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Abstract

LSM-tree–based key-value stores are widely deployed on Zoned
Namespace (ZNS) SSDs to exploit their sequential write seman-
tics. However, despite extensive research on data placement and
compaction in LSM–ZNS systems, the problem of victim zone se-
lection during zone cleaning (ZC) has been largely overlooked.
Existing designs either rely on greedy heuristics or implicitly as-
sume that victim selection is trivial, which results in unnecessary
valid-data copying and avoidable I/O blocking during ZC. This
paper presents ColdMap, the first ZC framework that explicitly tar-
gets accurate victim zone selection in LSM–ZNS file systems. The
key insight behind ColdMap is that zone coldness is not governed
by history-based modification metrics, but by the future evolution
of the LSM-tree driven by compaction. To capture this behavior,
ColdMap (i) predicts zone coldness by proactively simulating fu-
ture compactions and estimating file invalidation timing, and (ii)
applies a cost–benefit ZC algorithm tailored to ZNS file systems.
We implement ColdMap in RocksDB and ZenFS and evaluate it
on real ZNS SSDs under diverse workloads. Experimental results
show that ColdMap reduces ZC overhead by up to 49% compared
to state-of-the-art victim selection schemes, resulting in an average
15.7% improvement in overall throughput.

CCS Concepts

• Information systems → Storage management; • Operating
systems → File systems management;
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1 Introduction

LSM-tree–based key–value stores naturally fit ZNS SSDs due to
their log-structured, append-only design. ZNS SSDs partition stor-
age into fixed-size zones and enforce sequential writes, shifting ad-
dress mapping and space management to the host [14, 28, 29, 36, 50].
This execution model closely matches LSM-trees, where Write-
Ahead Logs (WALs) and Sorted String Tables(SSTs) are written
sequentially and data updates are realized through compaction.
Motivated by this alignment, recent work has extensively explored
efficient execution of LSM-tree–based key–value stores on ZNS
SSDs [15, 16, 19, 33, 34, 40, 43, 45, 57].

Although LSM-trees naturally align with zone-level sequential
writes, this compatibility does not eliminate all costs in ZNS en-
vironments. Because in-place updates are disallowed, updates are
written out-of-place, leading to the gradual accumulation of invalid
data within zones and eventually triggering ZC. ZC selects a vic-
tim zone, migrates the remaining valid data to other zones, and
resets the zone. The resulting data movement incurs I/O blocking,
increases latency, and exacerbates Write Amplification (WA). As a
result, ZC overhead remains a fundamental performance bottleneck
in ZNS-based log-structured systems.

Prior work has largely pursued two classes of approaches to
reduce valid-data copying during ZC in ZNS environments. The first
class relies on lifetime-aware zone placement, which colocates data
with similar lifetimes in the same zone to minimize data migration
during ZC. CAZA [15] and Prophet [43] use lifetime prediction
to guide placement, while OAZA [57] optimizes zone allocation
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based on SST key-range overlap. Although conceptually appealing,
sustaining such ideal placement in practice is difficult. LSM-tree
compaction continuously creates, merges, and deletes files, and
prediction errors or workload shifts inevitably cause data with
heterogeneous lifetimes to co-reside within the same zone (§6.2.1).
As a result, valid-data copying during ZC persists evenwith lifetime-
aware placement, as observed in prior evaluations.

The second class of work reduces ZC overhead by structurally
coupling zone cleaning with LSM-tree compaction. Instead of treat-
ing ZC as an independent reclamation step, these approaches syn-
chronize data invalidation within a zone through compaction to
minimize or eliminate valid data at ZC time. HiZNS [45], for ex-
ample, aligns SST sizes with zone sizes so that each zone contains
a single SST, enabling zero-copy ZC when that SST is invalidated
by compaction. LL-Compaction [40] and LifetimeKV [34] modify
compaction logic to ensure that files colocated in the same zone
are removed at similar times.

However, these approaches commonly suffer from the com-
paction compensation problem [43]. Enlarging SST sizes or expand-
ing compaction scope to achieve zone-level invalidation increases
compaction cost, resulting in higher write amplification and longer
compaction latency. Consequently, ZC overhead is reduced only by
shifting its cost to the compaction stage, leading to I/O blocking and
overall performance degradation. In essence, these techniques trade
ZC overhead for compaction overhead rather than eliminating it.

In addition, FAR [16] proposes a proactive ZC scheme that re-
duces ZC frequency by early-resetting fully invalidated zones. Rather
than reducing valid-data copying, FAR focuses on suppressing ZC
invocations themselves. However, this approach does not eliminate
compaction overhead and therefore provides only limited relief
from the fundamental cost of ZC (§6.2.2).
Revisiting Zone Cleaning: Victim Selection as a First-Class

Problem. Despite extensive efforts, existing approaches either fail
to eliminate valid-data copying or merely shift the cost to com-
paction. Consequently, performance degradation remains unavoid-
able once ZC is triggered. In this setting, victim zone selection at ZC
time becomes a decisive factor in determining ZC overhead, yet it
has received little attention as a first-class optimization problem.

Current ZenFS and RocksDB-on-ZNS systems primarily employ
a simple greedy policy that selects the zone with the highest invalid
ratio as the victim. Because this policy considers only already inval-
idated data, it ignores the expected remaining lifetime of valid data.
As a result, zones containing hot data that will soon be invalidated
by compaction may be selected, causing unnecessary valid-data
copying. In short, the greedy policy fails to account for the future
lifetime of valid data and prematurely migrates data that is about
to become invalid.

Cost–benefit–based victim selection has been widely studied for
garbage collection in log-structured file systems (LFS) [2, 39, 49, 56]
and SSD firmware [18, 32, 35, 38, 51, 61] (§7). These techniques
typically rely on history-based coldness metrics and assume rela-
tively homogeneous data within a cleaning unit. LSM–ZNS systems
violate both assumptions: (i) a single zone contains SSTs and WALs
with heterogeneous lifetimes (§3.1.1), and (ii) file invalidation is
governed primarily by LSM-tree compaction rather than access

history (§3.1.2). Consequently, directly applying conventional cost–
benefit schemes fails to capture future invalidation behavior in ZNS
environments.
Contributions. Rather than directly adopting cost–benefit heuris-
tics, we propose ColdMap, a novel approach that redefines zone
coldness based on LSM-tree compaction semantics and performs vic-
tim zone selection accordingly. The key insight of ColdMap is that
victim selection should consider not the past modification history
of zone contents, but the future invalidation time induced by LSM-
tree compaction. To this end, ColdMap simulates the compaction
policy and scheduling rules of the LSM-tree to predict when each
SST and WAL file will be invalidated, and directly incorporates
this prediction into cost–benefit–based victim selection. Impor-
tantly, ColdMap does not modify the compaction algorithm or
data placement policy, nor does it attempt to avoid ZC itself. In-
stead, it fundamentally improves decision accuracy at the moment
when ZC is unavoidable. Unlike prior approaches that reduce ZC
overhead by altering compaction or allocation, ColdMap addresses
the victim selection problem itself.

Our contributions are summarized as follows.

• We identify fundamental limitations of existing cost–benefit

victim selection in ZNS environments (§3). Conventional
cost–benefit schemes are designed for MB-scale segments and
assume relatively homogeneous data lifetimes within a clean-
ing unit. These assumptions break down in ZNS systems, where
zones span tens to hundreds of MB and contain heterogeneous
SST and WAL files. We systematically analyze how this struc-
tural mismatch significantly degrades cost–benefit effectiveness
in ZNS environments.

• We propose a compaction-aware zone coldness model for

accurate victim selection (§4). ColdMap demonstrates that
zone coldness estimation based on future invalidation time is
key to ZC efficiency. Specifically, it (i) simulates LSM-tree com-
paction to predict SST andWAL coldness, (ii) aggregates file-level
predictions into zone-level coldness with size-aware weighting,
and (iii) integrates the result into cost–benefit scoring. This ap-
proach effectively reduces unnecessary valid-data copying and
minimizes ZC-induced I/O overhead.

