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Abstract

Log-structured systems have become the backbone of modern
data-intensive applications thanks to their high write through-
put. Their efficiency, however, is deteriorated by the write
amplification factor (WAF) induced by garbage collection.
Despite extensive studies, there still exists a wide gap be-
tween practice and optimality. In this paper, we bridge this
gap with two key contributions. We first design NoDaP, a
near-optimal oracle baseline that sets the upper bound for
WAF reduction. Then, guided by insights from NoDaP, we
propose DOGTI, an oracle-inspired data placement technique
that combines simple yet effective heuristics with lightweight
machine learning. DOGI predicts invalidation times for data
blocks with high accuracy, dynamically tunes group config-
urations, and finds the sweet spot between fine-grained data
placement and misprediction penalty. Our experiments, using
simulations and a prototype on a zoned device, show that
DOGI reduces WAF by up to 23.2% while improving write
throughput by up to 13.3% over the best-performing baseline.

1 Introduction

Log-structured storage systems (LSSs) are widely deployed
in various domains, such as storage firmware [3,20, 28], key-
value stores [16, 44, 49], and distributed file systems [10,
31,46]. By transforming many small-sized random updates
to sequential append-only writes, LSSs achieve high write
throughput across a wide range of storage media, including
HDDs [1,2], SSDs [6, 8], and zoned devices [7,22,40].
However, the append-only write design of LSSs inevitably
produces invalid data, making garbage collection (GC) indis-
pensable. When a data block needs to be updated, LSSs write
the new data in the next available block, leaving the invalid
block with obsolete data. GC reclaims these invalid blocks
that unnecessarily occupy storage space. LSSs partition the
storage space into segments, each comprising thousands to
millions of 4KiB data blocks, and perform GC at a segment
granularity. When free segments run out, GC selects a victim
segment to reclaim, relocates valid blocks to other segments,
and returns the victim to the free pool. The more valid blocks
a victim segment contains, the more data must be relocated,
which results in substantial operations [21]. This overhead is
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expressed by the write-amplification factor (WAF), defined
as the ratio of the total bytes written by the storage system to
the bytes originally requested by the user [15,48].

Due to its high impact on performance, minimizing WAF is
a key challenge in LSS design [3, 12,39]. Many prior studies
have attempted to address this challenge by proposing various
data placement techniques that co-locate blocks with similar
lifetimes so that GC can proceed more efficiently [11, 23,25,
27,30,39,43,51,52,54].

Despite extensive research, a wide gap remains between
practical techniques and the theoretical optimum. To measure
how close existing techniques come to the best achievable
WAF, we design NoDaP, Near-optimal, oracle-guided Data
Placement, a baseline that exploits blocks’ future lifetimes to
set the near-optimal bound of WAF. While NoDaP is an offline
algorithm and cannot serve as a practical policy, it presents a
useful upper bound and design target. Through comparative
analysis with NoDaP, we discover three key limitations in
current state-of-the-art (SOTA) techniques.

First, for incoming blocks written by the user, existing
heuristic-based techniques are inaccurate to achieve substan-
tial WAF reduction. Using ML improves accuracy but incurs
long inference latencies, degrading write throughput. Second,
for blocks that are copied during GC, the lifetime prediction
accuracy is also low. Those blocks exhibit a wide, diverse dis-
tribution of lifetimes, which cannot be predicted by existing
techniques. Third, prior techniques fix the number of groups
(collections for co-placing blocks with similar predicted life-
times), ignoring its impact on WAF. More groups allow finer
separation, but also raise the risk of prediction errors. Ignoring
this granularity-accuracy trade-off degrades performance.

Based on these observations, we present DOGI, oracle-
guided data placement. DOGTI is built around three key design
components. First, for the blocks written by user, DOGI em-
ploys a hybrid prediction mechanism that takes the strengths
of fast performance of lightweight heuristics and high accu-
racy of ML models. Second, DOGI leverages historical infor-
mation, combined with ML models, to estimate the diversity
of valid blocks copied at GC and thus better relocates them
into the appropriate group. Third, DOGI dynamically adapts
the group organization, balancing the benefits of finer-grained
block separation against the penalties of misprediction.
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We conduct a simulation study using I/O traces collected
from various benchmarks and carry out experiments on a real-
world prototype with a zoned device. We compare DOGI with
SOTA techniques: SepBIT [54], MiDAS [43], PHFTL [52],
and ML-DT [11]. DOGI reduces WAF by 15.5%, improv-
ing write throughput by 9.2%, on average, across various
workloads compared to the best-performing baseline. This
is achieved by improving the accuracy of predicting the life-
times of blocks — 0.9-8.1% higher accuracy than the SOTA
techniques — with accurate calibration of group organization.

2 Background and Related Work

We first discuss how data placement should be done for opti-
mal GC, referred to as OGC. We then review prior techniques
that attempt to realize OGC.

2.1 Data Placement for Optimal GC

Data placement plays a critical role in deciding GC efficiency.
All valid blocks in a victim segment must migrate to other
segments during GC. If incoming data blocks expected to
be invalidated around the same time are strategically placed
within the same segment, victim segments are likely to contain
fewer valid blocks when selected for GC [35]. This, in turn,
improves GC efficiency, reducing overall WAF.

