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ABSTRACT

This paper demonstrates that adopting out-of-place writes is es-
sential for database systems to fully leverage SSD performance
and extend SSD lifespan. We propose a set of out-of-place opti-
mizations that collectively reduce write amplification across both
the DBMS and SSD layers. We redesign the in-place, B-tree-based
LeanStore to write out-of-place and support these optimizations,
and evaluate it on diverse OLTP benchmarks, dataset sizes, and
SSDs. The final design improves throughput by 1.65-2.24X and re-
duces flash writes per operation by 6.2-9.8x on YCSB-A. On TPC-C
with 15,000 warehouses, throughput improves by 2.45x while flash
writes decrease by 7.2x. Finally, we show that the architecture can
seamlessly support novel SSD interfaces such as ZNS and FDP.
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1 INTRODUCTION

Modern DBMSs optimize for SSD characteristics. As SSD
prices have continued to fall while DRAM costs stagnate, SSDs have
replaced disks as the primary storage medium for high-performance
DBMSs [63, 73, 83, 85, 121]. Consequently, modern systems increas-
ingly tailor their designs to SSD properties, such as internal paral-
lelism [36], read-write asymmetry [6, 57, 105], and SSD reads [5, 43].
Yet most DBMSs still do not optimize for SSD writes. However,
few systems control database write behavior to optimize for SSDs,
even though SSDs handle writes very differently from hard disks.
The overall SSD performance for out-of-memory workloads can be
greatly impacted by how a database system writes to the device.
Furthermore, SSDs have a finite lifespan: each write wears out
flash cells, unlike hard disks, which do not suffer from endurance
limits [66, 117]. However, despite these differences, most systems
still issue writes as if targeting hard disks - ultimately writing far
more than intended while remaining unaware of the consequences.
Database systems write significantly more than expected.
Once database writes accumulate beyond a certain threshold, ignor-
ing SSD write characteristics becomes increasingly costly [35]. We
benchmark the B-tree-based engine LeanStore [63] on an enterprise
This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights
licensed to the VLDB Endowment.

Proceedings of the VLDB Endowment, Vol. 19, No. 7 ISSN 2150-8097.
doi:10.14778/3801059.3801063

Tobias Ziegler
TigerBeetle
tobias@tigerbeetle.com

1469

Viktor Leis
Technische Universitat Miinchen
leis@in.tum.de

Bl User Writes Other DBMS Writes Internal Flash Writes

Flash Writes (KiB) per Single Page Write Operations per Second (K)
80| 7022 500 470
60 7.8% 400 ~2x faster
40 37.06 reduction | 300 238
2 W 18.85 l 200
24 o4z |100| 88

MySQL Postgres in-place out-of-place
LeanStore LeanStore
+all opt.

MySQL Postgres in-place out-of-place
LeanStore LeanStore
+all opt.

Figure 1: Flash writes per single page write and throughput
(YCSB-A zipf 6 = 0.8, Samsung PM9A3 SSD 90% full, page sizes
(KB): MySQL: 16, PostgreSQL: 8, LeanStore: 4)

SSD filled to 90% using the YCSB-A workload (zipf 6 = 0.8), running
it until cumulative DB writes exceed four times the SSD’s capacity.
Surprisingly, as shown in the third bar of the first plot in Figure 1,
the in-place-write LeanStore baseline writes 18.85 KiB per 4 KiB
B-tree node page write, 4.7X more than expected. A similar trend
appears in MySQL and PostgreSQL, as shown in the first two bars.
Identifying the cause of write amplification. To investigate the
source of the amplification, we categorize writes into three types
(ignoring WAL writes because they are easy to handle): (1) user
writes (including evictions or checkpointing), (2) additional DBMS-
issued writes, and (3) SSD-internal writes (obtained by OCP [99]).
Here, we identify two main culprits behind this amplification.
Culprit 1: DBMSs themselves write more. The DBMS often
issues more writes than expected. When comparing the user writes
with the total amount of writes issued by the DBMS (user + other
DB-issued writes) in Figure 1, the latter is roughly double the user
writes due to the doublewrite buffering overhead. This behavior is
typical of in-place systems, including MySQL [78] and PostgreSQL
(albeit indirectly) [101], as shown in the first two bars in Figure 1.
Culprit 2: SSDs internally amplify DBMS writes. The SSD
itself amplifies DBMS writes, a phenomenon known as SSD write
amplification (WA). In our experiment, LeanStore experiences a
Write Amplification Factor (WAF) of 2.36x (Figure 1), meaning
total flash writes are 2.36x the DBMS-issued writes. This internal
WA degrades performance over time and reduces SSD lifespan [21,
66]. The Samsung PM9A3 data center SSD used in the experiment
guarantees a lifetime of 5 years at 1 Drive Write Per Day (DWPD)—
corresponding to an average write speed of only 11 MB/s. LeanStore
writes about 400 MB/s in the experiment, which means that the
SSD would reach its endurance limit in about 1.5 months.

DBMSs taking charge of minimizing end-to-end WA. A single
page write is amplified first within the DBMS and then within the
SSD, yielding a total WAF of DB WAF x SSD WAF. Conventionally,
minimizing SSD WAF is delegated to lower layers—either the SSD
or, indirectly, the filesystem [12, 49, 60], while DB WAF is treated
separately (e.g., LSM-tree WA optimizations [26, 70]). However,
DBMS write issuance dictates both DB and SSD behavior; focusing
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only on DB WAF can paradoxically increase flash writes when SSD
WAF is overlooked. Thus, we argue that the DBMS, with the most
workload knowledge at the highest layer, should coordinate writes
with both DB- and SSD-level WA in mind.

Reducing SSD writes with out-of-place techniques. To min-
imize flash writes per operation, we first move from in-place to
out-of-place updates. By removing the constraint of rewriting a
page at a fixed location, the DBMS gains flexibility in write place-
ment. We then present several out-of-place-based optimizations
that together minimize end-to-end WAF. These are implemented
on LeanStore after converting to out-of-place writes. Using the
same benchmark, the results (shown in the final bar of the two
plots in Figure 1) demonstrate that our out-of-place design with
optimizations reduces flash writes by 7.8X per operation compared
to in-place LeanStore. This reduction is achieved by eliminating
all other redundant writes, effectively reaching the near-optimal
level of user writes alone. Consequently, SSD lifespan is directly
extended, while cost, power consumption, and carbon footprint per
operation are reduced [7, 90]. Throughput (operations per second,
OPS) nearly doubles as well (right panel of Figure 1).
Contributions. The proposed optimizations systematically reduce
cross-layer WA by considering how the write pattern shapes DB-
and SSD-level amplification and their interplay. Our design requires
only modest changes to upper components of the storage engine,
including the buffer pool, logging/recovery, and index structure,
making it readily applicable to other B-tree-based systems. The
proposed optimizations are:

o Compression & page packing: Page-wise compression re-
duces write volume, but with 4 KiB pages, its benefits vanish
when compressed pages are misaligned or smaller than 4 KiB.
We introduce page packing, grouping compressed pages so
each is read with a single 4 KiB access while retaining write
and space savings.

Grouping by deathtime: System-level out-of-place writes
inherently require garbage collection (GC). To minimize WA
during GC, we group pages by their expected invalidation time
(“deathtime”) when placing them, derived from DB semantics.
ZNS support: Our design naturally extends to Zoned Names-
pace (ZNS) SSDs, leveraging the existing DB GC and mapping.
This enables full compatibility with ZNS, which inherently
guarantees an (optimal) SSD WAF of 1.

Aligning DB and SSD GC units: For non-ZNS SSDs, SSD GC-
induced WA is mostly inevitable. By estimating the physical
placement inside SSDs, we find that the first key to mitigate SSD
WAF is to align the DB GC unit with the SSD’s internal GC unit.
When available, this is achieved using the FDP Reclaim Unit
size; otherwise, it can be estimated using a ZNS-like pattern.
NoWA pattern: For commodity non-ZNS SSDs not featuring
FDP, we introduce a NoWA (No Write Amplification) pattern
that guarantees SSD WAF = 1, even at full device utilization.
Using FDP placement hints: For FDP-enabled SSDs, we show
how to use placement hints that can replace the NoWA pattern.