• We design a compaction-policy–agnostic zone cleaning

mechanism that treats victim selection as a first-class con-

cern (§5.4). ColdMap is independent of specific compaction
policies and does not modify the compaction algorithm itself. By
modeling and exploiting compaction semantics, it consistently
improves ZC efficiency under both Leveled and Universal Com-
paction.

To evaluate ColdMap, we implement CAZA [15], the state-of-
the-art lifetime-aware placement scheme, in RocksDB (v7.4.4) with
ZenFS (v2.1). We compare ColdMap against ZenFS’s default greedy
ZC policy, file-system–level cost–benefit schemes [56], and state-
of-the-art firmware-level cost–benefit techniques. Across nine key–
value workloads and three RDBMS-style workloads, ColdMap im-
proves ZC efficiency by an average of 49% and achieves up to 15.7%
throughput improvement in write-intensive scenarios. Under Uni-
versal Compaction, ColdMap reduces ZC overhead by up to 68.6%
and improves throughput by 7%, demonstrating consistent benefits
across compaction policies.
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2 Background

LSM-tree–based key–value stores, such as LevelDB [27] and its
multi-threaded successor RocksDB [54], are widely adopted as stor-
age engines for high-throughput applications at scale [10, 26, 47].
RocksDB’s log-structured, append-only write pattern naturally
matches the sequential-write constraints of ZNS SSDs, motivat-
ing prior work on integrating RocksDB with zoned storage, most
notably via ZenFS [13, 14, 19, 23, 25, 41]. Figure 1 illustrates the
resulting software stack and runtime interaction between RocksDB,
ZenFS, and the underlying ZNS device.

2.1 RocksDB Compaction Mechanisms

Leveled Compaction. RocksDB triggers compaction when a level
exceeds its size threshold [15, 43]. By default, it employs the leveled
compaction algorithm [55], which selects SST files for compaction
based on level size constraints. The leveled compaction mechanism
in RocksDB is illustrated on the right side in Figure 1. First, RocksDB
selects the level i (L(i)) of compaction based on the compaction score,
denoted as 𝐿_𝑆𝑐𝑜𝑟𝑒𝐿 (𝑖 ) . The compaction score for L(i) is calculated
as the ratio of the total size of the SST files in L(i) to its predefined
size limit [15, 43].

For example, let the size limits for levels L(0), L(1), and L(2)
be 128 MB, 192 MB, and 256 MB, respectively. Since L(1) has the
highest compaction score, calculated as 231

192 = 1.2, it is chosen for
compaction. Next, within the selected L(1), the SST file with the
highest Overlap Score, represented as 𝑂_𝑆𝑐𝑜𝑟𝑒𝑆𝑆𝑇 ( 𝑗 ) [6, 42, 57], is
determined. The overlap score of an SST file 𝑆𝑆𝑇𝑗 in L(1) is defined
as the ratio of its size to the total size of SST files in L(2) whose
key ranges overlap with 𝑆𝑆𝑇𝑗 . In this example, the first SST file
(highlighted in blue) in L(1) has the highest overlap score, 6444 = 1.45.
This file is referred to as Pivot SST, while the overlapping SST files
in L(2) are denoted as Unpivot SSTs. Finally, the selected Pivot and
Unpivot SST files are read, merged through a merge-sort operation,
and written as a new SST file in L(2). Upon completion, the Pivot
and Unpivot SST files are removed from the system.
Universal Compaction. In addition to leveled compaction, RocksDB
provides universal compaction to better accommodatewrite-intensive
workloads. Under this policy, SST files produced by flushes or com-
pactions are managed as a set of sorted runs, which are selectively
merged based on multiple criteria, such as space amplification and
the size ratio between adjacent runs. Compared to leveled com-
paction, universal compaction reduces write amplification at the
cost of increased read amplification and space amplification. A
detailed description of the algorithmic behavior is provided in §5.4.

2.2 Zone Allocation and Cleaning in ZenFS

RocksDB manages both WAL and SST files in an append-only man-
ner, avoiding in-place overwrites and reorganizing data through
compaction. This write pattern naturally aligns with ZNS SSDs,
which enforce sequential writes at zone granularity. ZenFS [23, 52]
is a user-space file system designed to efficiently run RocksDB on
ZNS SSDs. It directly exposes the ZNS device to the host and explic-
itly manages LSM-tree–generated SST and WAL files at the zone
level. To this end, ZenFS provides two core mechanisms. Zone Allo-
cation (ZA) assigns newly created SST and WAL files to appropriate
zones and guarantees sequential writes within each zone, while

MemTable

WAL
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[Key-Range]

SST Size

LSM-tree
Com

pa
cti

on

PUT(k,v)

Flush

Zone
Cleaning

Zone
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Zone Namespace SSD

64M
[3-99]
(3.6)

64M
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(3.6)

64M
[1-15]
(1.45)

64M
[18-30]
(0.84)

64M
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(1.0)

39M
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(0.3)

44M
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(INF)

32M
[22-37]
(INF)

64M
[42-64]
(INF)

64M
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Figure 1: An illustrative example of RocksDB’s leveled com-

paction on ZenFS, showing level selection (𝐿_𝑆𝑐𝑜𝑟𝑒) and

pivot/unpivot SST selection (𝑂_𝑆𝑐𝑜𝑟𝑒).

Zone Cleaning reclaims zones that accumulate invalid data due to
compaction and returns them to a reusable state.

When the available free space on a ZNS SSD falls below a pre-
defined threshold, ZenFS triggers ZC. ZC selects a victim zone,
migrates the remaining valid SST and WAL files in that zone to
other zones, and resets the entire zone to reclaim free space. The
reclaimed zone is then reused for subsequent SST creation. Through
this process, ZenFS preserves the sequential-write constraint of
ZNS SSDs while enabling space recycling.

However, ZC in ZenFS is performed in the foreground. While ZC
is in progress, ZA is suspended and I/O requests are blocked. More-
over, inefficient victim zone selection can incur excessive valid-data
copying, leading to additional I/O, write stalls, and overall through-
put degradation [15, 33, 43, 45]. As a result, in ZenFS-based systems,
victim zone selection becomes a first-order factor that directly de-
termines ZC overhead and overall system performance.

2.3 Victim Zone Selection Policies: From Greedy

to Cost–Benefit

When ZC is triggered, ZenFS employs a simple greedy victim se-
lection policy that chooses the zone with the highest invalid ratio.
This design minimizes implementation complexity and metadata
overhead by considering only the amount of already invalid data.
However, the greedy policy ignores the future lifetime of the re-
maining valid data, failing to distinguish whether they correspond
to hot data that will soon be invalidated by compaction. As a result,
zones containing hot data may be prematurely cleaned solely due
to a high current invalid ratio, leading to unnecessary copying of
valid data.

In log-structured file systems [2, 39, 49, 56] and SSD firmware [18,
32, 35, 38, 51, 61], cost–benefit–based victim selection has been
widely studied to address this limitation by prioritizing cold seg-
ments and deferring the cleaning of hot ones. These techniques
estimate coldness primarily from past modification histories. How-
ever, such history-based metrics are fundamentally inadequate in
ZenFS, where data lifetime is dominated by LSM-tree compaction
rather than access patterns. Data that appear cold based on past
history may still be rewritten or deleted shortly thereafter due to
compaction, making history-based coldness a poor predictor of
future data survival.
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3 Limitations of History-Based Victim Selection

in LSM-ZNS Systems

This section revisits history-based victim selection in the context
of LSM-tree–based ZNS systems and shows that coldness estima-
tion fundamentally breaks down when compaction semantics are
ignored. We first present two key observations that expose the
limitations of applying classic cost–benefit–based approaches to
ZenFS. We then distill these observations into concrete challenges
and opportunities that motivate a compaction-aware design.

3.1 Limitations of History-Based Zone Coldness

Estimation in LSM–ZNS

3.1.1 Zone Coldness Cannot Be Inferred from a Single File
or History. CAZA [15, 40] and Prophet [43] represent the state
of the art in coldness-aware SST placement, predicting the life-
time of SST files at placement time to batch them into the same
zone based on an understanding of LSM-tree compaction behavior.
Both approaches estimate coldness using static features available
at placement time—such as the LSM-tree level, key-range overlap,
and SST file size—and demonstrate high prediction accuracy under
this assumption.

