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Abstract
Log-structured storage (LSS) has been widely adopted in SSD-based
array architectures due to its high I/O performance and flash-
friendly design. However, LSS requires optimized data placement
to curb the write amplification (WA) resulting from its garbage col-
lection (GC) mechanisms. We reveal that existing data placement
strategies suffer from high padding overhead and redundant GC
migrations under production workloads due to the granularity mis-
match between log-structured storage management and array-level
organization. To tackle these inefficiencies, we propose ADAPT, an
access-density-aware data placement strategy to decrease padding
overhead and minimize WA. ADAPT separates user-written blocks
into groups with an adaptive threshold by considering workload-
level access density and block-level popularity. Additionally, cross-
group dynamic aggregation exploits unused space in cold groups
to optimize real-time block padding for hot data. Moreover, we
deploy a proactive demotion placement algorithm to coordinate GC
processes and eliminate redundant migrations. Experimental evalu-
ations demonstrate that compared with state-of-the-art approaches,
ADAPT lowers WA by 21.8%-46.3% and decreases padding traffic
by 40%-72.1% under production workloads, while delivering high
throughput and maintaining manageable memory overhead under
heavy workloads.

CCS Concepts
• Information systems → Storage architectures; Disk arrays; •
Computer systems organization→ Architectures.
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1 Introduction
With the rapid evolution of information technology and the expo-
nential expansion of data generation scales, solid-state drive (SSD)-
based storage arrays have gained widespread adoption in massive
data storage and processing domains, due to their superior perfor-
mance characteristics and continuously optimized cost-efficiency.
Compared to traditional hard disk drives (HDDs), SSDs demonstrate
exponential improvements in read/write bandwidth and random
access performance, along with millisecond-level latency response,
high energy efficiency, and enhanced data reliability. To fully exploit
the hardware potential of solid-state media for high-performance
storage demands, both industry [14, 29, 32] and academia [6, 7]
have adopted log-structured storage systems for I/O scheduling opti-
mization. By transforming discrete write operations into sequential
append-only patterns, log-structured storage systems leverage the
advantages of NAND flash-based devices, achieving lower latency
and higher throughput.

Nevertheless, the high cost of garbage collection (GC) remains
the primary obstacle in log-structured systems. This process in-
duces additional write operations on user data (known as write
amplification, WA), which significantly degrades the performance
of log-structured storage. Mitigating WA in log-structured stor-
age has been a well-studied topic in the literature. Prior research
has predominantly focused on designing data placement strategies
[4, 17–19, 25, 26] by grouping segments and placing data blocks in
separate groups. Notable implementations include workload-aware
algorithms that analyze block temperatures by access frequency
[4, 19] and data block lifespan [18, 25], as well as machine learning
approaches [17, 26] that use clustering techniques to classify data
temperatures and allocate them into optimized groups.
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However, our analysis reveals a critical limitation of these ap-
proaches in SSD array configurations: the inherent block size mis-
match between log-structured storage management and array-level
organization. While log-structured systems typically operate at
4KB block granularity, modern storage arrays employ substantially
larger chunk sizes for efficient error correction (e.g., 16KB or larger)
[14]. This architectural disparity leads to frequent zero-padding
operations when the storage array receives unaligned writes, as the
smaller granularity prevents full utilization of array-level chunks.
The resulting overhead not only exacerbates the actual write am-
plification ratio but also significantly degrades overall array perfor-
mance and accelerates hardware wear-out.

Although write coalescing techniques offer potential solutions to
mitigate this mismatch by aggregating small requests into larger I/O
operations, their practical efficacy faces two critical constraints in
real-world deployments. The first is the sparsity of access patterns.
Real-world workloads often exhibit substantial irregularity and spa-
tial access sparsity, making it challenging for log-structured storage
to coalesce sufficient small-grained requests within constrained
time windows to fully utilize array-level chunk sizes. Meanwhile,
stringent SLA requirements from storage service providers impose
strict limitations on the temporal buffering window available for
request aggregation. To comply with such latency SLAs (e.g., 100 µs
in Ali cloud [29]), storage systems are frequently compelled to flush
uncoalesced small requests directly to the storage array, making it
difficult to reduce padding through I/O coalescing.

In this paper, we propose ADAPT, an access-density-based data
placement strategy that addresses these challenges through three
key innovations. First, the Density-Aware Threshold Adaptation tech-
nique dynamically identifies optimal separating thresholds between
cold and hot data by adapting to workload-level access density and
block-level popularity, to reduce padding traffic and WA of user-
written groups. Second, to address the inefficiency of in-group
write coalescing when separating user writes, ADAPT deploys the
Cross-Group Dynamic Aggregation mechanism which enables tem-
porary persistence of hot data in cold groups to coalesce more
requests within fixed chunks. Finally, the Proactive Demotion Place-
ment strategy proactively coordinates garbage collection processes
to eliminate redundant migrations of cold data through predictive
group downgrading.