OGC, which does not incur any data copying and realizes
a WAF of 1.0, is attainable under two conditions: (i) when
invalidation times (i.e., the times at which blocks become
invalidated by subsequent writes) of blocks are known and
(i1) when a “sufficient” number of segments are available [11].
Given these conditions, we not only place blocks with nearly
identical invalidation times in the same segment, but also
defer GC until the segment is fully invalidated, becoming a
dead segment, while sending new blocks to segments with
free space. As in prior studies [11,43,45], we consider time to
be logical, incremented by one for each incoming block. Thus,
the block’s invalidation time denotes the number of incoming
blocks written between when the block is written and when it
is invalidated. This notion is used throughout the paper.

OGC is impractical for two reasons. First, it is impossible
to know exact invalidation times of blocks because future
information is unavailable. Second, postponing GC until a
segment becomes dead is technically impossible, as, in real
life, the number of segments available for new writes is lim-
ited by the storage capacity. Wang et al. show that, even with
perfect knowledge of the blocks’ invalidation times, it is im-
possible to guarantee all victim segments to be dead segments
before GC, unless the over-provisioning space is set to an im-
practically large size equal to the system’s user capacity [54].

Many prior studies aim to imitate OGC in real-world envi-
ronments. In the following subsection, we explain common
strategies that existing SOTA techniques take [11,43,52,54].

2.2 Existing Data Placement Techniques

Various data placement techniques have been proposed, but
most of them behave similarly, sharing three common strate-

Table 1: Comparison of SOTA techniques

Group configuration | Invalidation time prediction method
User ‘ GC User-written ‘ GC-written
SepBIT 2 4 Latest invalidation time Age
MiDAS 2 N-2 Latest invalidation time Age
PHFTL 2 5 ML model (GRU) Age
ML-DT 19 1 ML model (TCN) -

gies. First, they organize segments into multiple groups, aim-
ing to cluster data blocks with similar invalidation times in
the same group. This group-based space management is rea-
sonable, as manipulating individual segments for separating
blocks is complex and also leads to space waste due to internal
fragmentation [40]. Existing techniques typically maintain
a fixed number of groups (e.g., 2-20), but some adjust the
number of groups according to workload characteristics.

Second, existing techniques employ a data placement pol-
icy for data blocks written by users, which are referred to as
user-written blocks. They first estimate the expected invali-
dation times of user-written blocks and then assign them to
appropriate groups that contain blocks with similar invalida-
tion times. Many estimate the invalidation time of a block by
referring to its latest invalidation time. To further improve ac-
curacy, some utilize machine learning (ML) models [11,52].

Third, existing techniques adopt a data relocation policy
that reassigns live blocks found valid during GC to appropriate
groups. Those blocks are referred to as GC-written blocks. To
estimate their invalidation times, many utilize another metric,
age, which denotes the duration a block has remained valid
since its initial write until it is chosen as a victim.

Despite a large body of prior studies, we focus on four
SOTA techniques, SepBIT [54], MiDAS [43], PHFTL [52],
and ML-DT [11], as they demonstrate substantial WAF re-
duction compared to earlier work. We describe how these
organize the storage space and manage data blocks. The key
strategies of the techniques are summarized in Table 1.

SepBIT organizes blocks into six groups: two for
user-written blocks and four for GC-written blocks [54]. Here-
after, we refer to the groups for user-written and GC-written
blocks as user groups and GC groups, respectively. For user-
written blocks, SepBIT classifies them as hot or non-hot by
their latest invalidation times. Then, it assigns hot blocks to a
hot user group, while sending the others to a cold user group.

For GC-written blocks, SepBIT uses a block’s age to es-
timate its invalidation time. If a block assigned to the user
group remains live at GC, the block becomes a GC-written
block and is moved to one of the GC groups. Since this is
the first time the block is copied by GC, SepBIT classifies it
as short-aged and relocates it to the hottest GC group. If the
block continues to remain valid and is selected as a victim
again, SepBIT cascades it to the next GC group. Through this
process, blocks are partitioned into distinct GC groups by age,
and the last group accumulates the oldest blocks.

MiDAS [43] has a similar design as SepBIT. It partitions
storage into two user groups and several GC groups, and also
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uses the latest invalidation time and age to estimate future in-
validation times. MiDAS differs in its systematic approach to
group organization. While SepBIT fixes the number of groups
and adjusts their sizes in an ad-hoc manner, MiDAS dynami-
cally configures both the best number and size of groups by
adapting to workloads using a Markov-chain model.

PHFTL uses a similar group organization as SepBIT and
MiDAS, but employs an ML model to predict the invalidation
times of user-written blocks [52]. Specifically, it uses a gated
recurrent unit (GRU), a sequence model suitable for capturing
temporal regularity of data blocks. For GC-written blocks,
PHFTL uses the age of the blocks and assigns them to one of
five GC groups, similar to SepBIT and MiDAS.