While these techniques focus on where SSTs should be placed,
they do not directly address which zone should be reclaimed once
zone cleaning is triggered. In practice, this decision is governed by
the victim zone selection policy. They adopt a greedy victim zone
selection policy, which we adapt to follow the classic cost–benefit
segment cleaning (CBSC) algorithm [56], originally designed for
log-structured file systems. CBSC assumes that blocks within a
segment exhibit similar lifetimes and therefore represents segment
coldness using the most recently modified block.

While this assumption holds in traditional LFS environments
such as F2FS, it breaks down in ZenFS. In ZenFS, a segment corre-
sponds to a ZNS zone whose size is orders of magnitude larger (96
MB–1 GB) than the 2 MB segments used in F2FS [3, 9]. As a result,
a single zone typically aggregates multiple SST files with highly
heterogeneous sizes and lifetimes, invalidating the use of a single,
history-based metric to represent zone coldness (Figures 5 and 6).

This heterogeneity is not merely theoretical. Our analysis us-
ing YCSB workloads shows that even within a single zone, SST
files exhibit widely varying sizes and update patterns, leading to
significantly different effective lifetimes.

Table 1: Distribution of SST file sizes in RocksDB LSM-tree

under YCSB workloads.

Workload <42MB 43–60MB 61–64MB >64MB

YCSB-zipfian 2,438 (12.4%) 2,425 (12.4%) 10,235 (52.1%) 4,529 (23.1%)
YCSB-uniform 1,950 (14.3%) 5,931 (43.6%) 3,150 (23.1%) 2,578 (19.0%)

Table 1 presents the size distribution of SST files within a zone.
Under the Zipfian workload, approximately 52.1% ( 10,23519,627 ) of SST
files have sizes close to the maximum (64–65 MB), while the re-
maining 47.9% are distributed across a much wider range of sizes.
Consequently, treating a zone as a homogeneous unit for coldness
estimation systematically misrepresents its true temperature.

Observation 1. In ZenFS, zone coldness cannot be reliably inferred
from a single file or recent modification history due to heterogeneous
SST sizes and lifetimes within a zone.

3.1.2 History-Based Coldness Fails Under LSM Compaction
Dynamics. Beyond heterogeneity, history-based coldness estima-
tion fails for a more fundamental reason: in LSM-tree–based sys-
tems, file lifetimes are governed by compaction rather than chrono-
logical aging (e.g., creation and invalidation events). SST files are
repeatedly created, rewritten, and deleted as theymove across levels
according to size constraints and compaction policies.

When history-based metrics such as modification time are di-
rectly applied to ZenFS, they implicitly assume that past updates
correlate with future invalidation. However, compaction events can
abruptly invalidate large numbers of SST files regardless of their
recent modification history. Our trace-driven analysis around zone
cleaning (ZC) events shows that zones predicted to be the coldest
by CBSC are frequently the hottest in reality once compaction is
triggered.
Observation 2. In LSM–ZNS systems, coldness is dominated by
compaction-induced level transitions, rendering history-based modifi-
cation metrics unreliable for predicting future invalidation.

3.2 Compaction-Induced Coldness Inversion

Pivot[Key-Range]
SST Size

64M
[3-99]
(3.6)

64M
[0-93]
(3.6)

64M
[1-15]
(1.45)

64M
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64M
[40-51]
(1.0)

39M
[53-80]

(0.3)

44M
[1-20]
(INF)

32M
[22-37]
(INF)

64M
[42-64]
(INF)

64M
[64-75]
(INF)

UnPivot

64M
[3-99]
(2.6)

64M
[0-93]
(2.6)

64M
[1-10]
(INF)

64M
[18-30]
(2.0)

64M
[40-51]
(1.0)

39M
[53-80]

(0.3)

15M
[11-17]
(INF)

32M
[22-37]
(INF)

64M
[42-64]
(INF)

64M
[64-75]
(INF)

Created

Compaction

Figure 2: Compaction-induced changes in LSM-tree state and

SST temperature.

Figure 2 illustrates how leveled compaction fundamentally alters
coldness estimates in an LSM-tree. The left subfigure shows the
SST layout before compaction, while the right shows the state
after an L(1)-to-L(2) compaction. Before compaction, L(1) has the
highest level score (𝐿_𝑠𝑐𝑜𝑟𝑒𝐿 (1) = 1.2), leading CAZA and Prophet
to classify it as the hottest level. After compaction, however, the
hottest level shifts to L(0) (𝐿_𝑠𝑐𝑜𝑟𝑒 = 1.0), while L(1) becomes the
coldest with 𝐿_𝑠𝑐𝑜𝑟𝑒𝐿 (1) = 0.86. This example illustrates that level
temperature inferred from 𝐿_𝑠𝑐𝑜𝑟𝑒𝐿 (𝑖 ) can be completely reversed
by a single compaction event.

A similar effect is observed at the SST granularity. Consider
the two L(1) SSTs with key ranges [18–30] and [40–51] before
compaction. Initially, the SST [40–51] has the highest object score
(𝑂_𝑠𝑐𝑜𝑟𝑒 = 1.0), making it the hottest SST in L(1). After the L(1)-
to-L(2) compaction, pivot and unpivot SSTs are removed and new
SSTs are created in L(2), altering the access characteristics of the
remaining L(1) SSTs. As a result, the 𝑂_𝑠𝑐𝑜𝑟𝑒 of the SSTs [18–30]
and [40–51] changes to 2.0 and 1.0, respectively, reversing their
relative temperature ordering within the same level.

Compaction induces substantial reordering in coldness at the
level granularity. Under the same workload and experimental setup

4
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as Figure 5 in §6.2, the ordering of 𝐿_𝑠𝑐𝑜𝑟𝑒𝐿 (𝑖 ) across levels changes
with a probability of 64.2% after compaction, whereas the ordering
of 𝑂_𝑠𝑐𝑜𝑟𝑒𝑆𝑆𝑇 within a level changes only 2.2% of the time.

3.3 False-Positive Analysis of History-Based

Coldness Prediction

To quantify the inaccuracy of history-based coldness prediction,
we measure the false-positive rate of CBSC, defined as cases where
a zone is predicted to be the coldest but is not cold in reality.

Average zone(WAL) zone(L0,L1)zone(L1,L2)zone(L2,L3)0

25

50

75

100

Fa
lse

-P
os

iti
ve

 (%
)
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384/448

126/195

1/1 1/1 14/14 11/11 3/3 12/12

51/114

178/181

62/81

16/104

202/263

38/88

(Lower is better)
fillrandom zipfian uniform

Figure 3: False-positive rates of history-based coldness pre-

diction (CBSC) across workloads and zones (lower is better).

Figure 3 reports the results for three workloads—fillrandom, zip-
fian, and uniform—with different key distributions (Table 2). The
experimental setup is identical to that assumed in the previous
section. In the figure, the numerator of each bar indicates the num-
ber of false positives, while the denominator represents the total
number of coldest-zone predictions.

Across all workloads, CBSC exhibits a high false-positive rate
ranging from 34% to 86%. This indicates that a substantial fraction
of zones selected as victims based on history-based coldness metrics
are in fact not the coldest at the time of zone cleaning. The root
cause of these false positives is that CBSC relies solely on past access
history, failing to account for future compactions that significantly
reshape data layout and dominate subsequent access behavior in
LSM-tree–based ZNS systems.

Together, these results motivate a compaction-aware approach
that can predict zone coldness beyond historical access patterns.

4 ColdMap Overview

The key idea of ColdMap is to predict zone coldness by model-
ing LSM-tree compaction behavior. To this end, ColdMap proac-
tively simulates future compactions and uses the resulting cold-
ness estimates to select the victim zone at zone-cleaning time. Fig-
ure 4a overviews the ColdMap workflow. When ZC is triggered,
ColdMap (1) takes an LSM snapshot and constructs ColdMap(LSM),
(2) simulates compaction to refine file-level coldness, and (3) derives
ColdMap(ZNS) for zone-level victim selection, as detailed below.