We implement and evaluate ADAPT on a trace-driven simulator
and a log-structured storage prototype. We conduct comprehensive
experiments using real-world workloads for diverse production
environments[13, 16, 30]. We show that ADAPT achieves mini-
mal WA against current mainstream data placement strategies.
For example, ADAPT lowers WA by 21.8%-33.1% under Alibaba
Cloud workload [13] with Greedy selection policy. It also decreases
padding traffic by 40%-72.1% compared to other temperature-based
placement strategies. The prototype evaluation shows ADAPT can
deliver high throughput while maintaining manageable memory
overhead under heavy workloads.

The rest of the paper is organized as follows. Section 2 and Sec-
tion 2.3 introduce the background and motivation for our research.
Section 3 describes the design details. Section 4 presents the evalu-
ation results. Section 5 discusses related work and the final section
concludes the paper.
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Figure 1: The architecture of the LSS deployed is based on an
SSD array. Write requests append data blocks to segments in
different groups according to the data placement algorithm.
The minimum write unit on an SSD array is a chunk.

2 Background and Motivation
2.1 Log-Structured Storage
Log-Structured Storage (LSS) optimizes writes by sequentially up-
dating data in an append-only manner, avoiding in-place modifica-
tions. It leverages the multi-stream capabilities of modern SSDs to
reduce latency and increase throughput. The capacity of LSS is di-
vided into fixed-size segments. Each segment consists of fixed-size
blocks, where a block serves as the minimum unit for user requests
and is identified by a logical block address (LBA). For writes or
updates, LSS appends blocks to a segment that has not yet reached
its maximum size. Once a segment is full, it becomes immutable,
prompting LSS to open a new one.

LSS requires garbage collection (GC) operations to reclaim space.
When GC is triggered, the system must execute a four-phase pro-
cess: (1) selecting candidate segments via victim selection algo-
rithms; (2) validating data block validity through segment scan-
ning; (3) migrating valid data to new segments; and (4) erasing and
reclaiming the original segment space. The additional write opera-
tions significantly degrade the performance of the storage system.
Consequently, numerous data placement algorithms [4, 17, 18, 25,
26] have been proposed to reduce WA. The core idea behind these
algorithms is to group data blocks with similar invalidation times,
ensuring that the data blocks within a segment are invalidated
around the same time, which can minimize GC overhead.

2.2 LSS on SSD Arrays
SSD arrays (also called SSD-based RAID) are a type of storage
organization that combines multiple SSDs into a single logical unit
to aggregate their capacity and throughput while providing fault
tolerance. SSD arrays typically use chunks as logical storage units
for data allocation and operations. A chunk is an abstract data unit,
usually composed of multiple physical pages [2]. Combined chunks
from different disks form a stripe, which includes data and parity
blocks for fault tolerance and error correction.

Handling sub-chunk requests requires differentiated strategies.
For reads, systems fetch entire chunks encompassing the requested
data. Writes incur read-modify-write (RMW) penalties from manda-
tory chunk-wide reads and rewrites. Modern implementations
mitigate this through zero-padding: appending dummy data to
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Figure 2: The cumulative distribution of the average request
rate (a) and the average write request size (b) in real-world
workloads.

partial writes constructs complete chunks for direct submission,
bypassing read operations while maintaining compatibility with
log-structured append-only architectures. Concurrently, adopting
append-oriented writes over in-place logical block updates reduces
SSD internal write amplification, thereby enhancing garbage col-
lection efficacy and wear-leveling optimization [12].

Figure 1 illustrates the architecture of LSS deployed on an SSD
array and provides an example of how it handles write requests (e.g.,
requests 1-6). The LSS detects the hotness of write requests and
places them into the corresponding segment (e.g., group 𝐺0) based
on the data placement strategy. The data blocks are distributed
across different data columns in the SSD array for persistence, and
parity blocks are generated in the parity column. If data is smaller
than a chunk size and remains unfilled, padding ensures it meets I/O
unit requirements. For instance, request blocks 1 and 2 are smaller
than the chunk size and are coalesced into one data column. Request
3 is larger than a chunk size and is flushed into another data column.
Similarly, requests 4-6 are coalesced together and flushed into the
third data column, then the system generates a parity chunk 𝑃1.
Since there is no subsequent I/O, the unfilled chunk will be padded
to the size of one chunk for flushing under SLA constraints, while
parity block 𝑃2 is generated.

2.3 Motivation
While data placement strategies can significantly reduce WA to
improve end-to-end performance, we observe that they incur a high
padding overhead when deployed on modern SSD arrays, particu-
larly in scenarios with strict Service Level Agreement (SLA) require-
ments. To demonstrate this, we reproduce several well-known data
placement strategies [4, 18, 23, 25, 26] and conduct experiments
using a log-structured storage prototype. We analyze real-world
production workloads [13, 16, 30] from block storage systems and
replay them to evaluate write performance, yielding the following
observations.