ML-DT is different from the above techniques in that it
manages multiple user groups, 19 by default [11]. Similar
to PHFTL, ML-DT makes use of an ML model, specifically
a temporal convolutional network (TCN), which is another
type of sequence model. For more accurate invalidation time
predictions, the TCN model is configured with more layers
and neurons than the model used in PHFTL. Another differ-
ence is in how it relocates GC-written blocks. Specifically, all
GC-written blocks are sent to the single GC group, under the
assumption that these blocks are cold enough and should be
isolated from user-written blocks, which are relatively warm.

3 Motivation: A Quantitative Approach

We perform a quantitative evaluation of the four SOTA tech-
niques to analyze the impact of the three strategies in data
placement: the placement of user-written blocks, the reloca-
tion of GC-written blocks, and the group configuration. To
understand how closely existing techniques approach OGC,
we design NoDaP, near-optimal data placement achievable
under practical setups, and use it as a baseline for comparison.

3.1 Near-Optimal Baseline for Data Placement

NoDaP is a practical reference design that provides guidance
toward OGC under a realistic setup. Like OGC, NoDaP as-
sumes to have exact knowledge of blocks’ invalidation times
and thus can optimally assign blocks to the appropriate seg-
ment group. NoDaP, however, operates under limited storage
capacity. Hence, unlike OGC that simply chooses only dead
segments as victims, NoDaP must consider two practical is-
sues: (i) how to organize segment groups to minimize the
number of valid blocks remaining in victim segments and (ii)
how to select victim segments when no dead segments are
available. We design NoDaP to address the above two issues,
which result in WAFs slightly greater than 1.

NoDaP organization: Fig. | depicts how NoDaP works. It
consists of N groups, G to G, where each group comprises
a number of segments, and is assigned a specific block invali-
dation time range (BIR) which represents the range of block
invalidation times the group is intended to accommodate (e.g.,
[1,10] for G; in Fig. 1). G holds the hottest blocks, while
G n contains the coldest blocks. Similar to earlier work, the
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Fig. 1. Overview of NoDaP

said combination of the number of groups, group sizes (i.e.,
the number of segments per group), and their BIRs will be
referred to as a group configuration [43].

To identify the most suitable group configuration of NoDaP-
for a given target workload, we perform exhaustive offline
analysis. Specifically, we use a trace-driven LSS simulator
to measure WAF for various group configurations and select
the configuration whose WAF is close to 1 (see details of
the simulator in §5.1). Starting from N=2, we first search
for the combination of BIRs and group sizes for G| and G,
that minimizes WAF. Then, N is incremented by one, and the
above process is repeated until no significant WAF reduction
(less than 5%) is observed. At that point, we consider WAF to
have converged and use the resulting group configuration for
the given workload. While we do not provide a formal proof
of optimality, this search mechanism efficiently identifies a
near-optimal configuration with WAF close to 1.

NoDaP operations: For placement of user-written blocks
(red lines in Fig. 1), NoDaP leverages the perfect knowledge
of the block’s invalidation time to place it into the appropriate
segment group whose BIR covers the invalidation time of the
block. Similarly, NoDaP uses future knowledge to estimate
the block’s invalidation time to relocate the GC-written blocks
(blue lines) to the group with the matching BIR.

When selecting a victim, NoDaP scans groups from G
to Gy—1 to identify an expired segment, i.e., one whose resi-
dence time exceeds the upper bound of the group’s BIR. Here,
a segment’s residence time is defined as the elapsed time
since a block was first written into the segment. To this end,
NoDaP maintains an in-memory timestamp that records the
segment’s first write. As NoDaP has future knowledge, any
expired segment will have all its blocks invalidated. If no
expired segment is found, NoDaP instead selects the segment
with the fewest valid blocks from G . This strategy grants the
hotter groups (G1—G n-1) more time to accumulate invalid
blocks, thereby reducing the overhead of the next GC.

There have been several attempts to derive near-optimal
data placement [11,43,54], but they do not consider key fac-
tors that impact WAF reduction. FK [54] and Oracle-DT [11]
fix the group count to 6 or 20. They also rely on heuristics
(e.g., cost-benefit) for victim selection without considering
the optimality of the choice. ORA [43] adopts a strategy akin
to ours for group configuration, but it does not consider the
optimal relocation of GC-written blocks; instead, it applies
the age-based policy. In a separate line of work, Lange et
al. [32-34] propose near-optimal offline algorithms and theo-
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Table 2: BIRs for G{—G7 on NoDaP

\ [ G [ G [ G [ G [ G5 | Gy [ G|
BIR (block) | <200K |200K-9M [9-17M | 17-27M | 27-42M | 42-51M | >51M
Size (segment) 4 18 9 15 23 15 435

retically prove a worst-case upper bound on their WAF. These
algorithms are primarily designed to minimize WAF, so they
achieve a WAF closer to 1 than other near-optimal placements,
including NoDaP. Unlike this work, our study focuses on iso-
lating and quantifying the effects of three individual strategies
in data placement (mentioned in §2.2). Therefore, we design
NoDaP as a near-optimal baseline tailored to this purpose.