(1) Initial Coldness Mapping: ColdMap(LSM) is initially con-
structed to record the coldness of all SST and WAL files generated
by the LSM-tree, based on the current state of RocksDB (§5.1).

(2) Coldness Refinement via Compaction Simulation: Since
the coldness of SST files changes as compaction progresses, fu-
ture compactions are simulated to refine the coldness estimation.
The results of this simulation are used to update ColdMap(LSM),
reflecting expected changes in file coldness (§5.2).

(3) Zone-Level Conversion: Although ColdMap(LSM) tracks
the coldness of individual SST files, it lacks zone-level information.

By identifying the corresponding zone for each SST file, ColdMap(LSM)
is converted into ColdMap(ZNS), enabling zone-level coldness in-
ference (§5.3).

Using the resulting ColdMap(ZNS), we apply the final cost–benefit
based zone-cleaning algorithm to select a victim zone. The overall
workflow, triggered at ZC time, is illustrated in Figure 4b.

5 Design and Implementation

RocksDB supportsmultiple compaction policies.We present ColdMap
under leveled compaction (§5.1–§5.3) and show how the same prin-
ciples extend to universal compaction (§5.4).

5.1 Building ColdMap(LSM)

Under leveled compaction, the coldness of each SST file is computed
using two factors and then min–max normalized to a value in the
range [0.0, 1.0]. A value closer to 0.0 indicates a hotter file, whereas
a value closer to 1.0 indicates a colder file.
Vertical Factor(VF): Each level’s 𝐿_𝑆𝑐𝑜𝑟𝑒𝐿 (𝑖 ) is normalized to a
value between 0 and 1 through min-max normalization, and this
value is referred to as the Vertical Factor (VF). Therefore, each SST
file 𝑆𝑆𝑇𝑗 is assigned the VF value𝑉𝐹𝑆𝑆𝑇𝑗 corresponding to the level
it belongs to.
Horizontal Factor(HF): Each level has a VF value, and during
compaction, the level with the highest VF value is selected to per-
form the compaction. From this level, the SST file that performs
a merge-sort (Pivot SST) is chosen. To do this, the HF value of all
SST files is calculated as follows. Let the number of Unpivot SST
files that will be merge-sorted with the Pivot SST be 𝑢 − 1.

𝐻𝐹𝑆𝑆𝑇𝑘 =
𝑆𝑖𝑧𝑒 (𝑃𝑖𝑣𝑜𝑡𝑘 )∑𝑢−1

𝑖=0 𝑆𝑖𝑧𝑒 (𝑈𝑛𝑝𝑖𝑣𝑜𝑡𝑖 )

The SST file with the largest HF value is chosen as the Pivot SST.
And then, we convert HF value a value between 0.0 and 1.0 by
min-max normalization for fair reflection with VF. Finally, all SST
file having an HF value (𝐻𝐹𝑆𝑆𝑇𝑗 ) with range [0.0-1.0].

Note that the reason for selecting the largest HF value is that, in
the current RocksDB implementation, a larger value corresponds to
a smaller merge-sort computation time, as this approach minimizes
the compaction time [1, 6].

After calculating the VF and HF for each SST file, we compute
the 𝐶𝑜𝑙𝑑𝑆𝑆𝑇𝑖 for each SST as follows.

𝐶𝑜𝑙𝑑𝑆𝑆𝑇𝑖 = 𝑉𝐹𝑆𝑆𝑇𝑖 × 𝛼 + 𝐻𝐹𝑆𝑆𝑇𝑖 × (1 − 𝛼) (1)

In this study, we set 𝛼 to 0.5 to evenly weight the VF and HF.
Additionally, if there are no Unpivot SST files overlapping with
the Pivot SST file in RocksDB, a merge-sort is not performed, and
the Pivot SST is simply moved to the next level. This special com-
paction process is referred to as a Trivial Move. The Pivot SST file
involved in a Trivial Move is not deleted or invalidated until the
next compaction at the next level selects it. Therefore, such Pivot
SST files are considered as very cold SSTs, and their 𝐶𝑜𝑙𝑑𝑆𝑆𝑇 is
fixed to 1.0.
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Figure 4: Illustrations of ColdMap’s (a) architecture, (b) construction, and (c) update mechanism with the LSM-tree.

5.2 Compaction Simulation and Updating

ColdMap(LSM)

Each compaction event reshapes the LSM-tree and alters the cold-
ness of SST files (Figure 2). To capture this dynamic behavior, we
introduce an algorithm that predicts SST coldness by explicitly
modeling future compactions.

Figure 4b illustrates the overall process. Starting from the initial
ColdMap(LSM), ColdMap simulates future compactions for 𝑁 iter-
ations, updating the coldness of SST files after each simulated com-
paction. The resulting state constitutes the final ColdMap(LSM).
We discuss how to determine an appropriate value of 𝑁 in §5.2.1.

In LSM-trees, the coldness of an SST is governed not by past
access history but by when it will be invalidated by future com-
pactions. Accordingly, ColdMap aims to predict which SSTs will be
selected by upcoming compactions and when they will be removed,
without performing actual merge operations. To this end, ColdMap
follows RocksDB’s compaction selection rules and approximates
compaction outcomes to incrementally simulate changes in the
LSM-tree state. Each simulation step abstracts the essential seman-
tics of compaction: (i) selecting compaction targets, (ii) invalidating
existing SSTs, and (iii) generating new SSTs.

The detailed steps are described below.
(1) Building the LSM-tree Snapshot. ColdMap first captures a

snapshot of the current LSM-tree as the baseline for simulation. The
snapshot records only essential metadata for each SST file—its level,
key range, and size—which are sufficient to reproduce compaction
decisions without accessing data contents.

(2) Predicting Pivot and Unpivot SSTs. Using the snapshot,
ColdMap predicts the next compaction by applying the same selec-
tion rules as RocksDB. Specifically, it computes 𝐿𝑆𝑐𝑜𝑟𝑒 to identify
the level to compact and𝑂𝑆𝑐𝑜𝑟𝑒 to select the Pivot SST at that level.
Unpivot SSTs are then identified as those in the next level whose
key ranges overlap with the Pivot. This step emulates which files
the compaction algorithm would select next, as illustrated by the
blue (Pivot) and red (Unpivot) SSTs in Figure 4c.

(3) Updating Coldness in ColdMap(LSM). Files merged by
the same compaction share the same remaining lifetime. In a real com-
paction, the Pivot and Unpivot SSTs are merged and subsequently
deleted, implying that they share the same remaining lifetime. To

reflect this semantics, ColdMap assigns the same𝐶𝑜𝑙𝑑𝑆𝑆𝑇 value to
the predicted Unpivot SSTs as that of the Pivot SST. This update
models the fact that these files are invalidated together by the same
compaction event. The effect is shown by the first two SSTs at L(2)
in Figure 4c, whose 𝐶𝑜𝑙𝑑𝑆𝑆𝑇 values are updated to match that of
the Pivot SST at L(1).

(4) Updating the LSM-tree Snapshot. ColdMap then updates
the snapshot to reflect the structural outcome of compaction.
(Structural update) The Pivot and Unpivot SST files selected for
compaction are first removed from the LSM-tree snapshot (shown as
gray SSTs in the right subfigure of Figure 4c). The newly generated
SST files are then inserted into the corresponding level (green).
(Approximating SST properties) Because ColdMap does not perform
an actual merge-sort, the sizes and key ranges of new SSTs are ap-
proximated. To address this, ColdMap approximates the properties
of newly created SST files in the snapshot. First, it estimates the
total output size by multiplying the combined size of the Pivot and
Unpivot SST files by the average compression ratio observed in
previous compactions at that level.

For example, with a 112 MB input and an average compression
ratio of 0.73, the total output size is estimated as 82 MB. This output
is then split according to RocksDB’s maximum SST size, resulting
in one 64 MB SST and a remainder SST of 18 MB, as illustrated in
Figure 4c.