The first two DB WAF optimizations are orthogonal yet complemen-
tary, while the remaining SSD-side optimizations may be chosen
based on the underlying device. Importantly, applying only the DB
WATF optimizations without the SSD WAF ones can increase total
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WAF; the full set should therefore be viewed jointly. In Section 2,
we first motivate why the DBMS is best positioned to optimize SSD
writes and why this necessitates out-of-place updates. We then
present each optimization as structured in the following figure:

ZNS SSD Section 5.1
+ZNS support
Section 3

Section 4 Section 5.3 Section 5.4
+compression_’+ grouping by + aligning +NoWA
& page packing deathtime GC unit size[ pattern

standard .
SSD Section 5.5
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2 THE CASE FOR OUT-OF-PLACE WRITES

We begin by reviewing SSD mechanics and WA, which influence
both endurance and throughput. We then argue that the DBMS is
best positioned to manage end-to-end WAF at the highest layer. To
do so, however, requires adopting out-of-place writes, enabling the
DBMS to use workload knowledge and SSD internals to reshape
write patterns and thereby minimize flash writes per operation.

Background: SSD endurance and write amplification. Flash
SSDs differ from disks in two properties that matter for write-
heavy workloads [57, 110]. First, flash cells only endure a limited
number of program/erase cycles; each write gradually wears the
cells, so device lifetime is tied to the volume of physical writes [15,
66, 113]. Second, SSDs exhibit write amplification because writes are
performed at the page level (4-16 KiB), whereas erases reclaim entire
blocks (many pages). When a block containing still-valid pages
must be erased to free space, the SSD first relocates those pages,
increasing internal physical writes relative to host writes [45, 47].
Consider a DBMS issuing a write request for page P, as illustrated

in the figure:
s . W) L - [

+2 valid page[writes (i.e.,WA), and then write [P]

To free space, the SSD’s garbage collector selects the first block in
the figure as a victim; because two pages in that block remain valid,
it copies them elsewhere before erasing the block. Thus, one logical
write of page P results in three physical writes, directly reducing
SSD lifespan and the bandwidth available to the host.

DB WAF: User writes transformed by the DBMS. To understand
more about the source of WAs in Figure 1, we first examine the
DBMS write path. The DBMS persists a safe page copy before
overwriting the target [78, 101], a mechanism known as doublewrite
buffering (DWB). For this reason, in-place systems such as MySQL,
PostgreSQL, XtraDB, and CedarDB incur roughly 2x the logical
DB writes due to DWB [74, 86, 103]. Without DWB, the system
cannot recover from partial page writes. Some SSDs expose limited
atomic-write primitives [50, 119], but typically only for 512- or
4,096-byte units and thus are not widely relied upon.

SSD WAF: DBMS writes transformed by the SSD. Next, depend-
ing on the underlying block device, DBMS-issued writes are further
amplified inside the device. Here, we assume DBMS is writing di-
rectly to the block device without a filesystem, which is common in
modern systems [2, 28, 41, 81, 93, 96]. If a filesystem is used, how-
ever, it may alter the write pattern the device observes. On disks,
logical and physical addresses mostly coincide (Figure 2a); on SSDs,
writes are inherently out-of-place (Figure 2b), breaking this fixed
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Figure 2: In-place vs. out-of-place writes on disk and SSD

mapping. As a result, the physical consequences of any given write,
particularly its internal placement and resulting WAF, can be severe
and difficult to predict, except on specialized devices such as ZNS.
For instance, our prior study [35] (Figure 3) shows that several en-
terprise SSDs unexpectedly exhibit higher WAF (e.g., 4) under even
a simple hot/cold workload compared to a uniform-random work-
load. This demonstrates that SSD WAF is not inherently managed
by the device and can vary depending on workload patterns.
Total WAF matters in the end. User writes are first amplified
inside the DBMS and then inside the SSD. To quantify this end-to-
end amplification, we argue that systems should use total WAF as a
cross-layer metric. Upon each page write for in-place LeanStore in
Figure 1, each logical write to persist a B-tree node is duplicated
by DWB (DB WAF = 2.0) and further amplified within the SSD
(SSD WAF = 2.36), resulting in the total amplification of 4.7. Thus,
workloads experience amplification at both the logical (DB) and
physical (SSD) layers, whose combined effect is multiplicative:

Total WAF = DB WAF X SSD WAF

DBMS is best positioned to optimize for SSD writes. SSD WAF
mitigation has mostly been attempted at lower layers (SSDs or
filesystems) [12, 49, 54, 55], but these layers lack workload knowl-
edge and merely receive host writes, leaving them intrinsically
unable to change the write pattern that drives SSD WAF. In con-
trast, the DBMS controls the write pattern: by choosing what, when,
and where to write (e.g., during eviction or checkpointing), it can
proactively influence device behavior. The DBMS possesses richer
workload knowledge, including page hotness and access patterns,
which are inaccessible to the SSD or filesystem. Thus, with a work-
ing understanding of SSD internals, the DBMS can estimate ampli-
fication at both levels and adapt its write patterns accordingly.
Out-of-place writes are essential for minimizing total WAF.
Even when a system aims to optimize SSD writes, the DBMS can
do little if it performs in-place updates. In-place systems fix each
page’s file location (e.g., using the Page Identifier (PID) as an offset,
as in Figure 2b) and overwrite that location in the page size (16 KiB
in InnoDB) [31]. Thus, the DBMS cannot alter write placement and
therefore inherits the device’s SSD WAF, forfeiting opportunities to
optimize for SSDs. Switching to out-of-place writes (Figure 2c) un-
locks flexibility, allowing the DBMS to group and place user writes
as it chooses. Out-of-place writes also eliminate doublewrite buffer-
ing: the old page remains valid until the new version is durably
written, allowing crash recovery via the previous page and WAL
replay. Removing DWB nearly halves DB-issued bytes while pre-
serving durability.
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Joint consideration of DB and SSD WAF is necessary. To opti-
mize total WAF, the DBMS must account for both DB and SSD WAF
and their interplay. Focusing on only one layer can counterintu-
itively worsen the other. For example, an LSM-tree engine can lower
DB WAF by increasing size tiering [23], but doing so consumes
more SSD space and can raise SSD WAF, ultimately worsening total
WAF. Thus, total WAF—not individual components—must guide
optimization, reflecting the effects of DBMS writes at both layers.
Unlocking optimizations that minimize total WAF. In the
following sections, we propose several out-of-place-based optimiza-
tions that, taken together, minimize total WAF. At the DBMS level,
Page-wise Compression (Section 3) and Deathtime-Based GC (Sec-
tion 4) reduce DB WAF by lowering logical write volume. At the
device level, we present techniques that ensure SSD WAF = 1 across
all three SSD types: ZNS (Section 5.1), standard (Section 5.4), and
standard FDP-enabled SSDs (Section 5.5). To our knowledge, this
is the first demonstration of SSD WAF = 1 on commodity SSDs—
even at 100% utilization and without fully sequential workloads.
Although DB-side and SSD-side techniques must be applied to-
gether to minimize total WAF, individual optimizations may be
selectively adopted depending on the device (e.g., SSD or disk) and
integration layer (e.g., filesystem).

3 REDUCING WRITES WITH COMPRESSION

Compression reduces DB WAF by lowering both the number of
bytes written to storage and the overall dataset size. Compressing
pages before flushing to the device lowers the logical write volume.
However, if the characteristics of the underlying device are ignored,
compression can backfire: misaligned or variable-length writes may
increase read amplification or fail to reduce write and space at all.

3.1 Page-Wise Compression

How storage-level compression works. Assume a fixed database
page size of 4 KiB and a buffer pool that caches at the same granular-
ity. Dirty pages are written to the storage device during eviction or
checkpointing. We compress each 4 KiB page independently before
persistence so it can later be read independently. On reads, the page
is decompressed before being placed in the buffer pool.
Compression is difficult to apply with in-place writes. The
SSD’s device-level write granularity complicates page-level com-
pression for in-place systems. Compressing 4 KiB pages yields
variable-length results (typically < 4 KiB), but SSDs and filesystems
commonly write in 4 KiB units. If we retain simple PID X 4KiB
addressing and overwrite in place, the device still writes a full 4 KiB
block, eliminating any physical savings. One could instead store
compressed pages at variable offsets and maintain a PID—offset
mapping, but compressed sizes change as values are inserted or
updated. Offsets then drift, and relocating a page can cascade into
shifting neighboring pages, making updates expensive. Moreover,
eviction follows recency rather than physical locality, so pages
flushed together are rarely adjacent, hindering coalescing into
aligned, sequential writes. Consequently, many in-place DBMSs
(e.g., PostgreSQL) forgo page-level compression [87]. Others offload
compression to the filesystem (e.g., MySQL) [79]. However, this
does not solve the fundamental issue with 4 KiB page sizes, as
filesystems also issue I/Os in 4 KiB or larger units.
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Optimization: easier compression with out-of-place writes.
With out-of-place writes,managing variable-sized compressed pages
becomes far more straightforward. For each batch of pages, we com-
press individual pages, write the resulting compressed batch as a
large sequential I/O, and record their new offsets and compressed
sizes [109]. This avoids the challenges of in-place systems, making
compression far easier to implement.