3.2 Oracle-guided Insights

Experimental setup. We now evaluate the four SOTA tech-
niques exposing their limitations relative to our oracle, NoDaP.
We implement all techniques in a LSS simulator configured
with 128GiB storage, 256MiB segments, and a 10% over-
provisioning ratio. We run the YCSB-A [13] workload on
MySQL [41], generating 4.1TiB of writes with 4KiB blocks
and collecting the block I/O traces to drive the simulator.
Other details are provided in §5.1. The group configuration of
NoDaP is obtained via the offline analysis: it consists of seven
groups, with each group’s BIR and size listed in Table 2. For
the SOTAs, we follow their original designs. For MiDAS, the
group configuration varies depending on workload patterns;
for YCSB-A, the number of groups is maintained at five.
Impact of user-written block placement. We analyze the im-
pact of the placement policy on WAF. To isolate the effect of
each policy, we enable one policy at a time while keeping the
others fixed to NoDaP’s settings. That is, we apply the invali-
dation time prediction policy of each technique into NoDaP,
while retaining NoDaP’s policies for the other components.
The modified NoDaP versions are denoted as NoDaP+S¢U |
NoDaP*MiU NoDaP*HV and NoDaP*MMV (each correspond-
ing to the User-written block placement of SepBIT, MiDAS,
PHFTL, and ML-DT, respectively).

Our results are shown in Fig. 2(a). Compared to NoDaP,
the SOTA policies suffer from higher WAF values ranging
from 1.72 to 1.88. These results show that the placement
policy for user-written blocks alone has a substantial impact
on WAF. This inefficiency is attributed to the inaccurate in-
validation time prediction as quantified in Fig. 2(b). NoDaP
achieves 100% accuracy, but the other techniques show accu-
racies ranging from 76% to 87%. The ML-based techniques,
PHFTL and ML-DT, consistently show higher accuracy than
the heuristic-based ones, SepBIT and MiDAS, but they still
show much lower accuracy than NoDaP. This implies that
there still exists room for further improvement.

Fig. 2(c) further analyzes the prediction accuracies across
segment groups. The ML-based techniques provide higher
accuracy across all groups than the heuristic-based ones. How-
ever, for the hottest (G1) and coldest (G7) groups, even the
heuristic-based ones show accuracies comparable to the ML-
based ones. Blocks in G are frequently overwritten, while

+PHU
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Fig. 2. Impact of block invalidation time prediction accuracy

those in G are rarely updated. These distinct characteristics
make it easier to classify blocks in G| and G7.

The improved accuracy of the ML-based techniques comes
at the cost of computational overhead. To quantify this, we
carry out experiments in a real-world storage setup (details
in §5.1). As shown in Fig. 2(d), while SepBIT and MiDAS
decide the target group in less than 0.5us, PHFTL and ML-
DT require over 6.5us and 173us, respectively. These long
latencies result in a huge performance drop. According to
our measurements, the maximum write throughput reduces
to 571MB/s and 22.6MB/s for PHFTL and ML-DT, respec-
tively. In contrast, SepBIT and MiDAS achieve higher write
throughputs of 968MB/s and 1,137MB/s, respectively.

Impact of GC-written block relocation. We now analyze
the impact of the relocation policy for GC-written blocks. As
noted in §2.2, there exist two primary ways for relocating
live blocks: (i) age-based relocation by SepBIT, MiDAS, and
PHFTL and (ii) live-block isolation by ML-DT. The former
assumes that live blocks in the victim are likely to have longer
invalidation time and thus, relocates them to the next colder
GC group. The latter treats these blocks as very cold and
places them into a single, isolated GC group.

We take a different approach from the earlier analysis.
Specifically, we modify the SOTA techniques to adopt the
relocation policy of NoDaP, while keeping their original user-
written block placement policies and group configuration.
Due to space, we show results from two representatives: Mi-
DAS (age-based relocation) and ML-DT (live-block isolation).
Including user and GC groups, MiDAS and ML-DT have 5
and 20 groups, respectively. They are modified to assign GC-
written blocks to one of the groups by NoDaP’s relocation
policy. Unlike NoDaP, MiDAS and ML-DT do not assign BIR
to each group. To compensate for missing BIRs, we analyze
the range of invalidation times of blocks within each group in
MiDAS and ML-DT and use this range as the group’s BIR.

Fig. 3(a) compares the WAF of the two SOTA techniques
against their modified versions (denoted by +NGC standing
for NoDaP GC relocation). Adopting NoDaP’s relocation
strategy reduces WAF by 46%, on average. This implies that
the SOTA techniques inaccurately estimate invalidation times
of GC-written blocks, relocating them to improper groups.

To further understand why the SOTAs fail, we examine
the relocation trends of GC-written blocks under NoDaP’s
strategy. Fig. 3(b) presents the distribution of destination
groups, broken down by the source group from which each
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Source group

GC-written block originated. GC-written blocks exhibit a
wide range of invalidation times. However, the original SOTA
policies fail to capture this diversity.