Next, ColdMap predicts the key range of each newly created SST
by proportionally dividing the combined key range of the input SSTs
based on their relative sizes. In the above example, the input key
range [1–13] is divided into [1–10] for the 64 MB SST and [11–13]
for the 18 MB SST. This approximation preserves the relative key-
range layout required for subsequent compaction decisions.

(5) Iterative Simulation (Steps 2-4). The updated snapshot
becomes the input to the next iteration. Steps (2)–(4) are repeated
for 𝑁 iterations until no further compaction is predicted. SST files
deleted in earlier iterations are excluded from subsequent predic-
tions, ensuring consistency across iterations.

Intra-L0 Compaction Exception. RocksDB disallows concur-
rent L0–L1 and L1–L2 compactions. To prevent excessive accumula-
tion of unsorted SSTs in L0, RocksDB performs intra-L0 compaction,
which merges overlapping SSTs within L0 only [4, 5]. Intra-L0 com-
paction merges SST files with overlapping key ranges within L0
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and produces new SST files that remain in L0, ensuring that the
compaction is confined to the L0 level. ColdMap explicitly models
this behavior during simulation, ensuring that coldness updates
remain consistent with RocksDB’s actual compaction semantics.
5.2.1 AdaptiveDetermination of SimulationDepth. ColdMap
predicts future invalidation by simulating the next 𝑁 compactions
at the time ZC is triggered. A small 𝑁 fails to capture compactions
that will actually occur before the next ZC, while a large 𝑁 expands
the prediction horizon but accumulates approximation errors from
snapshot-based simulation, degrading accuracy. Thus, the optimal
𝑁 depends on the number of compactions that occur between ZC
events, which varies with write intensity.

Based on this observation, we adopt an adaptive scheme that sets
𝑁 to the moving average of the number of compactions observed
over the most recent 𝐾 ZC intervals. Let 𝐶𝑡 denote the number of
compactions executed by RocksDB between ZC𝑡−1 and ZC𝑡 . At
ZC𝑡 , we compute 𝑁𝑡 =

⌊
1

min(𝑡,𝐾 )
∑min(𝑡,𝐾 )
𝑖=1 𝐶𝑡−𝑖+1

⌋
, with 𝐾 = 3

in our implementation. Using a moving average smooths short-
term fluctuations in compaction frequency, yielding a stable 𝑁 .
Because RocksDB already maintains compaction counters, this
scheme introduces no additional overhead.

5.2.2 ColdnessModeling forWALFiles. In addition to SST files,
RocksDB maintains WAL files to ensure crash consistency. WAL
files are deleted only after a flush completes, when all key–value
pairs in the Memtable have been safely persisted as SST files. As
a result, WAL lifetime is governed by flush behavior rather than
by compaction. Notably, RocksDB temporarily suspends flush op-
erations during L(0)-to-L(1) compactions [60, 62]. Based on this
observation, ColdMap assigns a WAL file the same coldness as
L(0) SST files when the compaction simulation predicts an upcom-
ing L(0)-to-L(1) compaction, indicating that flush—and thus WAL
deletion—will be deferred. In contrast, when the predicted next
operation is not an L(0)-to-L(1) compaction, implying that a flush
may occur immediately, the coldness of the WAL file is set to 0.

5.3 Cost–Benefit–Based Zone Cleaning with

ColdMap(ZNS)

To apply cost–benefit analysis to zone cleaning (ZC), we first con-
struct ColdMap(ZNS), which assigns a coldness value to each zone.
In ZNS-based systems, a zone may contain multiple SST and WAL
files with heterogeneous sizes. As discussed in § 2.3, this hetero-
geneity makes it insufficient to characterize a zone using the access
history of a single file.

Let 𝑧𝑜𝑛𝑒𝑘 contain 𝑛 SST or WAL files. The coldness of each file
is obtained from ColdMap(LSM), which tracks file-level coldness
within the LSM-tree. We derive the coldness of 𝑧𝑜𝑛𝑒𝑘 as a size-
weighted average of the coldness of its constituent files:

𝐶𝑜𝑙𝑑𝑍𝑜𝑛𝑒𝑘 =

∑𝑛
𝑖=1

(
𝐶𝑜𝑙𝑑𝑆𝑆𝑇𝑖 or𝑊𝐴𝐿𝑖 × 𝑆𝑖𝑧𝑒 (𝑆𝑆𝑇𝑖 or𝑊𝐴𝐿𝑖 )

)∑𝑛
𝑖=1 𝑆𝑖𝑧𝑒 (𝑆𝑆𝑇𝑖 or𝑊𝐴𝐿𝑖 )

(2)

Once ColdMap(ZNS) is constructed, the computed 𝐶𝑜𝑙𝑑𝑍𝑜𝑛𝑒𝑘
values are substituted into the cost–benefit formulation [56], which
is a ZNS-adapted version of Equation 3, to compute the score for
each zone. The zone with the highest cost–benefit score is then
selected as the victim for ZC.

𝐵𝑒𝑛𝑒 𝑓 𝑖𝑡𝑍𝑜𝑛𝑒𝑘

𝐶𝑜𝑠𝑡𝑍𝑜𝑛𝑒𝑘
=
𝐹𝑍𝑜𝑛𝑒𝑘 ×𝐶𝑜𝑙𝑑𝑍𝑜𝑛𝑒𝑘

𝐶𝑍𝑜𝑛𝑒𝑘
(3)

Here, 𝐹𝑍𝑜𝑛𝑒𝑘 denotes the amount of free space reclaimed by
cleaning zone 𝑍𝑜𝑛𝑒𝑘 , while 𝐶𝑍𝑜𝑛𝑒𝑘 represents the amount of valid
data that must be copied during the cleaning process. 𝐶𝑜𝑙𝑑𝑍𝑜𝑛𝑒𝑘
captures the coldness of zone 𝑍𝑜𝑛𝑒𝑘 , reflecting how unlikely the
data in the zone is to be modified in the future.

5.4 ColdMap beyond Leveled Compaction

Universal Compaction unifies several variants of tiered compaction
and is known to achieve lowwrite amplification underwrite-intensive
workloads. However, by deferring merges and maintaining multi-
ple sorted runs concurrently, it incurs higher read overhead and
increased space usage due to prolonged data duplication.

Universal Compaction selects merge candidates by evaluating
four trigger conditions in a fixed priority order. It first checks pe-
riodic compaction, which forces merges after a time threshold. If
unmet, it evaluates the space amplification condition based on the
ratio of total data size to non-bottom runs. Next, it applies the size
ratio condition, cumulatively merging adjacent runs whose size
ratios fall below a threshold, starting from the newest run. Finally,
it enforces a sorted-run count limit by merging the smallest runs
when the number of runs exceeds a bound. Once a higher-priority
condition is satisfied, lower-priority conditions are not considered,
thereby determining both the timing and scope of compaction.

To reflect this behavior, ColdMap models Universal Compaction
by faithfully emulating its trigger rules. Given the current LSM-tree
state, ColdMap evaluates the triggers in priority order to identify
files most likely to be compacted next. Files selected by an active
trigger (e.g., via the size-ratio condition) are assigned low coldness
(hot), while files not matching any trigger are initialized as cold.

ColdMap then refines coldness by iteratively simulating 𝑁
rounds of compaction. In each round, it updates the LSM-tree snap-
shot to reflect predicted merges and re-evaluates the trigger condi-
tions, marking newly selected compaction candidates as hot.

The subsequent zone-level coldness aggregation and cost–benefit
based victim selection follow the same procedure as in leveled
compaction (§5.1).
Generalizability across Compaction Policies. RocksDB sup-
ports a wide range of compaction policies beyond the leveled and
universal schemes evaluated earlier, including variants such as
Leveled-N [21]. Even within leveled compaction itself, multiple vari-
ants are employed depending on the pivot selection priority [53].
For example, in addition to the default kMinOverlappingRatio,
which prioritizes SSTs with minimal overlap with the next level,
RocksDB provides alternative policies such as RoundRobin,
kOldestSmallestSeqFirst, and kByCompensatedSize [53].