Observation 1:Many of the real-worldworkloads aremainly
composed of small I/Os and have a low average request rate.
We use block-level I/O traces collected from AliCloud and Tencent
Cloud production cloud storage systems, along with MSRC traces
from enterprise data centers. We analyze all volumes from these
three traces collectively and present statistics on access density and
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Figure 3: Analysis of five current data placement strategies
under production workload.

average request size. Figure 2 shows the distribution of request rates
and request sizes of three workloads. As illustrated in Figure 2a,
the access density is very sparse for nearly all volumes. Specifically,
only 1.9%-2.7% of volumes exhibit average intensities exceeding 100
req/s, while 75%-86.1% of volumes have average intensities below
10 req/s. We further examine the characteristics of write requests
and find that small-sized I/Os dominate these workloads. Figure 2b
presents the cumulative distributions of write request sizes across
all I/O requests. Notably, 69.8%-80.9% of writes are no larger than 8
KiB in these productionworkloads, while only 10.8%-23.4% of writes
exceed 32 KiB, confirming the prevalence of small I/Os dominating
the workloads.

We then analyze current data placement technologies by replay-
ing the Alibaba Cloud traces, adhering to the SLA settings of the
Pangu storage system [29] from Alibaba. We set the chunk size to
64 KB, which is the default configuration in Linux mdraid. We focus
on the write traffic distribution under real access density and differ-
ent data placement algorithm group configurations, replaying the
access interval based on the actual timestamps. Figure 3a illustrates
the distribution of write volumes across groups with different data
placement strategies, while Figure 3b depicts the group settings
and the distribution of group size.

Observation 2: Zero padding operations occur predomi-
nantly in user-written and mixed-written groups, with mini-
mal presence in GC-rewritten groups. This indicates that zero
padding operations primarily arise during the user write phase and
rarely during GC. For instance, SepGC segregates user writes from
GC writes, with padding accounting for 54.9% of total writes in the
user-written group (Group 0) and less than 1% in the GC-rewritten
group (Group 1). MiDA utilizes the age of a block for data placement,
and all groups can handle user requests, with padding traffic ac-
counting for 33.3%-45% of the overall write volume. This is because
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background I/O operations, such as GC, are typically performed
in a centralized manner. These operations are often large in scale,
and the system usually does not need to wait for the aggregation
of requests when processing them.

Observation 3: Splitting user-written blocks across mul-
tiple groups often increases padding operations. The total
padding traffic can be estimated by summing the padding across all
groups. For instance, SepGC has one user-written group, whereas
SepBIT has two. We estimate the padding traffic of the two methods
to be 33.1% and 40.87%, respectively. Moreover, WARCIP, MiDA
and DAC have five or more groups for handling user writes, re-
sulting in 40.9%-42.7% more padding operations. This is because
the increase in user-written groups results in each group receiving
fewer requests and reduces write aggregation efficiency, leading to
required padding for any group during sparse access requests.

Observation 4: Groups handling GC writes are generally
larger than those handling user writes. As depicted in Figure
3b, SepGC, SepBIT, and WARCIP decouple user-written groups and
GC-rewritten groups for WA reduction, but the GC groups occupy
83.9%–91.6% of the total capacity. In temperature-based algorithms,
most of the user-written blocks are migrated to GC groups due to
inaccurate identification. Although MiDA and DAC permit user
and GC writes to coexist in the same group, the traffic from GC still
exceeds user writes.

2.4 Summary
Our analysis reveals three critical guidelines for designing efficient
data placement strategies in SSD arrays under real-world workloads.
Based on Observations 1 and 2, decoupling user writes from GC
writes is essential to minimize padding overhead during sparse
access phases, as GC operations inherently exhibit lower padding re-
quirements due to their bulk nature. Based on Observation 3,main-
taining a moderate number of temperature-based groups is
vital to balance access density and padding costs; over-partitioning
groups amplifies padding inefficiencies while undermining GC ef-
fectiveness. Based on Observation 4, precise data temperature
trackingmust be prioritized to reduce redundant block migrations
across groups, which otherwise worsen WA through repeated GC-
induced relocations. These principles motivate the design of our
novel data placement strategy.

3 Design
In this section, we present an access-density-based data placement
strategy called ADAPT, which is based on the principles mentioned
above, to improve the GC efficiency in LSS. We first provide a high-
level overview of ADAPT and introduce the relationships among
the key components. Next, we describe the design of each element
in detail.

3.1 Overview of ADAPT
Figure 4 shows the overall architecture of ADAPT. ADAPT defines
six classes of groups, two of which correspond to the segments of
user-written blocks and the remaining four to the segments of GC-
rewritten blocks. Each group is configured with one open segment
and contains multiple sealed segments.

User writes GC writes

Stream selection

SSD storage array

Stream 1 Stream 2 Stream 3

Lifespan queue

Stream N
…

… … … …

Chunk interface
Hot group Cold group GC groups

Adaptive threshold 
estimation

Get 
metadata

Padding hole Data chunk

…

Lifespan based classification

Dynamic aggregation Demotion placement

…

Figure 4: Overview of ADAPT.