In MiDAS, live blocks are relocated into the subsequent

colder group (G; — Gj;1). However, many live blocks actu-
ally have relatively short invalidation times and should be
relocated to the current or an even hotter group (e.g., the
red-marked portions of source groups 2 to 5 in Fig. 3(b)).
Conversely, some blocks are likely to have longer invalidation
times than assumed (e.g., the blue-marked portions of source
groups 2 and 3 in Fig. 3(b)). Even after being moved to the
next group, those long-lived blocks remain valid until they are
chosen as victims and thus will be moved to the next colder
group. We observe similar results with ML-DT. Fig. 3(b)
shows that it fails to distinguish hot blocks, misplacing them
in the sole GC group along with real cold blocks.
Impact of group configuration. Finally, we evaluate the
impact of group configuration. We use ML-DT as it is the
only technique that assigns user-written blocks into multiple
groups as in NoDaP. The others classify blocks only into hot
or non-hot, which makes it difficult to support a multi-group
design without altering their basic design. We modify ML-
DT to operate with the NoDaP’s group configuration, which
we denote as ML-DT*NG™ (for NoDaP Group configuration),
while keeping the other policies unchanged.

Fig. 4(a) shows the WAF of the original ML-DT and ML-
DT*NG®, Surprisingly, ML-DT*NO™ increases WAF by 52%
over the original ML-DT. The primary difference between
the two lies in the accuracy of invalidation time prediction.
That is, whereas NoDaP leverages perfect invalidation time
knowledge, ML-DT*NC™ relies on less accurate ML models
when deciding which group to place a block. This implies
that the best group configuration may change depending on
the invalidation time prediction accuracy.

To verify this, we evaluate how the prediction accu-
racy affects the selection of the group configuration. To
this end, we introduce two other variants of ML-DT, ML-
DT*NU+NG® (with NoDaP User-written block placement) and
ML-DT*NGENG® (with NoDaP GC relocation). We compare
the WAFs of the three ML-DT variants to NoDaP, whose
number of groups is fixed to 7, while varying the group count.

@ ML-DT _V_ML_DTJrNGrp ML_DT+NGC+NGrp

EML-DT " +~ML-DT "N 0 NoDaP +WAF [ Acc.
4 100 ~
3 3 MP <
owest d >
gz - gz \\i”_/ g 3 190 §
o LT, 2

1 1

(]
(e}

2 4 6 8 24 6 8
# of groups # of groups

(a) (®) (©)
Fig. 4. Impact of group configuration: (a) overall WAF, (b)
WAF by varying group count, and (c) WAF and prediction
accuracy of ML-DT*NG™ by varying group count

Fig. 4(b) shows the results. ML-DT*NU+NG® and ML-
DTNGC+NG 5chieve the lowest WAF values, 1.96 and 1.29,
respectively, when the number of groups is six. This indicates
that their reduced prediction accuracy affects the choice of
the best group configuration. ML-DT*NG™ reaches its lowest
WAF of 2.57 with three groups, as the increase from two to
three groups allows for finer-grained separation based on their
invalidation times. However, beyond this point, the overhead
caused by misprediction dominates, resulting in higher WAF.

To illustrate the misprediction overhead, consider the case
where blocks that should reside in G, are incorrectly placed
in G1. This misplacement mixes blocks of differing hotness
within the same segments. As a result, such segments remain
in G far longer than anticipated and are eventually selected
as victims, incurring additional live-block copies. One way to
mitigate this misprediction overhead is to reduce the number
of groups by merging adjacent ones. For example, if G| and
G, are merged into a single G, the total number of groups
decreases by one and the size of G| increases. In this con-
figuration, the misclassified blocks now have sufficient time
to be invalidated within the merged G, thereby reducing
unnecessary live-block copies.

However, reducing the number of groups is not always an
ideal solution, as it introduces side effects when prediction
accuracy is sufficiently high. Reconsider the earlier example
with more accurate predictors. Without merging, hot blocks
are isolated in G| and quickly invalidated, generating many
expired segments. After merging G; and G, into a single
G, these hot blocks are mixed with colder ones, reducing
the number of expired segments. In the absence of expired
segments, the system must instead select victims from other
groups, which entails copying a larger number of valid blocks.

Fig. 4(c) illustrates the trade-off between prediction ac-
curacy and WAF as the number of groups varies. Observe
that when the group count increases from two to three, WAF
decreases due to finer block separation. However, recall that
while increasing the group count enables finer block separa-
tion, because the model prediction capability is fixed, accuracy
inevitably declines as the number of target groups grows. As a
result, beyond three groups, WAF rises sharply as the penalty
of mispredictions due to lower prediction accuracy outweighs
the benefit of finer separations. These results underscore the
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Fig. 5. Design overview of DOGI

need to carefully configure the number of groups to balance
the gains of finer block separation against the penalties of
reduced prediction accuracy.

4 Design of DOGI

In this section, we present DOGI, a data placement technique
designed following oracle-guided insights from §3. DOGI is
built around three key design components:

¢ Hybrid prediction mechanism for user-written block
placement. The ML-based techniques exhibit higher accu-
racy than the heuristic-based ones in predicting invalidation
times of user-written blocks, but at the cost of computa-
tion overhead. Conversely, the heuristic-based techniques
are less accurate overall, but exhibit fairly good accuracy
for short- and long-lived blocks with negligible overhead.
Based on these, we propose a hybrid prediction mechanism
that leverages the strengths of both approaches. We further
improve the accuracy and performance of ML models by
optimizing input features and model designs.