Compression ratio determines write reduction. How much
DB WAF drops depends on data compressibility and the algo-
rithm. We load several datasets into LeanStore and compare com-
pressed vs. uncompressed sizes for TPC-C (1,000 warehouses),
YCSB-A (100 GB) [16], and real-world datasets. Using LZ4 [71]
and ZSTD [27], compression ratios (as % of original; lower is better)
range from 14% to 49%:

Comp. Ratio (%) ‘ TPC-C YCSB Email URL Wiki
LZ4 [71] 49.0 41.2 40.1 25.0 313
ZSTD [27] 36.5 34.4 27.4 14.5 17.8

These results confirm that most OLTP workloads will benefit from
compression, as it reduces write volume and storage footprint.
CPU overheads are negligible in most I/O-bound scenarios.
Compression adds CPU work. LZ4, for example, offers a good ra-
tio at high speed [53], needing roughly 2-3 cycles/byte to com-
press and 0.5-1 cycle/byte to decompress [71]. In most I/O-bound
or out-of-memory scenarios, the I/O savings dominate the CPU
cost [62]. As we will show in Section 7, compression often improves
overall performance, especially in OLTP settings.

3.2 Page Packing After 4 KiB Compression

Read is optimal with 4 KiB granularity and alignment. Read
latency strongly influences transaction latency [80]. To identify
the optimal read unit, we run an FIO microbenchmark [8] on four
enterprise SSDs: random reads from 512 B to 8 KiB in 512 B steps,
aligned to request size. Each test ran for 30 minutes, with a single
thread for latency (QD=1), and 32 threads (QD=64) for through-
put. Across all models, aligned 4 KiB requests achieved the lowest
latency and highest throughput:

Latency I0PS
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=z 120 < 2000
g 100 4
& 1000
2 w0 [“/\ ] oot o A
T AL S el ®ecoee®
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Smaller or misaligned requests, in contrast, incur additional internal
reads [36]. Hence, 4 KiB is the most efficient size and alignment
granularity for reading compressed pages.
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Read amplification can occur depending on the placement.
Using 4 KiB pages with per-page compression yields variable-sized
pages that, if poorly placed, can become misaligned on disk. Such
misalignment negates compression benefits by preserving write and
space costs while introducing read amplification: a single PID read
may trigger multiple physical reads [36]. For example, a 3,000 byte
compressed page that crosses a 4 KiB boundary requires two 4 KiB
reads, totaling ~ 2.73X its size (Figure 3a). Even with 512 B reads,
it still incurs =~ 1.19%x amplification (Figure 3b). This increases read
latency and eliminates the intended compression gains.
Optimization: 4 KiB-aligned page packing. To ensure each com-
pressed page is retrievable with a single 4 KiB read, we use page
packing: align each compressed page to a 4 KiB boundary. When
writing a batch (e.g., 64 pages), we compress each page and place it
into 4 KiB slots via a best-fit binpacking algorithm [9]. Compressed
pages never cross 4 KiB boundaries (Figure 3c). Compared to un-
aligned 4 KiB or 512 B reads, page packing lets each PID be fetched
with one 4 KiB access—cutting I/Os relative to unaligned 4 KiB
reads and remaining faster than 512-byte reads. In short, 4 KiB page
packing yields fast, predictable reads with minimal amplification
(with a small amount of bounded internal slack per page).

4 DEATHTIME-BASED GC

Out-of-place systems require garbage collection (GC). When a new
version of a page is written, the previous version becomes invalid;
stale data accumulates until capacity is exhausted. We first explain
how GC affects DB WAF, then introduce Grouping by Death Time
(GDT), which reduces WA for skewed workloads.

4.1 Database-Level Write Amplification and GC

GC overview. GC reclaims space occupied by stale pages, as illus-
trated in Figure 4. Storage is divided into zones, each containing
multiple pages (eight in the figure), defining the GC granularity.
When a new page is written, it is appended to a selected zone with
available space, and the mapping table is updated while the old ver-
sion is marked invalid. Over time, zones accumulate a mix of valid
and invalid pages. During GC, the garbage collector selects a victim
zone containing both valid and invalid pages (). In Figure 4, 6 of
8 pages are valid, giving a 75% valid ratio. To reclaim space, valid
pages not in memory are loaded (@), compacted (), and rewritten
(®). This copyback process reclaims space for two new writes (&)
but incurs WA, as six pages must be rewritten. Garbage-collecting
zones with more valid data therefore naturally yields higher WA.

GC valid ratio drives DB WAF. The GC copyback drives DB WAF,
as more pages are rewritten than originally requested. WAF depends
on the valid ratio of the victim zone in each GC cycle. In Figure 4,
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75% of the pages are valid, yielding a WAF of 1/(1 —0.75) = 4, since
75% of the data must be copied to free 25% of the space.

Skewed workloads require better GC. A common GC victim
selection (@ in Figure 4) is greedy; choosing the zone with the fewest
valid pages. This is optimal under uniform random workloads [35,
54]. However, real-world workloads are typically skewed [112],
making greedy GC suboptimal [35, 49], as skew colocates hot and
cold pages within zones, raising valid-page ratios and thus WA.
DBMSs know better. To improve GC under skew, prior work pro-
poses advanced GC and placement schemes—classifying data by
hotness [49], expected lifetime [15, 69, 107], or based on spatial and
temporal locality [42, 94, 116]. By grouping pages along these di-
mensions, these methods aim to reduce valid ratios in victim zones.
However, these techniques generally target SSD firmware or filesys-
tems, which lack visibility into upper-layer workloads [48, 76, 83],
limiting their ability to perform workload-aware GC. In contrast,
database systems possess richer workload and data semantics, mak-
ing them well positioned to exploit intelligent GC schemes [82].

4.2 Grouping Pages By Deathtime

We introduce Grouping by Death Time (GDT) [40, 54] into DB GC
to reduce DB WAF. GDT uses database semantics to estimate each
page’s deathtime (invalidation time). This classification guides place-
ment and GC, grouping pages that die together into the same zone
and thereby reducing WA during reclamation (®-@® in Figure 4).
Optimization: placing pages with similar deathtime per zone.
GDT packs pages with similar deathtimes into the same zone so they
are invalidated together. In Figure 5, eight pages with deathtimes 1,
2,4, 6, 35, 50, 60, and 74 are written at LSN 0. If placed randomly
(Figure 5a), zones mix short- and long-lived pages, yielding a 50%
valid ratio at LSN 10 when greedy GC triggers. With GDT (Fig-
ure 5b), pages are grouped by deathtime, so at LSN 10, victim zone 0
has no valid pages, eliminating WA for that cycle. Thus, aligning
placement with deathtime substantially reduces GC-induced WA.
Using write timestamps for deathtime estimation. To apply
GDT, the system must estimate each page’s deathtime before writ-
ing it to SSD. We extend each page header with a write times-
tamp, updated whenever the page is persisted [105], and main-
tain a write history (WH) of the last n timestamps (e.g., 4). GC
writes do not update WH. We estimate the next write time as:
EDT = current_Isn + %, extrapolating recent write inter-
vals to predict when the page will next be overwritten. For initial
writes, pages are grouped by B-tree index ID to colocate pages with
similar access patterns [82].

GDT-based placement strategy. When a batch of pages is written
upon eviction, GDT first computes each page’s EDT. Pages are then
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grouped and page-packed so that each group contains pages with
similar deathtimes. For each group, the strategy selects the zone
whose existing pages have the closest average EDT; if no such zone
is active, a new zone is opened. This concentrates pages with similar
deathtimes into the same zone.