ADAPT separates user-written blocks and GC-rewritten blocks
and places them into different groups. Like SepBIT, ADAPT employs
a lifespan-based policy to assess the hotness of user-written blocks
and estimates the residual lifespan of GC-rewritten blocks using an
age-based approach. Since access density also affects the GC of user-
written groups, we dynamically adjust the threshold (seen in §3.2)
for separating data blocks by considering block-level popularity
and workload-level access density. User-written blocks are assigned
to either the hot or cold groups based on whether their lifespan
exceeds the threshold. For intensive access workloads, where data
chunks can accumulate sufficient data quickly, ADAPT flushes them
directly to the SSD array. For sparse access workloads, where the
data chunks require padding to meet size requirements, ADAPT
delays the persistence of blocks in the hot group through cross-
group dynamic aggregation (seen in §3.3). Additionally, ADAPT
employs proactive demotion placement design by initially assigning
user-written data to GC-rewritten groups (seen in §3.4), which
effectively reduces data migration caused by GC.

ADAPT serves as an intermediate layer between log-structured
storage and SSD array systems. Since ADAPT does not modify the
SSD array, it maintains strong generalization ability. It can also
leverage SSDs’ multi-stream capability to reduce in-device WA by
mapping groups to streams one-to-one.

3.2 Density-Aware Threshold Adaptation
Previous data placement algorithms only separate user-written
data blocks based on block popularity, without considering access
density, leading to suboptimal performance. ADAPT minimizes WA
from user-written data blocks by adjusting the separation threshold
based on block-level popularity and workload-level access density.
We first illustrate how ADAPT estimates the hot-cold threshold,
and then explain the details of the internal algorithm.

We expect the data to be grouped into user-written groups
with minimal GC overhead and padding traffic. ADAPT adjusts
the threshold by simulating the WA performance under different
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threshold grouping scenarios. Figure 5 demonstrates the architec-
ture of threshold adaptation and gives an instance. The incoming
stream of request blocks, DBCKA, is first sent to the sampling mod-
ule with sampling rate 𝑟 . If a block (e.g., block C) is sampled, its
last access interval 𝑆

′
𝑐 is computed and assigned to a series of ghost

sets 𝑀 with incremental hot-cold thresholds 𝑇𝑀 . For each ghost
set 𝑀𝑖 , the block is placed in the hot segment group if 𝑆

′
𝑐 is less

than the threshold 𝑇𝑀𝑖
; otherwise, it is placed in the cold segment

group. Ghost sets also require GC when the garbage ratio meets
the condition. The WA of ghost sets will gradually stabilize after
multiple GCs. ADAPT then compares the WA of each ghost set
and updates the actual threshold based on the configuration of the
ghost set with the smallest WA.

Tracking workload characteristics. Since full workload anal-
ysis would result in unacceptable resource consumption, ADAPT
employs spatial sampling [24] to reduce memory overhead while
preserving hot and cold characteristics. Specifically, request blocks
are uniformly sampled via a hash algorithm. A distance tree is used
to record the access sequence of sampled request blocks. ADAPT
calculates the access interval for each sampled block as the number
of other intervening unique request blocks referenced since the
last access to that block, and scales the access interval of sampled
blocks by the actual sampling rate to obtain the real access interval.
ADAPT then constructs the ghost sets based on the sampled request
blocks and their access intervals.

Ghost set simulation. The ghost sets simulate the GC for user-
written groups by only tracking the logical block addresses (LBA)
of request blocks, and each set uses a different hot-cold threshold. If
the access interval is less than the threshold, the block is placed into
the hot group; otherwise, it is put it in the cold group. The thresh-
olds change in granularity based on segment size. To determine
the appropriate value, they are initialized using an exponentially
growing sliding window, and then switched to the linear growth
mode after the first adjustment. For example, if 𝑇𝐺𝑘

is the first

Hot segment group

···

Segment

···

Unfilled chunkfilled chunk

Cold segment group

··· ···

Request block Classify request

Lazy append

Shadow append

Shadow placement

Substitute

hot block

Figure 6: The aggregation of hot user-written data. The hot
data blocks can generate substitutes and persist them in cold
segment groups, which are then lazily flushed into the origi-
nal hot segment groups.

selected threshold, the range for the second iteration spans from
𝑇𝐺𝑘−1 to𝑇𝐺𝑘+1 . The unit of threshold adjustment is the segment size
in the ghost set. If the WA simulation exhibits monotonicity with
the threshold, the exponentially growing sliding window is reused
to adapt to changes in workload characteristics.

Unlike the original LSS, the capacity of segments in ghost sets is
proportionally scaled by the sampling rate. Meanwhile, the chunk
aggregation time is proportionally increased. The ghost set’s GC
trigger condition matches the original system, activating when the
garbage ratio exceeds the limit. But unlike the standard GC pro-
cess, ghost sets discard valid blocks without rewriting them. This is
because the data placement algorithm migrates valid blocks from
user-written groups to GC-rewritten groups before segment recla-
mation, where ghost sets only preserve user-written groups. For
each GC, the ghost set tracks the number of valid blocks discarded
in the GC process, so we can calculate WA by determining the ratio
of discarded blocks to written blocks.