* ML-assisted GC-written block relocation. GC-written
blocks exhibit a wide range of invalidation times, which
cannot be efficiently identified by the existing age-based
and live-block isolation policies. To this end, we develop
an ML-assisted prediction model that leverages ML models
and historical information to predict the remaining invalida-
tion times of GC-written blocks. Guided by our prediction
model, our relocation policy places GC-written blocks into
appropriate groups with full awareness of their diversity.

¢ Prediction accuracy-aware group configuration. Achiev-
ing a near-optimal group configuration requires balancing
the benefits of precise block separation against the penal-
ties of misprediction. By keeping this in mind, we design
a new group organization mechanism that quantifies the
prediction accuracy of our models and outputs the most
suitable group configuration, including each group’s BIR,
that minimizes overall WAF. By dynamically adapting the
configuration to input workloads, we can provide consis-
tently low WAF and stable performance.

4.1 Design Overview

Fig. 5 shows the overall architecture of DOGI. DOGTI or-
ganizes the storage space into N +2 segment groups: one
hot group (G o), one frozen group (G f,2,), and N interme-
diate groups (G1—G ), ordered from warm to cold. G,y

stores user-written blocks with the shortest invalidation times,
while G ¢, keeps GC-written blocks with the longest inval-
idation times. The intermediate groups accommodate both
user-written and GC-written blocks. The number of inter-
mediate groups N is dynamically adjusted according to the
characteristics of the workload. Each group, except for G f; 25,
is assigned a specific BIR and stores blocks whose expected
invalidation times fall within that range. G f,,, has no BIR,
as only selected, inactive blocks are stored on it. At the end of
each segment (a segment footer), we reserve metadata space to
store the information needed to manage the contained blocks.

DOGI consists of four main components: a Hot Filter
(HF) and an ML-assisted Allocator (ML-Alloc) for manag-
ing user-written blocks, and a Frozen Filter (FF) and an
ML-assisted Relocator (ML-Reloc) for managing GC-written
blocks. When a user-written block arrives, HF sees if the
block is hot or non-hot based on its latest invalidation time
(see §4.2.1). If it is hot, HF assigns the block to G,,,. Other-
wise, the ML-Alloc predicts its invalidation time again using a
lightweight yet more accurate ML model and places it into one
of the intermediate groups whose BIR covers the predicted
invalidation time (see §4.2.2 and §4.2.3). For a GC-written
block, FF checks whether it is a frozen block (i.e., extremely
cold) and, if so, it relocates the block to G f,,. Otherwise,
ML-Reloc places it in one of the intermediate groups based on
the remaining invalidation times of GC-written blocks which
are estimated by using a Prediction Log (PLog) (see §4.4).

DOGTI triggers GC when no free space remains. Similar
to NoDaP, it tries to find an expired segment from Gy, to
Gn-1. If none is found, it looks up G or G s, to choose
the segment with the fewest valid blocks. DOGI reclaims ex-
pired segments even if they have live blocks to copy. Owing
to its limited prediction accuracy, it cannot guarantee all ex-
pired segments to have only invalidated blocks. By removing
expired segments, it can prevent some groups from growing
too large, which enables us to automatically balance group
sizes without explicit size enforcement.

Finally, DOGI periodically reorganizes the group con-
figuration to decide the best number of groups and their
BIRs in a way that minimizes the overall WAF (§4.3). This
is achieved by evaluating various candidate configurations
through exhaustive search with mathematical models (i.e.,
Markov-chain) and the information from PLog.

4.2 User-written Data Placement

4.2.1 Separating Hot Blocks through Hot Filter

We first describe how HF identifies hot blocks. Our goal is to
isolate the hottest blocks within G, facilitating only dead
segments to be generated from the group. To this end, HF
uses a simple yet effective heuristic that assigns a user-written
block to G, if its latest invalidation time falls within the
BIR of Gpos, BIRg,,,,. The latest invalidation time of each
block is estimated using the method proposed in [50] ' .

IThe details are given in the supplementary material #1 [24].
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Fig. 6. Algorithm to decide BIRg,,,, upper bound

The challenge is how to determine the upper bound u of
BIRg,,,, as the lower bound is simply 1 because G, contains
the hottest blocks. As determining the hot blocks is crucial, u
should be decided carefully, large enough to capture as many
of the hot blocks as possible, yet as tight as possible.

HF uses a lightweight, iterative algorithm, which is illus-
trated in Fig. 6. HF divides time into fixed-length time win-
dows, wg, Wi, wa, ... . The number of user-written blocks that
arrive during a single time window is fixed to n because a
user-written block is used as the unit of time. For each time
window w;, HF measures the average WAF value, WAF(w;).
If WAF(w;) < WAF(w;_1), HF increases u by d, expecting
that accepting more hot blocks will lead to a reduction of fu-
ture WAF, WAF(w,1). HF keeps increasing u if WAF(w;41)
< WAF(w;). Otherwise, it returns to the previous y by sub-
tracting d since our decision was wrong. To avoid repeated
oscillation around similar values of y, if the difference be-
tween WAF(w;,1) and WAF(w;) is less than 5%, we continue
using the current y. Based on empirical observations, u is
initialized to 200K, while d and »n are set to 65K and 10M,
respectively, independent of the workload.