GDT-based GC. GDT placement is effective only when paired
with GDT-aware GC; otherwise, GC writes and normal writes may
intermix. GC greedily selects victim zones until their cumulative
invalid pages free the space of one zone. All valid pages in these
victims are loaded, sorted in descending EDT, grouped and packed,
and written to an open zone with a matching EDT when possible;
otherwise, they remain in their original zone. Pages that are never
rewritten (e.g., read-only pages) are assigned the maximum EDT
to be treated as the coldest data. This replacement during GC also
compensates for initial EDT mispredictions.

Reassigning EDT ranges after GC. After each GC cycle, zones
may be full, partially full, or empty. Empty and partially full zones
are made available for normal writes. The newly emptied zone
is assigned the minimum EDT range, drawing short-lived pages;
partially full zones naturally attract warm pages; and full zones
retain the coldest pages. This preserves aligned invalidation times
within each zone, even after going through GC cycles.

5 MINIMIZING SSD-LEVEL WAF

SSDs also perform out-of-place writes. As discussed in Section 2,
SSDs inherently use out-of-place writes and thus incur internal
WA. Along with the host write patterns, SSD WAF is shaped by
the device’s internal architecture and algorithms [65, 66]. Although
SSD WAF is critical for performance and lifespan, it remains difficult
to mitigate because SSDs operate as black boxes, exposing neither
their internal behavior nor physical layout [35]. Moreover, SSDs
lack visibility into the workloads running above them.

Different SSD interfaces for minimizing SSD WA. To bridge the
knowledge gap between the host and SSD, recent work has explored
more communicative SSD interfaces [65]. Zoned Namespace (ZNS)
gives the host control over physical layout under certain write
constraints, eliminating internal WA [72]. Flexible Data Placement
(FDP) allows the host to pass workload hints that the SSD can use
to reduce internal WA [117]. While both interfaces are promising,
their benefits depend on hardware support and proper integration
with host-level management.

Minimizing SSD WA regardless of SSD interfaces. We first
show how our out-of-place write design naturally supports ZNS
SSDs (Section 5.1). When ZNS is unavailable and SSD-internal
GC remains, we align DBMS and SSD GC units (Section 5.3) and
introduce the NoWA write pattern, which eliminates GC-induced
WA even on commodity SSDs (Section 5.4). Finally, for FDP-enabled
SSDs, we show how FDP placement hints can substitute for the
NoWA pattern (Section 5.5).

5.1 Supporting Zoned Namespace SSDs

SSD WAF = 1 with ZNS. A key benefit of ZNS SSDs is that they
eliminate internal WA, making total WAF (DB WAF x SSD WAF)
effectively equal to the DB WAF, as GC occurs only at the DB
level. To guarantee SSD WAF of 1, ZNS enforces sequential writes



within each zone and shifts GC responsibility to the host. This fits
naturally with our design that already uses a translation layer and
out-of-place writes with its own GC [12]. With full workload knowl-
edge, GDT-based GC combined with ZNS can perform GC more
effectively than in-place systems on commodity SSDs (Figure 2b).
ZNS provides more space and reduces DB WA. ZNS SSDs expose
more usable capacity because they require no internal GC and
therefore no OP space [12]. Commodity SSDs typically reserve
7-28% of capacity for OP [73], whereas ZNS returns this space to
the host [113]. This extra capacity reduces DB WA: from the DB
GC’s perspective, it acts as additional OP space, allowing GC to be
delayed until more pages become invalid. When GC finally runs,
zones have lower valid ratios, directly reducing DB WA [21].
Optimization: compatibility with ZNS. To align our layout with
ZNS, we set the database zone size (GC unit) to the ZNS zone size.
Each zone maintains minimal metadata, including a write pointer
and its state (empty, open, full). Writes are issued using zone-append
commands to zone IDs. To reuse a full zone after GC copyback, the
host issues a zone reset [12]. Overall, our design integrates cleanly
with ZNS and remains straightforward to implement.

5.2 Why WA Persists on Commodity SSDs

Standard SSDs can exhibit high WAF. When standard SSDs are
used instead of ZNS, the same write pattern can incur high SSD WAF
due to internal GC. Although SSD-level WAF reduction has been
widely studied, our prior work shows that modern enterprise SSDs
still exhibit high WAF even under simple skewed workloads [35].
Thus, even when DB WAF is reduced with our prior optimizations,
excessive SSD WAF can negate overall gains.

SSD WAF is shaped by DB GC behavior. For a fixed device, the
dominant factor influencing SSD WAF is the write pattern generated
by the DBMS [83]. In our setting, DB GC shapes this pattern in
three ways. First, GC trigger points determine the SSD’s effective OP
space: higher fill factors leave less OP space and increase SSD WAF.
Second, DB GC granularity affects whether pages from the same
zone remain colocated on SSD blocks. Third, victim-zone selection
determines which zones are rewritten together, influencing internal
write clustering. Together, these choices define the write stream
the SSD receives and thus directly affect SSD WAF.

DBMSs have more control than SSDs to mitigate SSD WAF.
Although the write pattern is explicit at the DBMS layer, SSDs have
no visibility into it [55], making SSD-side mitigation difficult. Prior
work attempts to infer workload characteristics inside the SSD [49,
54, 55], but such inference is costly and inherently imperfect. We
take the opposite approach: the DBMS, which has full workload
knowledge [10], guides writes to reduce SSD WAF directly. By
understanding SSD placement and GC behavior, the DBMS can
proactively structure writes to avoid GC-induced amplification.

5.3 Aligning DB and SSD GC Granularity

A key insight available to the DBMS is that writes to the same zone
share similar deathtimes. This section explains why aligning DB
and SSD GC granularity is the first step toward reducing SSD WAF
using this insight. We then show how the upper bound of SSD GC
granularity can be inferred from ZNS-like patterns. When an SSD
features FDP, the Reclaim Unit size directly provides this value.
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Background: placement and GC granularity of SSDs. A su-
perblock is the SSD’s primary append unit, formed by grouping
erase blocks across planes and dies to exploit internal parallelism.
When a stream of page writes arrives, the SSD controller appends
them to the active superblock and maps Logical Block Addresses
(LBAs) to Physical Block Addresses (PBAs) after persistence. Once
the superblock fills, the SSD switches to a new one. As the device
fills and free space becomes scarce, GC reclaims space at a vendor-
specific granularity, which may range from a single erase block to
an entire superblock [66, 117].

Estimating physical placement inside SSDs: simple case. To
reason about physical placement, we use a simplified example
that reflects general SSD behavior. Suppose the SSD has seven
superblocks, each holding four SSD pages (4 KiB), with three re-
served as OP space, as shown in Figure 6. The DBMS runs on top
of the SSD, and DB GC is invoked when SSD capacity is nearly
exhausted (four zones) and stops after reclaiming a target amount
of space. An SSD page here refers to a 4 KiB LBA offset. SSD pages
belonging to the same DB zone share the same label. For example, if
zone A spans LBAs 0-16 KiB, its first four SSD pages are labeled A.
An active zone is a zone currently receiving appends, and multiple
active zones form an active group. A new zone becomes active only
after all zones in the current group are fully written. Thus, the
number of zones the DBMS appends simultaneously determines
the number of active zones and the size of the active group.
Writes from the same zone share the same deathtime. Figure 6
illustrates the case where only one zone is active and the zone size
matches the superblock size. When zone A is appended (active
group @), its four writes (i.e., A pages) are placed together in the
first superblock. Later, when DB GC rewrites zone A (active group
®), the new A’ pages are written to the fifth superblock, invalidating
all old A pages in the first superblock and leaving it fully invalidated.
DB GC granularity controls deathtime clustering. However, if
the zone size is smaller than the superblock size, the first superblock
does not become fully invalid. In Figure 7, the zone size is half a
superblock. Even if the same active group is used as in Figure 6,
SSD pages from zones A and B are interleaved within a superblock,
mixing pages with different deathtimes [115]. When DB GC rewrites
zone A (@), only half of the superblock’s pages are invalidated.
Aligning GC unit size to place writes with the same deathtime.
These examples reveal two insights: (1) a write stream whose size
matches the superblock is internally placed and GCed together, and
(2) writes from a single zone form such a stream only when the DB



and SSD GC units are aligned. Thus, the SSD’s GC unit size deter-
mines the largest region whose pages can share the same deathtime
and yield empty superblocks. From the DBMS’s perspective, this
maximum size can be used directly as the zone size.
Optimization: using RU size (FDP-enabled SSDs). Standard
SSDs usually do not expose the SSD GC granularity. Fortunately,
FDP explicitly exposes the SSD’s Reclaim Unit (RU), the smallest
granularity at which SSD GC operates [117]. With this information,
we can set the database’s zone size to match the RU size, ensuring
that writes are aligned to the SSD’s internal GC boundaries.
Optimization: using inferred GC unit size (standard SSDs).
For SSDs without FDP, we approximate the upper bound of the
SSD’s GC unit size using a ZNS-like write pattern. With a single
active zone, SSD WAF converges to 1 once the zone size meets
or exceeds the internal append unit (Figure 6). Thus, by gradually
increasing the zone size and observing when WAF first reaches 1,
we estimate this upper bound.
Inferring the GC unit size with a ZNS-like pattern. We validate
this approach on six enterprise SSDs, including two FDP-enabled
devices, by varying the database zone size:

Micron 7450 PRO @ Solidigm D7P5520 ® Samsung PM9A3

o Kioxia CM7R @ FDP SSD A ® FDP SSD B
2.5
w
20 RU size
9) 15 RU size
%)
1.0
1G 2G 4G 8G 16G 32G 64G 128G

Zone Size (DB GC Granularity)

On FDP-enabled SSD A, WAF drops to 1 at a 16 GB zone size, con-
sistent with its 8,496 MB RU size lying between 8 and 16 GB. The
same holds for FDP-enabled SSD B, whose RU size is slightly above
16 GB. Across the other four enterprise SSDs, the inferred GC unit
size typically falls between 4 GB and 8 GB. Thus, the zone size at
which WAF reaches 1 provides a practical upper bound on SSD GC
granularity. Although approximate, this bound is sufficient to avoid
mixing DB writes with different deathtimes. For SSDs without OCP
commands or FDP support, we recommend using a 32 GB zone size
as a safe upper bound. Alternatively, one can indirectly estimate
SSD WAF by checking whether throughput drops [35].

54 NoWA: SSD WAF=1 on Commodity SSDs

With a single active zone, achieving SSD WAF = 1 is straightfor-
ward (Figure 6). With multithreading, however, multiple zones are
appended simultaneously, which complicates the problem. In this
section, we explain how WA arises from multiplexing and frequency
imbalance among zones within the same active group [83]. We
then introduce the NoWA write pattern, which prevents SSD-GC-
induced WA and thereby guarantees SSD WAF = 1 on commodity
SSDs. For FDP-enabled SSDs, multiplexing can be avoided without
NoWA; we discuss this in the next section.

Multiplexing occurs with multiple open zones. When multiple
zones are appended concurrently, their write streams interleave
across different superblocks [89]. For example, if the DBMS writes
to zones A and C at the same time (active group G1(A, C) in Fig-
ure 8), writes from both zones become mixed, scattering their data
across two superblocks. This multiplexing effect [83] arises because
standard SSDs cannot distinguish writes from zones A and C.
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Frequency imbalance in an active group incurs WA. Multi-
plexing causes WA when zones in the same active group are inval-
idated at different rates. In Figure 8, selecting zones A and B for
DB GC (active group G3(A’, B’)) produces four partially invalidated
superblocks that the SSD GC must later rewrite. If, however, all
zones in the active group are invalidated uniformly, the SSD can
still produce superblocks with a 0% valid-page ratio even under
multiplexing. For example, choosing G(A’, C’) in Figure 9 fully in-
validates two superblocks. Thus, balanced invalidation within an
active group eliminates SSD WA even when writes are multiplexed
across zones.

Optimization: NoWA pattern guarantees SSD WAF of 1. The
NoWA pattern eliminates SSD-GC-induced WA by ensuring that the
SSD always has at least one fully invalidated superblock available
when it reaches its minimum free—superblock threshold. NoWA
achieves this by estimating how pages are multiplexed within the
SSD’s physical layout and enforcing two rules: (1) defer opening
new zones until all currently open zones are completely written,
and (2) detect and correct write-frequency imbalances among con-
currently appended zones. By selecting DB-GC victim zones in
accordance with these principles, NoWA guarantees the existence
of an empty superblock before SSD GC is triggered. In effect, this
write pattern preempts SSD-level GC.

NoWA properties. The key idea behind NoWA is to eliminate fre-
quency imbalance before SSD GC is triggered. As shown in Figure 8,
if a new active group (e.g., G3(A’, B’)) creates uneven invalidation
in earlier groups (e.g., A:2 vs. C:1 in G1), the DBMS issues a com-
pensation write for the underrepresented zone (e.g., CW(C)), as
illustrated in Figure 10. This compensation must occur before the
SSD reaches its minimum free—space threshold, which can be es-
timated using SSD-iq [35]. The compensation write recompacts
the scattered pages of zone C into a single superblock, invalidating
their older versions and effectively producing two fully invalidated
superblocks. Thus, NoWA proactively restores balance whenever
imbalance occurs, ensuring that subsequent SSD GC cycles operate
on fully invalidated superblocks.

Compensation writes are not entirely redundant. Compensa-
tion writes shift a small portion of WA from the SSD to DBMS-level
GC. Although they increase DB WAF slightly, the overhead is mod-
est because the DBMS controls zone selection. Before selecting a
victim zone, GC can check whether issuing a compensation write
would raise valid-page ratios in later rounds; if so, it simply chooses
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another zone. Overall, this small increase in DB WAF is far out-
weighed by the reduction in SSD WAF (e.g., from 2.3 for in-place to
1 with out-of-place LeanStore using NoWA; see Figure 1).
Flexible zone sizing with NoWA. NoWA also allows flexible
configuration of DB zone size by adjusting the maximum number of
concurrently open zones. NoWA holds as long as max open zones X
zone size equals or is a multiple of the inferred SSD GC unit. For
example, on FDP-enabled SSD A, 16 active zones of 513 MB each, or
8 zones of 1,026 MB, satisfy this requirement. This flexibility enables
smaller zones to reduce GC-induced tail latency while preserving
NoWA’s guarantee of SSD WAF = 1.

NoWA is worthwhile, even if it is imperfect. NoWA may not
always completely eliminate SSD WA, since SSDs may reorder or
relocate data depending on scheduling, load, flash chip state, open-
superblock limits, or wear-leveling [66]. However, it still provides
substantial practical benefit: even partial mitigation of page mixing
reduces WA. Nevertheless, NoWA achieves SSD WAF = 1 on six
enterprise SSDs from diverse vendors and capacities (Figure 14).

5.5 Using FDP Placement Hints

FDP exposes RU handles for host-side placement hints. When
an SSD supports FDP, the NoWA pattern becomes unnecessary to
achieve an SSD WAF of 1. In addition to the RU size, FDP-enabled
SSDs expose Reclaim Unit Handles (RUHs), each managing a disjoint
set of RUs [76]. The number of RUHs determines how many inde-
pendent write streams the SSD can maintain without multiplexing.
The host can leverage this by providing placement hints when issu-
ing writes, preventing pages with different deathtimes from being
mixed internally [97]. In our design, this directly corresponds to
the maximum number of active zones.

Optimization: using FDP to avoid multiplexing. FDP placement
hints are straightforward to use in our design. We assign each zone
a placement ID (PIID) modulo the number of RUHs and persist this
mapping per zone. For example, with four RUHs (PIIDs 0-3), zones
A-D map to PlIDs 0-3, so writes to zone A always use PIID 0. Under
the write pattern shown in Figure 8, writes to different zones are
directed to different RUHs, preventing interleaving between zones
such as A and C (Figure 11). With the internal SSD information
exposed by FDP, an SSD WAF of 1 is achievable as long as the zone
size equals the RU size and the number of open zones does not
exceed the RUH count (as shown in Table 3).