Updating threshold configuration. During the cold start of
the ghost set simulation, we configure the initial threshold via the
lifespan of segments in the hot group, which is defined as the num-
ber of unique user-written bytes in the workload since the segment
is created until GC reclaims it. Once the ghost set stabilizes with
minimal WA, the configuration updates from the best simulation
results. ADAPT monitors write volume and GC conditions to deter-
mine whether ghost sets have an authentic simulation. Specifically,
when the write volume exceeds 10% of storage capacity or the WA
is steady, ADAPT scales the threshold to real segment size and
applies the configuration from the set with minimal WA.

3.3 Cross-Group Dynamic Aggregation
As described in Section 2.3, setting multiple groups for user-written
blocks may introduce additional padding traffic in sparse workloads
due to the inefficient write aggregation mechanism. To address this,
we propose cross-group aggregation. Our key insight is to utilize
redundant blocks in unfilled chunks of cold groups to temporarily
ensure the persistence of hot data blocks to meet SLA requirements.
This is because access density and data hotness are not strictly
orthogonal in practice, hot data blocks often have higher access
intensity and the potential to aggregate into a complete chunk
within a short time.
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Figure 6 illustrates the aggregation process involving a hot group
and a cold group. We aggregate individual data blocks rather than
entire unfilled chunks, as finer granularity enables more flexible
aggregation criteria. Hot data blocks are consolidated into a chunk
within the hot group. If this chunk is predicted to remain unfilled
after in-group aggregation, we utilize an unfilled chunk from an-
other user-written group to construct a filled chunk, completing
the persistence of these hot blocks. This cross-group persistence is
termed shadow append, while the original data block writing is
referred to as lazy append. Subsequently, the shadow-appended
blocks are flushed to disk for reliability. The original chunk in the
hot group can then accommodate new incoming data blocks. Note
that the chunk retains the original data blocks; only its aggregation
timer is reset.

Aggregation condition. Cross-group dynamic aggregation per-
forms effectively under sparse workload access density. ADAPT
monitors the write rate for each user-written group and triggers
cross-group aggregation when a group cannot accumulate suffi-
cient data to avoid padding. Specifically, for group 𝑖 , ADAPT tracks
the number of data blocks 𝑉𝑖 forming 𝑘 segments and the padding
count 𝑃𝑖 , then computes the average accumulated size of unfilled
chunks 𝐶𝑖 as:

𝐶𝑖 =
𝑉𝑖 − 𝑆𝑐𝑘 ∗ (𝑘 ∗ 𝑁𝑐𝑘 − 𝑃𝑖 )

𝑃𝑖
(1)

where 𝑆𝑐𝑘 is the chunk size and 𝑁𝑐𝑘 is the chunk number of a seg-
ment. Then ADAPT determines the aggregation condition in two
steps. First, it predicts whether a chunk requires dynamic aggrega-
tion based on previous access intervals, as access density is contin-
uous and evolves. Thus, if a chunk remains unfilled within a short
interval, the next one is also likely to be unfilled. Second, when a
chunk already contains lazily appended data blocks, ADAPT decides
whether to continue aggregating subsequent requests. Specifically,
if the aggregated block bytes in the segment to be written exceed
the average padding size of the group, ADAPT stops aggregating
new data blocks across groups.

Group selection for shadow append. ADAPT always selects
the colder segment group as the shadow group for the hot segment
group for two reasons. First, cold segment groups inherently exhibit
lower write rates and longer chunk accumulation intervals, leaving
more stable unused space in their unfilled chunks. This allows hot
groups with high write rates to efficiently utilize these padding
spaces for shadow append. Second, using hot segment groups as
shadow groups may lead to unnecessary data migration. Substitute
blocks expire once the original blocks are persisted via lazy append,
causing shadow-appended segments to have a shorter lifespan than
the group average. Consequently, these segments are prioritized
for GC. Since block lifespans in hot segments are shorter than
in cold segments, early GC in hot segments undermines cold-hot
separation, resulting in higher write amplification.

3.4 Proactive Demotion Placement
Efficient data placement is crucial for reducing GC overhead. Af-
ter decoupling user-written groups and GC-rewritten groups, we
find that most data blocks fall into the coldest group under the
age-based placement policy, especially in highly skewed produc-
tion workloads. This is because most of the data blocks are rarely
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Figure 7: The left figure illustrates the proactive demotion
placement process, while the right figure shows the construc-
tion of the identifier.

updated under Zipf’s law. Consequently, the dominant rewrite traf-
fic stems from repeatedly migrating blocks through progressively
colder groups before they reach the coldest group.