4.2.2 Designing ML Model

We now describe how ML-Alloc predicts invalidation times
of non-hot blocks using ML models. The key challenges are
twofold: (i) designing accurate ML models with reasonable
training time, and (ii) ensuring fast inference time. We explain
the design of our ML model here and then explain our strate-
gies to accelerate the inference in the next section (§4.2.3).
To estimate invalidation time of non-hot blocks, ML-Alloc
utilizes a multi-class classification model. Given an input
block, our model returns one of ten categories, c;—cjg, ac-
cording to the length of its invalidation time. That is, ¢ corre-
sponds to the shortest invalidation time and c ¢ to the longest.
The number of categories is set to ten as there is no need to
separate blocks more finely. As shown in Fig. 4, the reduction
in WAF is maximized for NoDaP and all SOTA techniques
when the group count is within ten. After the model predicts
the category c; of a block, the block is assigned to a group G ;.
How to map categories to groups will be discussed in §4.3.
To build the model, we should carefully choose input fea-
tures that can capture meaningful characteristics associated
with the block’s invalidation time. The choice of a proper clas-
sification model is also crucial, as it directly impacts accuracy,
computation cost, and training time. We discuss them now.
Selection of input features. We derive 11 candidate features
known to be effective by referring to prior work [11,52]. To
reduce the computation cost resulting from irrelevant features

Table 3: Input features and their properties

Feature Description PCC| MI
score|score
LBA [Logical block address 0.410{0.799
Previously |LBA of the block written immediately 0.335/0.615

accessed LBA [before this one
Frequency |# of accesses to this LBA in a time window [0.657(0.376
Access count per 2MB chunk that includes

Frequency per chunk this LBA 0.586|0.476
Recency-weighted | Weighted frequency based on recent 0.72700.371
frequency |accesses, encoded as an 8-bit value i |
Latest invalidation time| Time since the last update to this LBA 0.616]0.425
ERF ELightGBM [ODeepFM EMLP 258 4
=}
o) >\ ,‘2
‘% éO 8 540
= )
z = E
X Average
(a) Normallzed predlctlon accuracies (b) inference time

Fig. 7. Evaluation of four models across workloads

without sacrificing accuracy, we select key features using
two standard measures, specifically, the Pearson correlation
coefficient (PCC) and mutual information (MI) [17], which
tell us the importance of features in classification tasks. We
perform this analysis across all workloads listed in Table 4
and choose the six features listed in Table 3, four with high
PCC scores and two with high MI scores’.

Selection of model. Sequence models, TCN or GRU, used
by prior studies [11,52] are reasonable candidates. However,
these are effective at capturing temporal characteristics of
input data, which is useful for identifying hot blocks with
distinct temporal behaviors (e.g., frequent occurrence in the
timeline and repeated updates within short intervals). As noted
in §3.2, such behaviors can be effectively detected by even
simpler heuristics, and thus sequence models are not attractive
to our case. Instead, we consider lightweight classifiers as they
efficiently capture the feature interactions and simple statisti-
cal cues that characterize cold data. By considering represen-
tative models from neural and tree-based families, we choose
four lightweight classifiers, specifically, Multi-Layer Percep-
tron (MLP) [47], DeepFM [19], RandomForest (RF) [9], and
LightGBM [26], for further evaluation as follows.

We conduct an extensive exploration study to derive op-
timized architectures for the four models and evaluate their
accuracies and inference latencies. For this study, we use a
64-core 2.4GHz AMD EPYC Genoa processor and perform
training and inference on a single CPU core with a batch size
of 128. Fig. 7 shows that MLP achieves the highest average
accuracy across all workloads and reduces latency by more
than 3x compared with DeepFM, which leads us to choose
MLP as our ML model. The resulting MLP architecture is
simple and lightweight, consisting of only 1.6K parameters
and two fully-connected layers.

Training ML model. To train the model, ML-Alloc first col-

2Details for all eleven candidate features and their results are provided in
the supplementary material #2 [24].
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lects a training dataset of 300K samples online. For every
ten non-hot blocks, it samples one block and records the six
features (listed in Table 3) with its ground-truth label (i.e., its
actual invalidation time). The six features are collected for in-
ference (see §4.2.3) since every non-hot block already passes
through inference to determine its category. Thus, collecting
these features for sampling introduces no additional com-
putation. The estimated category of each block is also kept
together for later use in PLog (details in §4.3). The ground-
truth label, however, is available when the block is actually
invalidated. To handle this, ML-Alloc maintains a hash table
to track sampled blocks by their LBAs. When a non-hot block
is overwritten, ML-Alloc checks the hash table and updates
the invalidation time if the block was sampled. Using the col-
lected dataset, ML-Alloc trains its ML model for ten epochs,
where one epoch corresponds to a full pass over the train-
ing dataset. Thanks to its lightweight architecture, training
completes in about 30 seconds on average.