1476

@ Estimate PID’s death time
P P P

Buffer Manager
P

/ 10 Interface GCwrite} Space Manager Garbage Collector I
Compress PIDs
® D Wl PID20ffset Offset2PIDs ~ StorageSpace aysnc
empty active full GC
eGroup them by EDT and Q
page pack PIDs per group
group 1 group 2 ActiveGroupHistory : : :
3 BDNE G "]

@ select a zone per group

If there is free or active zone available,
@ Return zone ID with closest deathtime ,
@ Otherwise, select zone from the full list to GC
- Select victim zones depending on
frequency imbalance among active groups

group 1: Z0
*r+ GC valid PIDs

gruup 2:219

3

e Issue writes per group

\

719 SSD |

Figure 12: Overview of the write path with all optimizations

6 IMPLEMENTATION

From in-place to out-of-place writes. To evaluate our techniques,
we extend LeanStore [63], a B-tree system that originally performs
in-place writes. We integrate vimcache [64] as the buffer pool to
support 1:N PID-offset mappings, enabling out-of-place writes. The
resulting prototype, Z (Zoned) LeanStore, shows that our optimiza-
tions apply to an arbitrary page-based system. We first outline the
write path to illustrate how the optimizations work together. We
then describe necessary extensions to other components [31, 108]
to implement our techniques without compromising durability.

6.1 Design Overview

How the main components support optimizations. We modify
four DBMS components: the buffer manager, I/O interface, space
manager, and garbage collector. The buffer manager computes each
page’s EDT using write timestamps stored in the page header. The
/0 interface performs compression, page packing, and selects the
backend based on the SSD type (e.g., ZNS or FDP). Storage space is
partitioned into zones, sized according to the inferred SSD GC unit.
The space manager maintains PID-offset and reverse mappings,
tracks zone metadata, and selects zones for placement based on
GDT. The GC reclaims space in both foreground and background,
choosing victims based on GDT while preserving the NoWA pattern.
Write path. Write requests follow the path illustrated in Figure 12.
Suppose a batch of PIDs must be flushed upon eviction. First, each
PID’s EDT is computed from previous write LSNs stored in the page
header. The PID, its contents, and its EDT are passed to the I/O
interface (@), which compresses pages (®) and groups PIDs with
similar EDTs (). The space manager then assigns a target zone
for each group (@): if active zones exist, the one whose average
EDT is closest is chosen ((D); otherwise, a new zone is opened
from the empty or full list, respecting the active-zone limit. If a
zone is full, GC is triggered ((2)). During GC, valid pages not in
the buffer pool are read in and rewritten following the same write
path (@-®). When multiple zones are reclaimed, valid PIDs are
sorted by descending EDT and written into zones with the highest
invalidation counts, placing the coldest pages into the coldest zones.
After GC completes, the originally requested write proceeds (®).



6.2 Implementation Details

Sharing the buffer pool as a cache for GC. The GC shares the
buffer pool with worker threads to perform GC I/Os, avoiding mem-
ory partitioning and allowing full utilization when GC is inactive.
This reduces disk reads during GC as some valid PIDs may already
be in memory. Although GC may harm the hit ratio, it often acts
as a prefetcher, as GDT-based GC tends to load PIDs that will be
accessed soon, thus reducing its negative impact.

Securing clean buffer frames for GC reads. A full buffer pool
can create contention between eviction and GC, as both require
frames. To avoid eviction writes during GC, only clean frames may
be reused for GC reads. Thus, the system maintains a reserve of
clean pages, integrated with fuzzy checkpointing [38]. If the reserve
falls below the threshold, the checkpointer flushes pages during non-
GC phases. In practice, this mechanism is rarely invoked because
checkpointing already keeps enough clean frames available.

I/O buffer for compression and page packing. The I/O interface
uses a per-thread buffer to issue I/O requests. PIDs are compressed
with LZ4 [71], grouped by GDT, page-packed, and issued as an I/O
request. For reads, a 4 KiB-aligned buffer fetches the data; after
decompression, the requested PID is inserted into the buffer pool.
Space metadata. The space manager maintains three types of meta-
data and updates them whenever a write occurs. First, PID20ffset-
Table maps each PID to its on-disk offset and compressed size. Sec-
ond, StorageSpace provides the reverse mapping. It tracks which
PIDs occupy each 4 KiB offset and stores zone metadata such as fill
factor, page and zone invalidation counts, average EDT, and state.
Finally, to implement the NoWA pattern, ActiveGroupHistory
records the active group each time a new set of zones is opened.
Supporting various GC strategies. The garbage collector acti-
vates whenever active zones nearly run out of free device space.
Depending on the enabled configuration, it runs victim selection
strategies such as greedy, GDT-based GC, and/or NoWA-aware GC.
Thus, the user can run GC that fits the workload characteristics.
Compatibility with ZNS SSDs and FDP. The I/O layer detects the
device type and selects the appropriate backend via ioctl. Standard
SSDs use an io_uring-based backend. For ZNS SSDs, writes use
zone-append operations, zones are reset after GC, and the system
tracks the device’s limit on open zones. For FDP-enabled SSDs, we
query the RU size and number of RU handles, set the maximum
number of active zones accordingly, and apply placement hints by
mapping zone IDs modulo the number of handles.

Logging and recovery. We use per-thread logs with continu-
ous checkpointing [38]. To ensure recoverability, the system logs
PID20ffset updates. We enforce write-ahead rules: page data is
persisted before its mapping update is committed. Each checkpoint
persists snapshots of the PID20ffsetTable and the ActiveGroup-
History. Recovery is performed by first locating the checkpoint
LSN, reloading these snapshots, and replaying subsequent WAL en-
tries; this naturally also reconstructs metadata. Finally, the Storage-
Spacelayout is rebuilt from the final PID20ffsetTable.

7 EVALUATION

Our evaluation shows that the proposed out-of-place optimizations
substantially reduce total WAF while improving throughput and
SSD lifespan across various devices (with larger gains on ZNS or
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FDP), dataset sizes, and benchmarks. We focus primarily on write-
related metrics, as minimizing flash writes is our main goal.

7.1 Setup and Methodology

Hardware setup. We evaluate on eight enterprise SSDs from five
vendors. Experiments run on two servers: one with 360 GB DRAM
and a 96-core AMD EPYC 9654P, and another with 500 GB DRAM
and a 64-core Intel Xeon Gold 6342, both running Ubuntu 24.04 LTS.
The first is used for general tests with 64 worker threads; the second
for FDP-enabled SSDs with 32 worker threads.

OLTP benchmarks and DBMS configuration. We use two OLTP
benchmarks. YCSB-A [16] (50% reads, 50% updates on a fixed-size
dataset) is used for performance analysis, and TPC-C is used to
assess generality and behavior under growing workloads. Both
benchmarks target write-intensive OLTP scenarios that become
I/O-bound once the dataset exceeds memory. To reflect realistic
OLTP deployments, we set the buffer pool to 5-20% of the dataset to
cache the effective working set [32, 33, 58]. The WAL size matches
the buffer pool unless stated otherwise.

Evaluation method. Before each run, we issue blkdiscard to
reset SSD mapping state. Benchmarks run until cumulative writes
reach at least 4x the device capacity to ensure steady state [35]. We
report average throughput, DB WAF, SSD WAF, buffer hit ratio, and
CPU/memory usage over the final hour, after configurations have
issued comparable writes. DB WAF is total DB-issued writes divided
by eviction or checkpoint writes, and SSD WAF is total physical
writes (via OCP [99], when supported) divided by DB-issued writes.

7.2 Main Performance Result

To analyze the impact of each optimization on total WAF, we run
YCSB-A (skew = 0.8) across five dataset sizes on a Samsung PM9A3
SSD (894 GB), incrementally enabling our optimizations. Before
introducing GDT, random placement and greedy GC are used. When
out-of-place writes are enabled, up to 16 open zones are allowed.
The zone size is set to 250 MB prior to aligning the GC unit and to
512 MB afterward, following the configuration inferred from the
ZNS-like workload in Section 5.3 (16 X 512 MiB = 8 GB in total).
Total WAF. As shown in Figure 13a, each optimization reduces
total WAF across all dataset sizes. The 160 GB dataset sees a 4.4x
reduction (2.33—0.53), while the 800 GB dataset reaches a 7.8x
reduction (4.72—0.60) with all optimizations enabled. Compression
contributes the largest improvement by sharply lowering DB WAF.
The NoWA pattern provides the second-largest reduction, with its
benefits increasing for larger datasets.