To optimize traffic reduction for GC-rewritten blocks, our strat-
egy prioritizes accurate identification and placement of long-lived
cold blocks. The proactive demotion placement mechanism utilizes
the established correlation between a block’s prior lifespan and
its projected lifespan [25] and assigns blocks to groups aligned
with their expected lifespans. As illustrated in Figure 7, our design
process incorporates a re-access (RA) identifier to detect potential
long-lived data blocks. During block request processing, the RA
identifier computes placement scores across GC-rewritten groups
using a specialized metric. The group with the highest score is con-
sidered a candidate. If the score exceeds the pre-defined threshold,
ADAPT then allocates the block to the respective group; otherwise,
ADAPT uses the standard hotness-based placement algorithm to
assign it to user-written groups. The score is defined as the number
of times the data block is rewritten to each GC-rewritten group.
Because the lifetimes of segments in the same group are similar, the
block that is often migrated to the same group has a long lifespan
in that group.

The RA identifier is constructed in the GC process. ADAPT uses
the latest data considered valid blocks in GC to build the identi-
fier. Specifically, when the GC process selects a victim segment in
the GC-rewritten group 𝐾 for cleaning, ADAPT chooses the valid
blocks that are migrated back to the origin group 𝐾 for identifier
construction. ADAPT inserts LBAs of corresponding blocks into
the discriminator in group 𝐾 .

Since the identifier’s lookup operation resides on the critical path
of I/O processing, it is necessary to have a lightweight design to
achieve high performance while consuming minimal computational
resources. To achieve this, the cascading discriminator consists of
several bloom filters, each of which can track the inserted data
by assessing whether any bits have been modified. The lookup
operation only needs some hash calculations, with an overhead
of nanoseconds. The cascaded discriminator restricts the number
of elements and evicts the oldest bloom filter in a FIFO manner to
reduce memory overhead. When a block checks the identifier, the
score for a group is the number of bloom filters with that LBA in
that discriminator.
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Figure 8: GC efficiency of two selection policies. For each policy, the top three bar charts display the overall WA across three
real-world workloads, while the bottom three box plots illustrate the per-volume WA distribution.

4 Evaluation
4.1 Experimental Setup
Baselines. We evaluate ADAPT against five existing data place-
ment schemes: SepGC [23], Dynamic Data Clustering (DAC) [4],
WARCIP [26], MiDA [18], and SepBIT [25]. SepGC serves as the
baseline approach, separating user-written blocks and GC-rewritten
blocks into two distinct groups—a strategy widely adopted in key-
value stores [3]. Other designs employ one or multiple metrics
to measure block temperatures, such as access counts (DAC), age
(MiDA), update intervals (WARCIP), or block lifespan estimation
(SepBIT). We maintain the default group configurations specified
in the original papers for these schemes. Specifically, WARCIP uses
five groups for user-written blocks and one for GC-rewritten blocks,
while SepBIT uses two groups for user-written blocks and four for
GC-rewritten blocks. For DAC and MiDA, which do not distinguish
between user-written and GC-rewritten blocks, we configure five
and eight groups, respectively, for all written blocks.

Workloads.We evaluate our approach using block I/O traces
collected from diverse environments. For real-world workloads, we
select 50 volumes from two cloud block I/O traces: Alibaba [13]
and Tencent [30], along with MSRC traces [16] from enterprise
data centers. For qualitative performance analysis, we generate the
YCSB-A workload using the YCSB [5] cloud benchmark to examine
the impact of varying access densities and Zipfian ratios.

We employ trace-driven simulations to efficiently assess key
performance metrics of garbage collection techniques. Additionally,
we implement ADAPT in a log-structured storage prototype to
measure I/O performance and overheads. Our experimental setup
consists of an SSD array with four SamsungMZQL2960HCJR-00A07
SSDs, an Intel Xeon Silver 4314 CPU, and 128GB of memory. Both
the simulator and prototype use a 4KB block size for storage or-
ganization and a default 64KB chunk size in the underlying SSD
array. We set the data chunk coalescing time to 100 µs, consistent
with production environments in cloud block storage [29].

4.2 General Result
GC efficiency.We first evaluate GC efficiency by comparing the
WA of various techniques. All experiments are conducted using a

trace-driven simulator. We use Greedy and Cost-Benefit [19] poli-
cies for victim segment selection in GC. Figure 8 shows the overall
WA of these two policies. As we can see, ADAPT achieves the lowest
overall WA compared to all existing data placement schemes. Specif-
ically, for the Ali Cloud workload, ADAPT reduces WA by 30.8%,
32.5%, 33.1%, 30.8%, and 21.8% on average with the Greedy selection
policy, compared to SepGC, MiDA, DAC, WARCIP, and SepBIT,
respectively. For the Tencent Cloud workload, where data access
is more skewed, the average WA of each algorithm is lower than
the Alibaba workload. ADAPT achieves a 14.8% -36.1% reduction
in WA compared to other placement schemes. Notably, in the read-
intensive MSRC workload, ADAPT reduces WA by 31.4%, 46.3%,
39.1%, 41.5%, and 23.3%, respectively. We also observe that some
data placement schemes exhibit higher WA than SepGC, which
simply separates user-written blocks and GC-rewritten blocks. This
occurs primarily because these schemes manage numerous groups
for user-written blocks and fail to effectively fill full data chunks.

