignment and read-disturb counters,
4 bytes per block) and calibration working buffers ( 4.5 KB
peak), the total firmware metadata overhead remains below 10
KB—orders of magnitude smaller than the DRAM available
on enterprise SSD controllers.

2) Sentinel Voltage: For individual flash cells, intrinsic cor-
relations exist between distinct threshold voltages. To validate
this phenomenon, we collect 15 threshold-voltage distributions
from the same QLC SSD across varying retention periods. The
interconnected voltage curves exhibit consistent trends at each
retention point, despite different amounts of shift caused by
retention aging.

2
0
2
-4
-6
-8
-10
-12 5h ——10h——24h
-14
-16

S 678910 _11 12 13 14 15

Oh 1h 3h

voltage offsets

——48h

Threshold voltage states

Fig. 7. Illustration of sentinel voltage correlation

Consequently, we designate one voltage per page type as the
sentinel voltage and build linear models offline to characterize
its relationship with all other voltages in the same page type.
While a single global sentinel across all read voltages would
maximize compression, we retain one sentinel per page type
to preserve accuracy, as each page type exhibits distinct drift
characteristics. We select representative valleys (valley 7 for

LSB, valley 6 for CSB, valley 8 for MSB, and valley 9 for
TSB) as sentinels because they exhibit moderate drift rates
that are representative of the full voltage range for each page
type. The model coefficients (a0, a,1) are learned offline
from device-characterization data using standard least-squares
fitting. During adaptive window-based valley tracking, only
the sentinel voltage V, is actively searched within a narrowed
voltage window; all remaining voltages are computed by
evaluating the corresponding linear model:

Vi~ o+ apa Ve, Vk#s, (1)

where VS is the calibrated sentinel voltage and Vk are the
derived read reference voltages. This sentinel-based projec-
tion eliminates exhaustive voltage-window searches for every
threshold, substantially reducing extra read operations during
refinement while preserving the accuracy of read voltages.

Beyond reducing read operations during refinement, the
sentinel-voltage projection also yields a significant storage
benefit for the active table. Recall that the baseline active
table stores 15 threshold offsets per entry (45 bytes per block
group). With sentinel projection, each entry needs to store
only a sentinel offset for each page type (4 bytes per entry
instead of 15), while the three-entry structure per block group
is preserved to maintain read-retry coverage. For 44 block
groups, the active-table footprint drops from 1980 bytes to
528 bytes—a 3.75x reduction—while maintaining coverage
of all 15 read reference voltages, which are reconstructed on
demand via Equation (1).

The linear correlation between sentinel and other voltages
is grounded in the physical properties of charge-trap flash:
all threshold voltages in a page type experience correlated
drift due to shared retention aging mechanisms. Our empirical
validation across 15 retention points (0—48 hours) shows
consistent linear trends with a coefficient of determination
R? > 0.8 for all state pairs. Nevertheless, the model leaves
approximately 20% of variance unexplained; under certain
conditions this can cause projected voltages to deviate toward
state boundaries. When deviations occur, the fail ratio-based
reordering mechanism mitigates the impact by correcting entry
priority at runtime. We leave more sophisticated modeling
approaches (e.g., piecewise linear or nonlinear regression)
as future work to further improve projection accuracy under
diverse operating conditions.

3) Read-Disturb Effect Considerations: Read disturb is
another factor that affects long-term reliability: repeated reads
on the same block gradually shift neighboring cells’ threshold
voltages, increasing raw bit error rates. CT-QLC does not
introduce a dedicated read-disturb optimization; instead, its
periodic voltage verification naturally captures the combined
effect of retention drift and accumulated read disturb within
each calibration interval, because the measured fail ratios
reflect the aggregate threshold-voltage shift from both sources.
Furthermore, by limiting background reads through block-
group sampling and sentinel-voltage projection, CT-QLC en-
sures that its own calibration activity does not exacerbate
read disturb. For blocks that exceed the firmware’s standard



read-count thresholds, conventional read-disturb refresh mech-
anisms continue to operate independently.