Write drilldown (with compression). Figure 13b breaks down
writes for the 800 GB dataset into user, DWB, DB GC, and SSD GC
writes. In the in-place baseline, DWB dominates, accounting for half
of all DB-issued writes. Switching to out-of-place writes removes
DWB but makes DB GC the primary overhead, even increasing
total WAF by 1.66x. Compression with GDT reduces DB GC writes,
though SSD GC remains. Finally, the NoWA pattern together with
aligned GC units eliminates SSD GC entirely, leaving user writes
dominant and driving total WAF near the compression ratio.
Write drilldown (without compression). Compression shrinks
the 800 GB dataset to 418 GB, expanding OP space to 53% of the SSD
and reducing the GC valid ratio from 75% to 14% (Figure 13b). This
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Figure 13: Total WAF on different dataset sizes and write drilldown with 800 GB dataset (YCSB-A zipf 0 = 0.8, Samsung PM9A3)

Table 1: Performance drilldown per proposed optimization
(YCSB-A zipf 0 = 0.8, DB size: 800 GB, Samsung PM9A3)

Version OPS DB SSD Logical W. Physical W.  Hit

(K) WAF WAF (Byte/op.) (Byte/op.) Ratio
in-place 229 2.00 2.36 1,858 4,378 0.932
— out-of-place 230 4.06 1.94 3,745 7,274 0.918
+ comp. + pagepack| 380 0.62 1.95 566 566 0.929
+ GDT 458 0.59 1.96 566 1,110 0.931
+ NoWA 510 0.60 1.07 567 606 0.931
+ aligning GC Unit | 535 0.60 1.00 567 567 0.931
— comp. 328 3.58 1.00 3,364 3,364 0.927

lowers DB WAF and masks other effects, so we omit compression
and page packing to isolate the remaining techniques in order of
application. As shown in Figure 13c, out-of-place writes with all
optimizations improve total WAF by 31% over in-place and 2.18x
over naive out-of-place. GDT reduces DB WAF from 4.02 to 3.36,
while NoWA increases it to 3.58 due to compensation writes; the
resulting drop in SSD WAF outweighs this increase. GDT mitigates
DB WAF, while SSD-side optimizations (NoWA and aligning the
GC unit) become more impactful without compression. Figure 15
shows that total WAF improves by at least 2x for smaller datasets.
Compression remains highly beneficial. Although the other
optimizations are effective, compression remains highly beneficial
and complements them well. Compression provides additional OP
space for DB GC, lowering valid ratios by widening the invalidation
window [35]. It also improves deathtime estimation by allowing
more writes before GC triggers, giving a larger timestamp window.
Together, these effects reduce DB WAF during GC. Compression
also reduces space amplification and often improves throughput,
making it a recommended choice when datasets are compressible.

7.3 Performance Drilldown

To examine how optimizations affect other metrics, Table 1 sum-
marizes the 800 GB experiments in Figure 13.
Throughput. Applying all optimizations reduces total WAF and
raises throughput from 229K OPS (in-place writes) to 535K. Fewer
logical writes reduce time spent waiting for I/O [57, 106], and lower
SSD WAF shortens I/O latency [35], further improving throughput.
Compression with page packing adds further gains by reducing
read traffic per operation.
DB WATPF. For in-place, DB WAF is 2.00 due to double-write buffer-
ing. Out-of-place writes remove this cost, but with the dataset
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occupying 90% of SSD capacity and greedy DB GC, DB WAF rises
to 4.06. Compression lowers DB WAF to 0.62 by both giving DB
GC additional OP space and reducing the user write volume itself.
GDT-based placement reduces it further to 0.59 by leveraging skew
at GC time. The NoWA pattern slightly increases DB WAF to 0.60
due to compensation writes, but, as shown next, the reduction in
SSD WAF outweighs this cost.

SSD WAF. In-place writes exhibit SSD WAF = 2.36, a value that
varies across models (see Section 7.4). Switching to append-per-
zone out-of-place writes reduces this to 1.94, likely because the
large sequential write pattern aligns better with SSD internals [77].
The NoWA pattern further reduces SSD WAF to 1.07. While the
effect of applying NoWA or GC-unit alignment alone varies by
runtime, device model, and workload skew, applying both together
consistently eliminates SSD WA, achieving WAF 1.0.

Logical & physical writes per operation. Columns 5-6 of Table 1
show logical (DB-issued) and physical (SSD-internal) bytes written
per operation. With all optimizations, logical writes drop by 3.27x
mainly due to compression; without compression they increase to
1.81x. Physical writes consistently decrease as SSD WAF approaches
1, eventually converging to logical writes. Overall, the techniques
substantially reduce physically executed writes.

Buffer hit ratio. GC I/O can reduce buffer hit ratios because GC
reads may evict cached pages. The largest drop occurs when switch-
ing from in-place to out-of-place writes (93.2%—91.8%). Compres-
sion improves the valid ratio and restores the hit ratio to 92.9%;
GDT increases it slightly to 93.1%, since pages read during GC are
more likely to be accessed soon (effectively acting as prefetching).
Overall, the optimizations have minimal impact on hit ratio.

CPU overhead. In-place writes use 5% CPU, while out-of-place
writes with all optimizations use 8.3%. Most overhead comes from
securing buffer frames for GC reads. Since in-place writes already
waste 8% CPU waiting for synchronous DWB, this extra usage is
largely hidden. Future work will reduce overhead by improving
hash-table scans when locating clean frames.

Memory usage. We kept the buffer pool size the same across in-
place and out-of-place versions to match user writes per operation.
The out-of-place schemes require extra metadata (Section 6), which
is kept in memory, amounting to up to 10.9 GB in the worst case
when the device is fully utilized. This bound varies with system
configuration, such as compression ratio and zone size. If memory
is constrained, the system can keep only active metadata and spill
the rest to disk, which we leave to future work.
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Figure 14: WAF comparison across different SSD models
(YCSB-A zipf 0 = 0.8, SSD space 90% full)

Table 2: Throughput comparison on CNS and ZNS SSDs
(YCSB-A zipf 6 = 0.8; capacities: CNS = 894 GB, ZNS = 951 GB)

Configuration Used Logical DB | OPS

SSD Size (GB) | (K)

in-place vs in-place CNS 800 | 156.8
out-of- lac;e oop + all opt. CNS 800 | 322.2
p oop + comp. + GDT ZNS 800 | 330.3

oop + all opt. CNS 1,500 | 250.7

lfrlgtfrv];BZsl\iISe oop + comp. + GDT ZNS 1,500 | 328.9
oop + comp. + GDT ZNS 1,596 | 277.5

7.4 Results Across Various Commodity SSDs

Different commodity SSDs. To validate our optimizations across
SSD models, we repeat the experiment on five additional enterprise
SSDs, scaling datasets to 90% of each device’s capacity (YCSB-A, zipf
0=0.8, 80 GB buffer pool). Figure 14 reports DB, SSD, and total WAF.
Out-of-place writes consistently reduce total WAF over in-place,
with improvements ranging from 6.2x (Solidigm D7-P5520) to 9.76x
(Kioxia CM7-R), demonstrating robustness across models, vendors,
and capacities. Larger SSDs exhibit lower DB WAF due to having
more OP space (e.g., 7.2 TB — 752 GB vs. 894 GB — 94 GB). SSD
WAF under out-of-place remains near the optimal value of 1 for
all devices except the Solidigm D7-P5520 (1.12), which inherently
shows slightly higher WAF even on sequential workloads [35]. In
contrast, SSD WAF under in-place ranges from 1.93 to 2.68. Overall,
the optimizations reliably minimize SSD WAF across devices.

7.5 ZNS and FDP

Out-of-place writes benefit CNS, but even more so on ZNS.
ZNS SSDs offer two key advantages over standard SSDs: (1) they
naturally maintain SSD WAF = 1 without requiring NoWA, and (2)
they expose more usable capacity because no internal OP is needed.
To evaluate these advantages, we run YCSB-A (zipf 6 = 0.8) on a
951 GB ZNS SSD and an 894 GB CNS SSD with identical firmware.
Since CNS cannot report physical writes (no OCP support), we
compare throughput instead. With an 800 GB dataset (first group
in Table 2), CNS with out-of-place writes doubles the throughput of
in-place writes, and ZNS further improves throughput—2.1x over
CNS in-place and 1.03x over CNS out-of-place.