Despite these variations, all policies share a common structure in
determining which level to compact (corresponding to ColdMap’s
VF), while differing only in which SST is selected as the pivot within
the chosen level (corresponding to ColdMap’s HF). As a result,
ColdMap achieves structural generality by adapting only the HF
computation logic for each policy, while reusing the rest of the
pipeline unchanged.
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Generalizability to other LSM KVS. Our simulation method can
be generalized in different LSM-tree based KV DB. LSM-tree KVS
compaction policies fall into two families: Leveled and Tiered [20].
In the Leveled family, BadgerDB’s [8] compaction policy is nearly
identical to RocksDB’s, differing only in that it skips 𝐿1 when the
DB size is below a threshold. Adding this single condition to the
simulation is sufficient for adaptation. In the Tiered family, Cassan-
dra’s [7] default strategy STCS is representative. Universal Com-
paction simulates four trigger conditions including a size-tiered
condition, while STCS operates using only the size-tiered condition
among them. Although STCS’s size-tiered condition differs from
Universal’s size ratio condition in its grouping mechanism, the sim-
ulation pipeline structure remains identical, so extension requires
only replacing the trigger logic.

6 Evaluation

6.1 Experimental Setup

Implementation and Configuration. We implement CAZA [15],
a state-of-the-art lifetime-aware data placement scheme, on RocksDB
v7.4.4 with ZenFS v2.1. On this baseline, we evaluate ZenFS’s default
greedy zone cleaning, a file-system–level cost–benefit scheme [56],
a state-of-the-art firmware-level cost–benefit scheme [61], and our
proposed ColdMap. We also implement Prophet [43] and, together
with CAZA, use it to assess the limitations of zone allocation and
cleaning in §6.2.

To formularize a highly concurrent environment, we configured
RocksDB with four flush threads, four compaction threads, and
eight subcompaction threads. FAR [16] was enabled throughout
execution and triggered when free space dropped below 25%, while
all other RocksDB parameters remained at their default settings.
Workloads.We used four distinct categories of workloads, each
designed to capture different access patterns and operational char-
acteristics (Table 2). The characteristics of each workload group are
summarized as follows.

• Production-Level Workloads: Two realistic MixGraph bench-
marks [17, 59] are used, along with a production-derived opera-
tion mix (57:41:2) from Nutanix Inc., whose cloud storage stack
is built on RocksDB [10, 11, 44].

• Write-Intensive Synthetic Workloads: RocksDB’s db_bench
workloads (fillrandom and readwriterandom) and write-only
YCSB workloads (uniform and zipfian, 𝛼 = 0.9) are employed to
stress the system under heavy write pressure [12].

• Read-Dominant Synthetic Workloads: Three standard YCSB
workloads with read-heavy access patterns are selected to evalu-
ate system behavior under mixed and read-dominant workloads.

• Transactional OLTPWorkloads: Three OLTP workloads from
Sysbench [37] and OLTPBase [22] are executed on MariaDB
with the RocksDB storage engine (MyRocks [48]) to assess per-
formance under realistic transactional database workloads.

We compare the following four algorithms.

• Greedy: A baseline ZC algorithm that selects the zone with the
highest invalid ratio as the victim. This policy has been used as
the default ZC algorithm in all prior LSM–ZNS studies.

• CBSC [56]: A cost–benefit segment cleaning algorithm origi-
nally proposed for LFS. We reimplement CBSC in the context of

Table 2: Workloads used in our evaluation. (P:G:S) denotes

the ratio of Put:Get:Scan operations.

Group Workload Scale (P:G:S) Characteristic

Production-level
nutanix 80M OPS 57:41:02 Write-intensive
mixgraph1 120M OPS 80:17:03 Write-intensive
mixgraph2 120M OPS 14:83:03 Read-intensive

RDBMS (MyRocks)
oltp-insert [37] 3600 sec 50:50:00 Write-intensive
oltp-rw [37] 4800 sec 08:71:21 Read-intensive
tpc-c [22] 4800 sec 02:93:05 Read-intensive

Write synthetic

fillrandom 164M OPS 100:00:00 Write-intensive
YCSB-zipfian 120M OPS 100:00:00 Write-intensive
YCSB-uniform 66M OPS 100:00:00 Write-intensive
rwrandom 60M OPS 80:20:00 Write-intensive

Read synthetic
YCSB-A 10M OPS 50:50:00 Read-intensive
YCSB-B 5M OPS 05:95:00 Read-intensive
YCSB-D 10M OPS 05:95:00 Read-intensive

LSM–ZNS for the first time by mapping segments and blocks to
zones and SST files, respectively.

• FaGC+ [61]. A state-of-the-art cost–benefit strategy proposed
at the SSD firmware level. We implement FaGC+ in ZenFS to
represent firmware-inspired cost–benefit ZC policies.

• ColdMap. Our proposed algorithm, which predicts file cold-
ness via compaction-aware simulation. Unless otherwise stated,
ColdMap is evaluated under Leveled Compaction.

Our evaluation uses a WD ZN540 SSD with 904 zones, each of
1077 MB [3]; for experimental convenience, 103 zones are mounted
in ZenFS. Experiments are conducted on a server with an Intel(R)
i7-14700K CPU (26 cores), 32 GB of memory, running Linux kernel
v6.8.0 and Ubuntu 20.04 LTS.

6.2 Inherent Limitations of Allocation- and

Cleaning-Based ZC Mitigation

In this section, we show that even state-of-the-art zone allocation
schemes (CAZA [15] and Prophet [43]) and proactive zone cleaning
(ZC) schemes (e.g., FAR [16]) suffer from fundamental limitations.

6.2.1 Residual Lifetime Heterogeneity under Allocation-
Based Placement. Although CAZA [15] and Prophet [43] perform
lifetime-aware placement to co-locate data with similar expected
lifetimes, residual lifetime heterogeneity persists within zones, in-
evitably leading to valid data copying during ZC and undermining
the effectiveness of both zone allocation and cleaning.

Figure 5 illustrates file lifetimes within a representative zone
managed by CAZA. Each horizontal line represents the lifetime
of a file, from its placement into the zone to its deletion. Most
files placed during the [50–150] second interval are deleted shortly
thereafter; however, a small subset (files 6, 11, and 13) persist for
an additional ∼100 seconds, significantly longer than the others.
A similar pattern appears in the [700–800] second interval, where
files 1–8 are deleted within 20 seconds, while files 11, 13, and 21 sur-
vive until a subsequent ZC event. These long-lived files ultimately
trigger valid data copying during ZC, despite being co-located with
predominantly short-lived data. This observation indicates that
CAZA does not consistently group files with truly similar lifetimes
within the same zone.

This limitation is not unique to CAZA. Figure 6 shows that
Prophet exhibits similar lifetime divergence within a single zone.
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Figure 5: Lifetime difference of files placed in a sample zone

using CAZA [15] (until 1000 seconds, YCSB-zipfian).
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Figure 6: Lifetime difference of files placed in a sample zone

using Prophet [43] (until 1000 seconds, YCSB-zipfian).

Thus, despite explicitly targeting lifetime-aware placement, state-
of-the-art zone allocation techniques remain insufficient to fully
separate hot and cold data, inevitably leading to valid data copying
during ZC.

6.2.2 Limits of Proactive Zone Cleaning under Open-Zone
Constraints. To mitigate the overhead of valid data copying that
remains unavoidable under allocation-based schemes such as CAZA
and Prophet, prior work has explored proactive zone cleaning (ZC)
mechanisms. FAR [16] represents a representative approach in this
direction, aiming to reduce ZC-induced overhead and I/O blocking
by proactively cleaning zones selected by a greedy policy. However,
the effectiveness of FAR is fundamentally constrained by the open-
zone limit enforced by ZNS SSDs for DRAM and power efficiency.
In practice, this limit is typically restricted to a small number of
zones (e.g., 14 or 256) [3, 31, 50], which severely limits the flexibility
of proactive ZC and restricts its ability to avoid valid data copying.