IV. EVALUATION

We integrated CT-QLC into an actual charge-trap flash-
based QLC SSD product. Unless otherwise specified, all
performance tests were conducted with CT-QLC’s background
voltage calibration enabled (periodic verification every 5
hours, with 2 blocks sampled per group and 64 pages sampled
per block using a step-63 sampling pattern to cover different
QLC page types), and we measured the impact on foreground
read operations. In this section, we conduct comprehensive
experimental evaluations to:

o Evaluate the foreground read performance of CT-QLC
(with background calibration active) by comparing with
existing data-center TLC and QLC SSD products.

o Evaluate the reliability of CT-QLC by comparing with
state-of-the-art data-center QLC SSD products based on
floating-gate flash technology.

o Decompose and evaluate the reliability improvements
contributed by individual refinement techniques within
CT-QLC.

A. Experimental Setup

1) Testbed: CT-QLC is implemented as a productized
firmware module running on commercial SSD controllers. All
experiments are conducted on production hardware without
any controller or NAND modifications.

CT-QLC adopts a PCIe Gen4 SSD controller and SK hynix
V7 QLC NAND [42]. The SSD capacity is 15.36TB with 8
channels, 8 chips per channel, 2 dies per chip, 4 planes per
die, 410 blocks per plane, and 1408 wordlines per block.

All experiments are performed on Inspur TV75S59 servers
equipped with a 48-core Intel Xeon Platinum 8331C CPU and
256GB DRAM, running Ubuntu 20.04, with data transferred
via the PCI Express (PCle) 4.0 interface.

2) Workloads: We conduct tests using synthetic workloads
with configurable numbers of threads (Job), command queue
depths (QD), and block/data sizes, as well as real business
workload traces and six popular workloads from Microsoft
Research Cambridge [43].

3) SSD Configurations: The experiments compare CT-QLC
with several configurations summarized in Table 1.

TABLE 1
SUMMARY OF SSD CONFIGURATIONS

Config Description

A-TLC Data-center TLC SSD, 8 channels, 7.68TB

S-TLC Data-center TLC SSD, 16 channels, 7.68TB

Floating-gate QLC SSD (vendor-default firmware),

FG-QLC 16 channels, 15.36TB

CT-QLC Proposed charge-trap QLC SSD, 8 channels, 15.36TB
CT-QLC,,0-cal CT-QLC without voltage calibration (baseline)
CT-QLC,, /or CT-QLC without fail-ratio reordering
CT-QLC,, /0e CT-QLC without adaptive window-based valley tracking
CT-QLC CT—QL_Q with read-ahead ﬁrmware mec_hanism

w/ora | (optimizing low-QD sequential reads) disabled

4) Metrics: Since CT-QLC focuses on guaranteeing QoS
for read-intensive workloads, the primary evaluation metric
is the 99.99th percentile read latency. We additionally report
the average read latency as a complementary metric. All
experimental results are measured at steady state, with each
experiment repeated five times to ensure reliability. We report
the average values across these repeated runs, noting that the
standard deviations observed were within 3-5% of the mean
for all reported metrics, indicating consistent and reproducible
evaluation results.

B. Synthetic Workload Performance

The synthetic workload tests include pure read scenarios
with varying numbers of threads and queue depths. For com-
pleteness, the results include comparisons with TLC SSDs (A-
TLC and S-TLC) to demonstrate that QLC NAND can achieve
competitive read performance. However, the primary focus of
the following analysis is on comparing CT-QLC with existing
QLC SSDs (FG-QLC), as this directly evaluates the impact of
our voltage calibration framework. Figure 8 shows sequential
read results, and Figure 9 shows random read results.

As shown in Figure 8, read-ahead mechanisms in modern
SSD firmware can substantially impact JoblQD1 sequential
read latency. At low queue depths, NAND channels typically
have significant available idle time, allowing controllers to
proactively prefetch subsequent data blocks. This prefetch-
ing masks the raw NAND access latency and any potential
retry overhead, which is why we utilize the CT-QLC,, /04
configuration to isolate and evaluate the specific benefits
of our voltage tracking algorithm. Under the Job1QDI128
configuration, the performance of CT-QLC and CT-QLC,, /orq
is nearly identical, confirming that at high queue depths the
read-ahead mechanism has negligible effect.

At high queue depths (Job1QD128), frequent read retries in
FG-QLC create head-of-line blocking across the deep request
queue, causing severe tail latency degradation; CT-QLC’s
voltage optimization reduces retry frequency and eliminates
this queue buildup effect. Under Job1QD128, the sequential
read latency of CT-QLC is reduced by up to 65% compared
with FG-QLC, with an average reduction of 21%. For the
99.99th percentile latency, CT-QLC achieves a reduction of
up to 89% in the 16KB data size scenario, with an overall
average reduction of 27%.