ZNS vs. CNS with the same dataset size. To isolate the benefit of
increased usable capacity on ZNS, we evaluate both devices with a
1,500 GB dataset (second group in Table 2). CNS in-place is omitted
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Table 3: Effect of FDP on WAFs and throughput (YCSB-A zipf
0=0.8, 1.6 TB dataset, FDP SSD A)

Configuration FDP DB SSD Total OPS

Enabled? | WAF WAF WAF (K)
in-place disabled 200 198 396 437
oop + all opt. disabled 0.57 1.00  0.57 541
oop + all opt. - NoWA enabled 0.54 1.00 0.54 553
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Figure 15: Total WAF while varying dataset size (YCSB-A zipf
0 = 0.8, Samsung PM9A3)

since the dataset exceeds its usable capacity. ZNS outperforms
CNS by 31%, primarily due to lower DB WAF: the additional space
reduces the valid ratio during DB GC and avoids NoWA-induced
compensation writes.

ZNS vs. CNS at the same fill factor. We also compare the devices
at the same relative fill. Since 1,500 GB on an 894 GB CNS matches
the fill factor of 1,596 GB on a 951 GB ZNS, we evaluate these
configurations (final row in Table 2). Here, ZNS outperforms CNS by
only ~10%, much smaller than the previous 31% gain. This indicates
that most of the benefit stems from ZNS’s larger usable capacity,
while removing NoWA overhead yields a smaller incremental gain.
SSD WAF = 1 with NoWA vs. FDP. To isolate the effect of FDP, we
evaluate three configurations: (1) in-place writes; (2) out-of-place
writes with all optimizations, using NoWA to ensure SSD WAF =
1; and (3) out-of-place writes with all optimizations except NoWA,
using FDP placement hints to ensure SSD WAF = 1 instead. Table 3
reports DB WAF, SSD WAF, total WAF, and throughput for these
configurations on YCSB-A (zipf 6 = 0.8) using a 1.6 TB dataset.
Both out-of-place configurations achieve SSD WAF = 1, whereas
in-place writes show SSD WAF = 1.98. Without FDP, sustaining SSD
WAF = 1 requires the NoWA pattern, whose compensation writes
raise DB WAF to 0.57. With FDP enabled, placement hints prevent
multiplexing directly and further reduce DB WAF to 0.54. As a result,
total WAF decreases and throughput improves correspondingly.

7.6 Effects of Workload Variation

Varying dataset size. We run YCSB-A (zipfian 6 = 0.8) with dataset
sizes from 160 GB to 800 GB, setting the buffer pool to 10% of each
dataset. Figure 15 reports total WAF for in-place writes, out-of-
place writes with all optimizations, and out-of-place writes without
compression. With in-place writes, total WAF increases from 2.33
(160 GB) to 4.72 (800 GB), whereas out-of-place writes with all
optimizations remain low (0.53-0.60). Without compression, WAF
rises from 1.08 to 3.58 but still stays well below in-place writes. The
benefits of our optimizations become more pronounced as datasets
grow: in-place writes incur rising SSD WAF, while out-of-place
writes maintain SSD WAF = 1. Overall, our approach reduces both
SSD and DB amplification, even without compression.
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Evaluating with TPC-C. Beyond YCSB-A, we run TPC-C [102],
whose dataset grows as new orders arrive (unlike YCSB-A’s fixed
size). We load 15,000 warehouses on FDP SSD A and run two-hour
tests with in-place writes and with optimized out-of-place writes.
Figure 16 plots cumulative flash writes versus transactions. In the
same runtime, the optimized out-of-place configuration completes
2.45X more new-order transactions; for the same transaction count,
in-place writes incur 7.2X more flash writes. These results show
our approach remains effective under a different workload.

8 RELATED WORK

Different ways to perform out-of-place writes. Out-of-place
writes appear in several forms. WiredTiger [109] stores each ta-
ble in a cyclic file and rewrites valid pages to the file head during
compaction. LSM engines [26, 30, 100] also write out-of-place, re-
claiming space only when compaction is triggered, making GC
timing and reclaimed space hard to control. In contrast, ZLeanStore
reclaims space proactively at zone granularity [1, 13, 44, 52, 60, 91],
independent of other DBMS components [70]. Doing so at the
DBMS layer allows GC to account for both DB- and SSD-level WA.
Optimizing data structures to reduce DB WA. A substantial
amount of work has reduced WA by optimizing index structures.
B-tree-based storage engines such as WO-B-tree [31], Bf-tree [37],
and B-epsilon tree [11] buffer updates and apply them in batches to
reduce index-induced WA. LSM-tree engines were introduced to ad-
dress this, and various works attempt to optimize it further [18, 19,
22, 26, 30, 51, 68, 88, 92, 104]. These approaches are orthogonal to
ours: they reduce WA at the index level, whereas our techniques re-
duce DB WA at the page level without changing the index structure.
Thus, they can be complementary when applied together.
Reducing WA by mitigating space amplification. Write volume
can be reduced by lowering overall storage consumption. Tech-
niques such as XMerge [3] and B-tree node compaction [56] im-
prove node utilization and reduce disk writes; these index-level
optimizations are orthogonal and can benefit from our approach.
Disk-level compression in MySQL [79], WiredTiger [109], and
RocksDB [26] similarly reduces write volume and storage foot-
print, but is ineffective under 4 KiB page granularity, whereas we
provide a solution for 4 KiB pages. Moreover, out-of-place—write
engines do not examine how compression interacts with DB WAF
induced by GC, whereas we explicitly analyze and address these
effects. Some SSDs also employ internal compression to increase
overprovisioning and mitigate WA [122]; our DB GC naturally ben-
efits from compression as well, but, unlike SSDs, we can flexibly
enable, disable, or tune compression based on application needs.
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Mitigating WA upon GC. Prior work proposes a wide range of
GC algorithms that classify pages by lifetime, recency, or spatial
locality to reduce WA during GC [20, 24, 42, 54, 60, 69, 70, 77, 94,
95, 116, 120]. Our approach differs in that we predict deathtimes of
individual pages using database-specific semantics, which lower
layers such as SSD GC cannot exploit [40, 54, 55]. To our knowledge,
this is the first work to integrate GDT-based GC within a DBMS,
leveraging workload knowledge that is only available to the DBMS.
Optimizing system write patterns for SSDs. Prior work has
examined how applications can tailor I/O to SSD characteristics
to exploit internal parallelism [39, 40, 47], analyzed tree-based ac-
cess patterns [25], and characterized SSD behavior under diverse
workloads [111, 112]. Although these studies improve latency or
throughput, they do not explicitly target SSD WAF; even when
WAF is considered, it is not fully eliminated [17, 115]. In contrast,
our DBMS GC directly minimizes SSD WAF while accounting for
its interaction with DB WAF to reduce total WAF.

Zoned storage for ZNS. Several systems [13, 34, 44, 61, 98, 114]
leverage ZNS SSDs [12] to exploit the SSD WAF of 1. While effective,
these designs are tied to ZNS hardware and thus limited to environ-
ments where such devices are available. In contrast, our approach
treats ZNS as an optional optimization rather than a requirement,
making it applicable across a broader range of devices.

Systems using FDP. The FDP interface was introduced only re-
cently [75], and emerging work explores its potential for reducing
WAF [4, 29, 118]. Our work identifies the optimal use case for FDP
placement hints from the perspective of out-of-place DBMSs to
achieve an SSD WAF of 1. We further suggest appropriate settings
for DB GC granularity and the number of active zones under FDP.

9 CONCLUSION

This paper demonstrates that co-designing a DBMS and an SSD can
improve throughput and extend SSD lifespan. Our four out-of-place
schemes reshape the DBMS write pattern to mitigate WA at both
the DB and SSD layers. We further show that the design naturally
leverages ZNS and FDP. Future work includes extending these
techniques to LSM engines, supporting multi- or shared-device
deployments, and exploring disk- and HM-SMR-based systems.

Beyond DBMSs and SSDs, our findings apply broadly to storage
systems. Our large sequential write patterns also benefit disk-based
systems [1, 14, 67]. Systems with their own translation layer and
garbage collection can adopt our DB-level WAF optimizations, while
log-structured filesystems can use the NoWA pattern to reduce
aging [46, 84]. We hope this work helps storage designers better
understand the implications of system writes on devices and how
to fully exploit device capabilities.
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