We used the FEMU-based ZNS emulator, ConfZNS [24, 58], to
quantitatively evaluate how the open zone limit constrains the
effectiveness of proactive ZC by measuring the amount of valid
data copied during cleaning. Since commercial ZNS devices, such as
the WD ZN540 [3], do not allow the open zone limit to be modified,
ConfZNS was the only practical option for isolating and studying
this effect.

In our evaluation, we configured the zone size to 1GB and the
total ZNS SSD capacity to 100GB. We employed CAZA as the zone
allocation algorithm and varied the open zone limit to examine how
this hardware-imposed constraint affects the potential performance
gains of proactive ZC.
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Figure 8: ZC overhead and throughput under write-intensive

workloads (PUT ≥ 50%).

Figure 7 shows that FAR reclaims little free space when the open
zone limit is restricted to 7% of the total number of zones. Under
this setting, the effectiveness of FAR is largely eliminated, and the
amount of valid data copying incurred by greedy ZC reaches its
maximum. Notably, real ZNS SSDs impose an even stricter con-
straint: for example, the WD ZN540 allows only 14 open zones out
of 901, corresponding to an open zone limit of approximately 1.5%.
This suggests that FAR’s potential benefits are severely limited in
practical deployments.

Increasing the open zone limit alleviates this constraint only
partially. Even when the open zone limit is increased to approach
the total number of zones, valid data copying is not eliminated and
instead saturates at approximately 90–100GB. This saturation indi-
cates that proactive cleaning alone is insufficient to fundamentally
remove ZC overhead.

A low open zone limit also directly restricts lifetime-based data
segregation. When the open zone limit is extremely small (e.g., one
open zone), files with different lifetimes must be placed into the
same zone, leaving no opportunity for separation. As a result, long-
lived data remain valid during ZC, preventing zones from becoming
fully invalid and limiting the number of reclaimable zones.

Overall, these results show that FAR struggles to generate suffi-
cient free space or reduce ZC overhead under the open zone limits
imposed by ZNS SSDs. Even with a significantly increased open
zone limit, proactive ZC cannot eliminate valid data copying, re-
vealing a fundamental limitation of cleaning-based approaches.

6.3 Performance across Workloads

We evaluate ColdMap under diverse workload characteristics to
assess how its prediction-driven cost–benefit design improves per-
formance in LSM–ZNS systems.

6.3.1 Write-IntensiveWorkloads. We evaluate ColdMap under
seven write-intensive workloads where ZC events occur frequently
(Figure 8 (a)). We compare ColdMap against Greedy (the ZenFS
default algorithm) and our implemented methods FaGC+ and CBSC.
The results show that ColdMap reduces ZC overhead by an average
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Figure 9: ZC overhead and throughput under read-intensive

workloads (PUT Ratio < 50%).

of 35% (up to 189–4%) compared to all comparison methods, achiev-
ing the lowest overhead across all workloads. Notably, ColdMap
achieves up to 49% ZC overhead reduction compared to the Greedy
baseline. This reduction in ZC overhead translates to improved
throughput (Figure 8 (b)). ColdMap improves throughput by an
average of 11% (up to 27–3%) compared to all methods, with up to
15.7% throughput improvement over the Greedy baseline.

6.3.2 Read-Intensive Workloads. ColdMap also mitigates ZC
overhead in read-intensive scenarios, reducing it by 138–3% com-
pared to the baselines (Figure 9 (a)). However, in these cases, the
throughput improvement of ColdMap is limited (Figure 9 (b)). This
is because most read operations (e.g., GET, SCAN) can proceed
immediately, even if ZC events occur, leaving little room for further
performance gains.

6.3.3 Tail Latency on ProductionWorkloads. To evaluate whe-
ther ColdMap degrades tail latency under intensive ZC activity, we
measure the tail latency of PUT, GET, and SCAN operations using
three production-level workloads that reflect real-world request
patterns. ColdMap reduces both the total ZC copy volume and the
invocation frequency, thereby mitigating ZC-induced I/O blocking.
Figure 10 shows that these improvements do not come at the cost of
tail latency degradation. Across all workloads and operation types,
ColdMap achieves comparable or lower latency at all reported
percentiles compared to prior approaches. These results confirm
that ColdMap’s throughput gains are achieved without sacrificing
tail latency.

6.4 How Can ColdMap Improve ZC Efficiency

We analyze ColdMap’s coldness metric (𝐶𝑜𝑙𝑑𝑧𝑜𝑛𝑒 , Equation 2) used
for victim zone selection, and examine the remaining lifetime of
files migrated from those zones to assess how many truly cold files
are copied to improve ZC efficiency.

6.4.1 How cold are the zones selected by ColdMap? We com-
pare the coldness of victim zones selected by ColdMap and Greedy,
the latter being the default algorithm commonly adopted in prior
LSM-ZNS studies. This comparison is intended to verify whether
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Figure 10: Tail latencies of production-level workloads.

ColdMap can more accurately identify and select truly cold zones
as victims.

Figure 11 presents the results of this comparison. For the evalu-
ation, we used two metrics: the average coldness of victim zones
selected during each zone cleaning (ZC) call, and a weighted aver-
age coldness metric,𝑊𝐴𝐶𝑜𝑙𝑑𝑍𝑜𝑛𝑒

, which accounts for the amount
of data copied in each ZC call.

𝑊𝐴_𝐶𝑜𝑙𝑑𝑍𝑜𝑛𝑒 =
∑𝑛
𝑘=1 (𝐶𝑜𝑙𝑑𝑍𝑜𝑛𝑒𝑘 ×𝐶𝑜𝑝𝑖𝑒𝑑𝑧𝑘 )∑𝑛

𝑘=1𝐶𝑜𝑝𝑖𝑒𝑑𝑧𝑘
(4)

The results show that, underwrite-intensiveworkloads, ColdMap
consistently selects victim zones with 10–20% higher values in both
𝐶𝑜𝑙𝑑𝑍𝑜𝑛𝑒 and𝑊𝐴𝐶𝑜𝑙𝑑𝑍𝑜𝑛𝑒

compared to Greedy. The results con-
firm that ColdMap effectively selects cold victim zones.

6.4.2 How long do the victim files selected by ColdMap ac-
tually survive? 𝐶𝑜𝑙𝑑𝑧𝑜𝑛𝑒 represents the coldness value of a victim
zone as predicted by the ColdMap algorithm. To verify whether this
value truly reflects the coldness of a zone, we measure how long
the files copied during ZC remain alive. For this purpose, we adopt
a modified version of the FC_Ticks metric originally proposed in
Prophet [43].

FC_Ticks is a term derived from the first letters of Flush and Com-
paction, which represent two core operations in LSM-tree systems.
This metric serves as an indicator of a file’s lifetime, increasing
the file’s FC_Ticks by one each time a compaction or flush occurs
while the file is still valid. In our version, we extend the original
FC_Ticks metric to also include WAL file write operations, such
that the tick value increases for each compaction, flush, or WAL
write event that occurs while the file is alive. That is, cold files that
persist longer tend to experience more compaction, flush, or WAL
operations, resulting in higher FC_Ticks values.

Figure 12 visualizes the post-copy lifetime of files copied during
ZC using the FC_Ticks distribution. As shown in the figure, across
all three workloads, files copied by ColdMap record, on average, ap-
proximately 50 higher FC_Ticks values than those copied by Greedy.
Specifically, in the case of Greedy, the frequency is concentrated
in the lower region of the graph, indicating that many copied files
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.
were deleted shortly after the copy. In contrast, ColdMap shows a
higher frequency in the upper region, meaning that the copied files
remained valid for a longer time after ZC.

These results demonstrate that ColdMap more effectively selects
truly cold files as victims, and that those files tend to remain alive
for a longer duration.