As shown in Figure 9, CT-QLC demonstrates outstanding
average-latency performance due to optimized voltage selec-
tion reducing read retries. Overall, the random read latency of
CT-QLC is reduced by up to 49% compared with FG-QLC,
and the 99.99th percentile latency is reduced by up to 52%.

Similar to the sequential read results, we observe that FG-
QLC occasionally achieves lower latency in specific random
read scenarios, particularly at smaller data sizes (4KB) with
low queue depths. This can be attributed to FG-QLC’s inherent
advantage in data retention characteristics due to floating-
gate technology, which exhibits slower charge loss compared
with charge-trap flash. In these light-load scenarios, overall
read latency is dominated by base NAND access time rather
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than retry overhead, allowing FG-QLC’s retention advantage
to manifest as slightly lower baseline latency. However, as
data size increases or queue depth grows, retry frequency rises
and CT-QLC’s adaptive voltage calibration becomes domi-
nant, consistently delivering superior tail-latency performance
across the majority of tested scenarios.

C. Real-World Trace Performance

The business trace includes 32 workloads with different
access patterns. As shown in Figure 10, CT-QLC demonstrates
superior performance throughout the tests. Compared with
FG-QLC, the average read latency is reduced by up to 44%
(with an overall average reduction of 25%), while the 99.99th
percentile latency is reduced by up to 65%.
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We further conduct experiments on six real workloads
from Microsoft Research Cambridge, and the performance
results of CT-QLC and FG-QLC are shown in Figure 11.
On average, CT-QLC demonstrates lower response times with
reductions of up to 28%, indicating significantly fewer read
retry occurrences during the testing phase.

D. Retention and Temperature Tests

1) Short-Duration Early Retention Tests: Figure 12 shows
that the early data retention problem is significantly mit-
igated by the periodic voltage verification and refinement
mechanisms compared with the CT-QLC,,,..,; configuration.
This test uses the same experimental setup as described in
Section II-C (100,000 random 64KB read operations at queue
depth 128 at 2, 10, 18, and 28 hours after programming),
enabling direct comparison with the results in Figure 3. While
the unoptimized CT-QLC,,.cq; exhibited 7.1x tail latency
degradation due to early retention loss, CT-QLC with periodic
calibration maintained stable performance throughout the test
period. This improvement stems from CT-QLC’s three-phase
calibration workflow: Phase 1 (Verification) detects voltage
drift through fail ratio measurement; Phase 2 (Refinement
Decision) determines whether reordering or valley tracking
is needed; Phase 3 (Conditional Execution) applies the ap-
propriate refinement. The fail ratio-based reordering ensures
that the most reliable voltage is tried first, while adaptive
window-based valley tracking discovers new optimal voltages
when all existing entries fail. This hierarchical approach
directly addresses the early retention problem identified in
Section II-C, enabling rapid response to charge loss without
requiring continuous voltage search.
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2) Long-Duration Data Retention Tests: Long-duration
tests at 25°C (Figure 13) and 55°C (Figure 14) show that
CT-QLC reduces the 99.99th percentile latency by 12% and
94%, respectively, compared with CT-QLC,,,cq;. The dra-
matic improvement at high temperature (55°C) is attributed to
the adaptive window-based valley tracking algorithm, which
effectively compensates for accelerated charge loss under
thermal stress. At high temperatures, charge-trap cells exhibit
faster electron de-trapping, causing threshold voltage distri-
butions to shift more rapidly and produce higher fail ratios.
The adaptive window mechanism scales the initial search
window proportionally to the measured fail ratio, enabling
wider search ranges for severely drifted voltages while using
narrower windows for milder drift. Combined with iterative
direction-guided refinement and direction-reversal detection,
this allows the algorithm to efficiently converge to optimal
voltages across varying drift severities. At room temperature
(25°C), the improvement is more modest because voltage drift
occurs more slowly; the fail ratio-based reordering alone is



often sufficient to maintain good read performance, with valley
tracking invoked only occasionally.
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3) Component Analysis: Figure 15 shows the contribu-
tions of voltage reordering and adaptive window-based valley
tracking, demonstrating that both QoS and IOPS are opti-
mized by these techniques. The fail ratio-based reordering
provides immediate benefits by ensuring the most reliable
voltage is attempted first, reducing the average number of
read retries. This optimization is lightweight—requiring only
the comparison and sorting of three entries—and can be per-
formed frequently without significant overhead. The adaptive
window-based valley tracking provides deeper optimization
when reordering alone is insufficient: by iteratively refining
the voltage window based on bit distribution balance metrics,
the algorithm converges to near-optimal voltages that minimize
bit errors. The combination of these two techniques—fast
reordering for minor drift and thorough valley tracking for
major shifts—enables CT-QLC to maintain low tail latency
across varying retention conditions while keeping background
overhead bounded.