Under the Cost-Benefit selection policy, all data placement schemes
exhibit lower overall WA than with the Greedy policy in both Ali
Cloud and Tencent Cloud workloads. ADAPT maintains its advan-
tage even with this improved GC selection strategy, reducing WA
by 21%–38.2% and 12.5%–35.4% compared to other strategies in
these workloads. Notably, WARCIP and SepBIT show less WA re-
duction with the Cost-Benefit policy than with the Greedy policy,
while SepGC, MiDA, and DAC show no improvement. In contrast,
ADAPT demonstrates better universality, achieving a 1.7% lower
WA than the Greedy policy.

Furthermore, Figure 8 presents boxplots of per-volume WA.
ADAPT achieves the lowest median and 25th/75th percentile WA
across all data placement schemes, regardless of the GC policy. In
most cases, Cost-Benefit is more effective than Greedy in mitigating
WA. Compared to SepBIT, ADAPT reduces the 75th percentile WA
by 9.4–16.9% with Greedy and 9.9–24% with Cost-Benefit. Addi-
tionally, ADAPT exhibits the fewest WA outliers across both cloud
block storage workloads, demonstrating its effectiveness in WA
mitigation for volumes with diverse access patterns and densities.

Coalescing efficiency. Next, we analyze the coalescing effi-
ciency of these data placement schemes and their relationship with
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Figure 9: The cumulative distribution of padding volume ratio under various production workloads. The x-axis of the subgraphs
represents the Padding Traffic Ratio(%).

WA reduction. Figure 9 shows the reduction in zero-padding vol-
ume achieved by ADAPT compared to other temperature-based
placement schemes.

Overall, ADAPT reduces padding volumes more effectively than
other temperature-based algorithms across all three workloads, re-
gardless of the GC selection policy. Specifically, in Ali Cloud work-
loads, ADAPT ensures that over 88% of volumes have a padding
traffic ratio below 25%, whereas SepBIT achieves this for only 70%
of volumes. Other placement algorithms perform worse due to
excessive group separation.

In Tencent workloads, all volumes achieve under 6.7% padding
traffic with ADAPT or SepBIT, compared to 7.8% with MiDA and
11.2% with DAC or WARCIP. Similar results hold for the Cost-
Benefit policy, where padding traffic decreases significantly across
all placement strategies. This reduction correlates with the observed
WA improvement under this policy.

To further investigate the relationship between padding traffic
and WA, we analyze the per-volume WA reduction relative to the
padding traffic reduction achieved by ADAPT compared to other
placement strategies. Using the Greedy selection algorithm, we
compare ADAPT with MiDA and SepBIT, both of which also infer
temperature based on lifespan. Figure 10 presents the results for
the Ali Cloud workload, where each point represents an individual
volume. The x-axis indicates the percentage reduction in padding
write traffic achieved by ADAPT compared to the given algorithm,
while the y-axis shows the corresponding WA reduction. The re-
sults demonstrate that the reduction of WA is strongly correlated
with the reduction of padding traffic. For example, among volumes
with padding write traffic exceeding 40%, ADAPT achieves a WA
reduction of at least 21.0%, with a maximum reduction of 72.1%
compared to MiDA.

4.3 Sensitivity Analysis
We next analyze the workload sensitivity of ADAPT and other data
placement schemes. We generate update-heavy workloads with
diverse traffic patterns and skewness using the YCSB benchmark,
testing all data placement schemes with the Greedy selection policy.
Each experiment fills 1M data blocks and measures WA after 10M
writes. The default block size is 4KB, matching the common page
size in storage systems.
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Figure 10: The correlation between padding traffic reduction
and WA reduction.

Impact of access density. The left line chart in Figure 11 shows
the WA factor under workloads with varying traffic intensities. The
time interval between all write requests exceeds 100 µs in light traf-
fic workloads and falls below 100 µs in medium and heavy traffic
workloads. The key difference is that requests become sufficiently
dense to eliminate zero-padding operations across all data place-
ment schemes. As shown, ADAPT achieves the best performance un-
der light traffic workloads, reducing GCwrites by 21.2%–53.5% com-
pared to other schemes. This improvement stems from ADAPT’s
effective cross-group aggregation, which minimizes zero-padding
operations. Notably, MiDA andWARCIP consistently exhibit higher
WA than SepGC, while SepGC performs second only to ADAPT
under light loads. This suggests that simply separating user writes
from GC writes is more effective than dividing user writes into
multiple groups for light workloads.

As workload intensity increases, the WA of all data placement
schemes decreases. Under heavy traffic, ADAPT maintains an ad-
vantage, reducing GC write volume by 5.2%–22.4% compared to
other schemes.