6.5 ColdMap Construction Overhead

We evaluate the overhead incurred by running ColdMap.
TimeComplexity.Constructing ColdMap takes𝑂 (𝑁 ) time, where
𝑁 is the number of SST files. Each compaction simulation also in-
curs 𝑂 (𝑁 ) time to identify the next compaction candidate via a
max operation over SSTs. However, in practice, ColdMap is built
statelessly only when ZC is triggered, which occurs infrequently
as it is activated only when free space drops below a threshold.
Across all workloads, the construction overhead accounts for less
than 0.08% of total runtime, making the cost of building ColdMap
negligible.
Memory Overhead. As for memory overhead, only 5MB of DRAM
is required when operating with a 10TB ZNS SSD. Assuming the de-
fault SST file size is 64MB, Each SST entry in ColdMap(LSM)/Snapshot
requires 32 bytes of metadata: 8 bytes each for the start and end key
ranges, 8 bytes for file size, and 8 bytes for coldness. A 10TB SSD
stores approximately 160K SST files, leading to a total metadata
memory requirement of 160𝐾 × 32 bytes = 5MB.
CPU Overhead. ColdMap exhibited the lowest cumulated CPU
usage (ColdMap = 7.51%, CBSC = 8.64%, greedy = 9.11%) during
runtime. This is because the reduction in CPU usage gained from
fewer ZC copies and fewer ZC operations outweighs the additional
CPU cost incurred for building ColdMap.

6.6 Design Sensitivity and Ablation Study

We present a sensitivity and ablation study of ColdMap, focus-
ing on key design parameters that affect prediction accuracy and
performance.

6.6.1 Impact of Compaction Simulation Depth on Prediction
Accuracy. The prediction accuracy of ColdMap depends on how
deeply future compactions are simulated. This section evaluates the
effectiveness of the simulation-depth setting introduced in §5.2.1,
focusing on the trade-off between under- and over-simulation.
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Figure 13: Impact of compaction simulation iterations on sys-

tem behavior. 0–16 denote static 𝑁 values (hollow markers),

while D denotes the adaptive 𝑁 setting (filled markers).

Figure 13 compares a static simulation depth 𝑁 with an adaptive
scheme that dynamically adjusts 𝑁 based on observed compaction
behavior. With a static setting, increasing 𝑁 initially improves
performance by better capturing compactions that occur before the
next ZC. However, beyond a moderate depth, performance degrades
as approximation errors accumulate, leading to inaccurate coldness
estimation and suboptimal victim selection.

The adaptive scheme addresses this limitation by aligning the
simulation depth with the actual number of compactions occurring
between ZC events. In practice, the number of compactions between
consecutive ZCs varies over time depending onwrite intensity, mak-
ing a fixed 𝑁 inherently brittle. By setting 𝑁 to a moving average of
recently observed compaction counts, the adaptive scheme tracks
this variability and avoids both under- and over-simulation.

As a result, the adaptive scheme consistently matches or exceeds
the best statically tuned configuration across workloads. More
importantly, it achieves this robustness without prior tuning or
workload-specific parameter selection, automatically adjusting the
simulation depth as compaction behavior changes over time. This
confirms that dynamically adapting 𝑁 is essential for maintaining
accurate coldness prediction under diverse and evolving workloads.

6.6.2 Impact of Weighting Vertical and Horizontal Factors.
In §5.1, we defined 𝐶𝑜𝑙𝑑𝑆𝑆𝑇 as a weighted combination of the HF
and the VF, controlled by the parameter 𝛼 . To evaluate the im-
portance of each factor, we vary 𝛼 while fixing the number of
compaction simulation iterations to 4 as our earlier results show
that performance is maximized around this value.
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Figure 14: Impact of balancing vertical and horizontal factors

on performance. Numbers on x-axis are 𝛼 value, described

on Equation 1 (§5.1).

In Figure 14, 𝛼 = 0.5, which assumes the same weight for VF and
HF, shows better performance across all three different workloads.
We averaged the results over three trials for each configuration. The
standard deviation ranged from 0.03 to 0.1, indicating consistent
outcomes across runs. For example, in the fillrandom workload, if 𝛼
is set to 0 or 1, it degrades performance. Therefore, we recommend
that both factors be equally considered, by setting 𝛼 as 0.5.

6.7 Effectiveness under Large Zone Sizes

With the emergence of peta-scale SSDs, zone sizes are expected to
grow even larger. Accordingly, we evaluated whether the proposed
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Table 3: Performance under Universal Compaction (fillran-

dom). All values are normalized to Greedy.

Metric Greedy FaGC+ CBSC ColdMap

ZC Data Copy ↓ 1.00 (6.7 GB) 2.86 1.61 0.31

Throughput ↑ 1.00 (214.8 Kops/sec) 0.87 0.93 1.07

ColdMap remains effective under such conditions. The WD ZN540
has a fixed zone size of 1077MB. To assess the impact of larger
zone sizes, we used ConfZNS [58], configured with a 2GB zone
size, and conducted experiments using the Nutanix workload. As
a result, ColdMap reduced the amount of valid data copied and
I/O blocking time by 10% compared to the existing baselines. It
also improved throughput by about 8%. These results confirm that
ColdMap remains effective even with larger zone sizes.

6.8 Policy-Agnostic Effectiveness of ColdMap

ColdMap is applicable to a wide range of compaction policies by
incorporating policy-specific trigger conditions into its simulation
model. We experimentally evaluate the effectiveness of ColdMap
under universal compaction. The evaluation follows the same setup
as §6.1, replacing leveled compaction with universal compaction
and using the fillrandom workload.

Table 3 compares ColdMap against Greedy, the default ZC pol-
icy used in ZenFS. ColdMap reduces ZC overhead by 68.6% and
improves throughput by 7% compared to Greedy. These results
demonstrate that ColdMap remains effective across compaction
policies despite differences in their internal logic.

7 Related Work

Victim Selection in LFS and SSD Firmware. Cost–benefit–based
victim selection has been widely adopted in LFS and SSD firmware.
CBSC [56], originally proposed for LFS, estimates segment coldness
using the timestamp of the most recently modified block to mini-
mize recopying cost. F2FS [39] builds on this idea but observes that
data age and utilization have different units and conflicting effects; it
therefore applies min–max normalization and computes a weighted
sum for more balanced victim selection. ATGC [2, 49] further ex-
tends F2FS by excluding hot segments likely to self-invalidate in the
near future, thereby reducing write amplification and improving
GC efficiency.

Similar ideas have evolved in SSD firmware, including FeGC [38],
FAST-CB [51], and FaGC+ [61]. FeGC shows that invalidation his-
tories better capture a block’s future modification behavior than
the age of valid pages, and thus identifies blocks that have reached
a stable state with low self-invalidation likelihood. FAST-CB ad-
dresses the scalability of cost–benefit selection, whose complexity
grows linearly with the number of blocks, by grouping blocks into
age ranges and scanning from the oldest group to reduce selection
time while preserving WA characteristics. FaGC+ further refines
block-level estimation by recording per-page modification times
and computing a cost–benefit score that combines the average age
of valid pages with the invalid ratio.
LSM-treeOptimization onZNS SSDs. Beyond the data placement
and compaction optimizations discussed in §1 [15, 34, 40, 43, 45, 57],

prior work has explored improving other aspects of LSM–ZNS sys-
tems. SplitZNS [30] improves LSM-tree GC efficiency by introduc-
ing small zones via zone-to-chip remapping, while WA-Zone [46]
optimizes device lifetime through wear-aware zone management.
WALTZ [41] reduces WAL tail latency using Zone Append, and
Hwang et al. [33] minimize data movement by coordinating com-
paction with ZenFS GC. However, none of these approaches directly
optimize victim zone selection at ZC time.

8 Conclusion

Despite recent advances in zone allocation and proactive ZC, ZNS
file systems still suffer from substantial zone-cleaning overhead.
To address this issue, we propose ColdMap, which accurately pre-
dicts cold zones at ZC time by simulating LSM-tree compaction.
By explicitly modeling future invalidation, ColdMap eliminates
false positives inherent in history-based predictors. Across diverse
workloads, ColdMap reduces ZC-induced data copying by up to
49% and improves overall throughput by an average of 15.7%, out-
performing Greedy, CBSC, and FaGC+, the state-of-the-art victim
selection schemes at the file-system and firmware levels.
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