E. End-of-Life Tests

Given that data-center QLC SSDs typically have a P/E cycle
limit of 2,000-3,000, we conducted end-of-life (EOL) testing
to evaluate performance stability across the device lifetime.
We selected 300 and 2,500 P/E cycles as representative early-
life and near-end-of-life points. While intermediate P/E cycle
measurements (e.g., 500, 1,000, 1,500, 2,000) could provide
finer-grained insights, our focus is on demonstrating perfor-
mance stability across the operational lifetime rather than
characterizing the complete degradation curve. The two-point
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comparison effectively captures the worst-case performance
variation between initial deployment and near-end-of-life con-
ditions, which is the primary concern for data-center operators
planning multi-year deployments. Comparative QoS results at
these two stages are shown in Figure 16.
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TABLE II
QO0S COMPARISON AT DIFFERENT P/E CYCLES
QoS - percentile latency (us)
99.9th  99.99th  99.999th  99.9999th
P/E = 300 162 242 1704 4030
P/E = 2500 165 246 1753 4325

The results reveal negligible differences in QoS performance
across the entire latency distribution, with less than 3%
degradation at the 99.9th—99.999th levels and about 7% at the
99.9999th percentile.

F. Overhead Analysis

The overhead of CT-QLC primarily stems from background
read operations during voltage verification and refinement.
These background operations run concurrently with fore-
ground host I/O, competing for NAND channel bandwidth and
controller resources. When voltage entries pass verification
and no reordering is needed, extra reads result solely from veri-
fication. When reordering is needed, no additional reads are re-
quired since fail ratios are already available from verification.
When valley tracking is invoked, additional reads are needed
but remain bounded by the iteration limit. Importantly, all per-
formance results reported in previous sections (Sections IV-B—
IV-E) include this background overhead, demonstrating that
CT-QLC achieves significant tail-latency improvements even
when accounting for the cost of maintaining voltage accuracy.
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Figure 17 shows the overhead evaluation under varying
configuration parameters. In addition to CT-QLC and CT-
QLC,,0-cql, the bars are grouped by three configuration pa-
rameters shown in the legend, each representing a more
aggressive setting compared with the default configuration:
increasing blk_cnt (more blocks verified per group), in-
creasing read_cnt (more pages sampled per block), and
decreasing interval (shorter verification interval). Each
bar shows the IOPS under a specific parameter configuration.
Compared with the default CT-QLC configuration, increasing
blk_cnt or read_cnt and shortening interval all result
in additional background read overhead.

These parameter adjustments improve voltage tracking ac-
curacy by providing more samples or fresher data, but they
also increase background read overhead. Compared with
the default CT-QLC configuration, increasing blk_cnt or
read_cnt and shortening interval all result in addi-
tional IOPS degradation. The results demonstrate that even
with aggressive calibration settings (more blocks sampled,
more pages read, shorter intervals), the IOPS degradation
remains within 5-8% of the baseline. Under typical opera-
tional configurations, the overhead is limited to 2-3%, which
is considered acceptable for data-center deployments where
tail-latency guarantees are prioritized. This trade-off between
accuracy and overhead allows operators to tune the calibration
aggressiveness based on workload requirements and retention
characteristics.

V. RELATED WORK

Read voltage optimization has been extensively studied to
address threshold voltage drift in NAND flash storage [16],
[31], [44]-[46]. Parallel read-retry mechanisms have been
explored to reduce read latency in 3D NAND SSDs [47], and
invalid-data-assisted techniques have shown promise for im-
proving reliability in high-density flash [48]. Prior approaches
can be broadly categorized along two dimensions: (1) whether
voltages are determined statically at manufacturing time or
adapted dynamically at runtime; and (2) whether the solution
requires hardware support or can be implemented purely in
firmware. CT-QLC occupies a unique position in this design
space as a firmware-only runtime adaptive solution.