Impact of workload skewness. Since YCSB-A follows a Zip-
fian distribution, we simulate varying access locality by generating
workloads with increasing 𝛼 . The right line chart in Figure 11 il-
lustrates the sensitivity of each scheme to access locality. When
𝛼 = 0 (uniform distribution), all schemes exhibit similarWAbecause
data block temperatures are nearly identical. As locality increases
(𝛼 > 0), WA declines across all schemes. ADAPT achieves the low-
est WA at 𝛼 = 0.9, where the workload exhibits strong locality



ADAPT: Dynamic Grouping and Cross-Group Aggregation for GC-Efficient Log-Structured Storage in SSD Arrays ICPP ’25, September 08–11, 2025, San Diego, CA, USA

Light Medium Heavy
Traffic

3.5

4.0

4.5

5.0

W
A

0.3 0.6 0.9
Skewness ( )

4.0

4.5

5.0

5.5
SepGC MiDA DAC WARCIP SepBIT ADAPT

Figure 11: The impact of access density (left) and workload
skewness (right).

(approximately 80% of traffic targets the top 20% of blocks). This
demonstrates ADAPT’s ability to reduce GC overhead by dynami-
cally adjusting cold and hot thresholds.

4.4 Experiments on Prototype
In this section, we evaluate throughput performance and memory
overhead, which cannot be measured using the trace-driven sim-
ulator. While ADAPT is optimized for sparse writing scenarios, it
also maintains high performance under heavy workloads.

We implement the ADAPT prototype application on the SSD
array and carry out a set of experiments. We use mdraid [1] to
configure a RAID-5 system with 4 SSDs. The prototype incorpo-
rates a user-space aggregation mechanism to support zero-padding
operations and persist data at the chunk level. For throughput ex-
periments, we employ the default YCSB-A workloads described
in §4.3. To maximize device utilization, we set the I/O depth to 8
and write chunks asynchronously. The number of background GC
threads matches the number of client threads to ensure efficiency.

Figure 12a shows the throughput results for one, four, and eight
clients. Specifically, for one client scenario, all data placement
schemes yield similar results because the disk throughput has not
yet been fully utilized; SepGC has the highest throughput due to
its simple strategy. In contrast, ADAPT achieves 1.11-1.47× higher
throughput with 4 clients and 1.1-1.58× higher with 8 clients com-
pared to other data placement schemes. This is because as the
number of threads increases, disk bandwidth gradually becomes
the bottleneck constraining performance. By reducing GC writes,
ADAPT effectively increases available user bandwidth, yielding
significant performance gains.

We evaluate the memory overhead of ADAPT and compare it
with SepBIT, as both have the same number of groups and use a
lifespan-based policy, and have similar overhead for hotness model-
ing. Figure 12b demonstrates the result. Specifically, ADAPT incurs
a memory overhead of 4.56% higher than SepBIT, which is a reason-
able overhead with the WA reduction of 20%-25%. The additional
memory usage in ADAPT stems from two components. First, the
sampling module requires approximately 44 bytes per block to
record sampled blocks and their time intervals. At a 0.001 sample
rate, this amounts to roughly 11 MB of memory. The second part is
the ghost set simulation, whose memory usage varies with thresh-
old adjustments. The main memory usage for the ghost set is the
record of LBAs and the index of data blocks. ADAPT needs about
20 bytes to simulate data placement for each data block. Note that
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Figure 12: Throughput results (a) and memory usage (b).

ADAPT can reduce memory usage by reducing the sampling rate
and the volume of simulation, which provides users with flexible
configuration options.

5 Related Work
GC optimization in log-structured storage.Many studies aim
to optimize GC overhead by focusing on two aspects: victim seg-
ment selection and data placement. For segment selection, Greedy
and Cost-Benefit policies are widely adopted due to their broad
applicability. Additionally, several studies propose variants of the
Greedy policy, such as d-choice [22], Windowed Greedy [8], and
Random Greedy [15]. For data placement, beyond the strategies
evaluated in Section 4, other approaches employ machine learning-
based policies [17] or access prediction using program contexts
[11] on SSD platforms. Other work optimizes GC by integrating
application-specific techniques, such as key-value storage[20, 31,
33], which—like LSS—organizes data in an append-only manner.
For instance, NovKV [20] eliminates GC-induced queries and in-
sertions, while DumpKV [33] reduces write amplification through
lifetime-aware garbage collection. ADAPT focuses on data place-
ment optimization for sparse I/O scenarios and can be extended to
other placement algorithms.

Write optimization in SSD arrays. Traditional RAID archi-
tectures provide fault tolerance, while modern disk arrays adopt
a log-structured design to generate sequential writes better suited
for flash-based SSDs. Some studies improve GC performance by
mitigating interference [10] or exploring new interface designs
[21, 28]. Others optimize partial or sparse writes using techniques
like two-phase write [9, 27]. In contrast, ADAPT maintains compat-
ibility with the standard chunk interface and remains orthogonal
to these approaches.

6 Conclusion
In this paper, we present ADAPT, a novel data placement scheme
designed to mitigate WA in log-structured storage deployed on
SSD arrays. To reduce zero-padding operations in sparse access
scenarios, ADAPT dynamically adjusts the hot-cold boundary and
coalesces write requests using a cross-group approach. Additionally,
ADAPT proactively coordinates garbage collection processes to
eliminate redundant cold data migrations through predictive group
downgrading. Evaluations on production workloads demonstrate
that ADAPT achieves the lowest WA compared with five state-of-
the-art data placement schemes.
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