Static Voltage Optimization. These approaches determine
optimal read voltages through offline device characterization.
Ye et al. [17], [18] propose methodologies to generate tailored
read-retry tables for each flash model based on extensive
testing across temperature and retention conditions. While
achieving good accuracy for characterized conditions, static
approaches cannot adapt to runtime variations such as temper-
ature changes, workload-dependent aging, or manufacturing
process variations across different SSD batches. CT-QLC ad-
dresses this limitation by combining factory-provided defaults
with lightweight runtime calibration.

Dynamic Voltage Optimization. These approaches adjust
voltages during SSD operation to track threshold voltage drift.
Several techniques have been explored: (1) Sentinel-based
inference—Shaving [19] infers voltages from OOB sentinel
cells, requiring a custom controller unavailable in commercial
firmware. Its zero-overhead sentinel read assumes a single-
voltage LSB page, a mapping specific to its evaluated chip;
commercial NAND typically uses multiple voltages per page,
and QLC has no single-voltage page. Thus Shaving is inappli-
cable to commercial QLC SSDs. (2) Data refresh—LDR [35]
actively corrects errors by rewriting data with refreshed charge
levels, but introduces write amplification; (3) Machine learn-
ing—recent works [20], [36]-[40] use ML to predict optimal
voltages from error statistics, but introduce significant com-
putational overhead; (4) Independent read schemes—recent
work [49] proposes independent read operations for QLC
SSDs to reduce read latency by exploiting page-type-specific
characteristics. CT-QLC provides a lightweight alternative: it
implements sentinel voltage modeling in firmware without
hardware dependencies, avoids write amplification through
voltage tuning rather than data movement, and achieves accu-
racy comparable to that of ML approaches through hierarchical
table management with bounded overhead.

Hardware-Assisted Optimization. These approaches ex-
ploit specialized hardware capabilities [41] or NAND-specific
commands [21] to accelerate voltage tuning. While effec-
tive, such solutions require specific controller or NAND
support that limits deployability in existing products. CT-
QLC achieves similar calibration accuracy entirely through
firmware, enabling immediate deployment on commercial
SSDs without hardware modifications.

VI. CONCLUSION

In this paper, we present CT-QLC, a production-ready
firmware solution for addressing early data retention chal-
lenges in charge-trap QLC SSDs deployed in data centers.
CT-QLC introduces a three-tier voltage table structure that
progressively refines read voltage accuracy while maintain-
ing system stability. Through hierarchical offset management,
periodic verification, and adaptive window-based valley track-
ing, CT-QLC tracks near-optimal read voltages with bounded
background overhead.

The key technical contribution lies in the design of a
lightweight, production-ready voltage management framework
that balances accuracy, overhead, and practical deployability.



Unlike prior approaches that require hardware modifications
or complex online learning, CT-QLC can be implemented
entirely in the firmware of commercial SSDs with bounded
resource usage and predictable performance impact. Exper-
imental results demonstrate that CT-QLC reduces 99.99th
percentile read latency by up to 94% at high temperature
compared with unoptimized charge-trap QLC SSDs and by
up to 89% compared with floating-gate QLC SSDs, while
maintaining stable performance across the device lifetime.
These results establish the viability of charge-trap QLC SSDs
for read-intensive data-center applications when equipped with
appropriate firmware-level optimizations.

We acknowledge several limitations that suggest directions
for future work. First, CT-QLC assumes that blocks with sim-
ilar P/E cycles and retention times exhibit comparable voltage
drift characteristics. While this assumption holds statistically,
individual blocks may deviate due to manufacturing variations
or localized wear patterns, potentially affecting voltage accu-
racy for outlier blocks. Second, the sentinel voltage projection
uses a linear model to estimate other voltage states. While
validated with R? > (.8, this remains an approximation that
may introduce suboptimal voltages under extreme operating
conditions or for devices with non-standard retention charac-
teristics. Third, CT-QLC primarily targets data retention drift.
While we include basic read-disturb mitigation, read-intensive
workloads may still experience performance degradation due
to read-disturb effects that are not fully compensated for by
the current calibration intervals. Future work includes refining
block-grouping strategies to handle manufacturing variations,
evaluating the sensitivity of block-grouping parameters and
quantifying within-group voltage variance bounds to further
validate the homogeneity assumption, exploring nonlinear
projection models for improved voltage estimation, and de-
veloping adaptive calibration intervals that dynamically adjust
to workload characteristics while maintaining the bounded
overhead guarantees established in this work.
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