To maintain high prediction accuracy over time, ML-Alloc
periodically retrains the model every 26M user-written blocks
(i.e., after 100GiB of writes), and writing 100GiB takes 305
seconds on average, in our evaluation setup (see §5.1). The
retraining process is performed on a dedicated CPU core to
avoid interfering with foreground I/O tasks. We confirm that
the retraining overhead remains negligible even in the worst-
case scenario: a write-heavy workload that fully saturates
device bandwidth and triggers retraining every 90 seconds.

4.2.3 Inference using ML Model

For every incoming non-hot block, ML-Alloc performs infer-
ence using the trained model. To run the inference, we feed
the six features (see Table 3) to the model. First, we obtain
the LBA directly from the user request and keep the previous
LBA in a single 4-byte global variable. The latest invalida-
tion time is mentioned in §4.2.1. We obtain it using a 1-byte
counter per block. For frequency per chunk, we maintain a
4-byte counter per 2MiB chunk and increment the counter by
one for each write to any LBA in that chunk. The other two
features (frequency and recency-weighted frequency) share a
1-byte bitmap per block, where each bit indicates whether the
block has been accessed within a fixed-size window of 40M
blocks. Recency-weighted frequency is applied by assigning
exponentially increasing weights (e.g., 2) to more recent bits.
Overall, these six structures require 64MiB of memory for a
system with 128GiB of storage capacity.

Despite its lightweight architecture, our model still requires
10.6 us per block for inference, which is prohibitively high. To
mitigate this cost, ML-Alloc employs batch inference, where
multiple blocks (128 blocks, 512KiB in our setup) are pro-
cessed in a single inference step. This requires us to buffer in-
coming blocks in memory. Fortunately, LSSs already employ
a write buffer to maximize write throughput, which makes it
easier to apply batch inference. With this optimization, ML-
Alloc reduces the average inference time to 0.9us per block.

To further mask the inference latency, we adopt double

buffering with two 4MiB buffers: while one absorbs incoming
blocks and performs batch inference, the other flushes pending
data to the disk. Once the I/O completes, the two buffers swap
roles. This design ensures continuous utilization of compute
and I/O, effectively hiding inference overhead entirely.

4.3 Applying Suitable Group Configuration

We explained how the ML model classifies data blocks into
one of ten categories (c;—c1p) based on invalidation times.
We now turn to the question of how to organize groups and
assign blocks from different categories.

Initially, DOGI maintains ten groups, G1—G 9, each with
its own BIR. The BIRs are initialized from G, whose lower
bound is determined by the upper bound of BIRg,,, (65K
blocks in this example), while its upper bound is set to 1% of
the storage capacity in blocks (e.g., 335K blocks for 128GiB
storage). The upper bound then successively doubles for the
subsequent groups (e.g., [335K,770K], ..., [86M,0]). With
these groups and their BIRs, each group G; can be mapped
into category c; in a one-to-one manner. This seems reason-
able, but maintaining too many groups incurs significant GC
cost due to misprediction.

As discussed in §3.2, the number of groups must be tuned
to minimize overall WAF by balancing the penalty of mis-
prediction against the benefit of finer block separation. Esti-
mating the expected WAFs, however, is challenging because
changing the group count simultaneously alters the resulting
accuracy of our model and the WAF of individual groups
(see Fig. 4). To address this, we combine PLog, described
below, with Markov-chain (MC) models. Given a group’s
BIR, PLog supplies the actual invalidation times of blocks
categorized by the model, which tells us how many blocks
are mispredicted. The MC model then uses this information
to estimate the WAF of systems with multiple groups.
Estimating misprediction ratio using PLog. PLog is a col-
lection of records, each consisting of a pair <predicted cate-
gory, actual invalidation time> for a previously written non-
hot user block. We can construct PLog from the training
dataset for the ML model as it contains both actual invalida-
tion times and predicted categories for sampled blocks.

By extracting records for specific categories (e.g., ¢; and
c») we are interested in from PLog, DOGTI can characterize
the actual invalidation time distribution of a given group G;.
For example, Fig. 8 shows the distribution for G| where ¢
and ¢, blocks are assigned to G . The x-axis is the actual
invalidation time and the y-axis is the number of ¢; and c;
blocks with that invalidation time. This graph shows how
many blocks exceed the upper bound of BIRg; . If the upper
bound of BIRg, is 50, the misprediction ratio (or the accuracy)
for G is the fraction of blocks whose actual invalidation times
exceed 50 (highlighted in red in Fig. 8). This fraction also
represents the proportion of blocks that remain valid in G
beyond the bound and are copied to another group during GC.
Finding group configuration using MC model. To predict
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Fig. 8. Estimating WAF using PLog and MC model

the WAF of a given group configuration, we use existing
MC models for log-structured systems [15, 43], which are
modified for DOGTI (the details omitted due to space). The
MC model estimates WAF by simulating the movement of
blocks across groups. It takes three parameters (see Fig. 8):
(pi) the number of groups, (p;;) the fraction of user-written
blocks assigned to each group, and (p;;;) the ratio of valid
blocks copied from one group to another (i.e., the mispredic-
tion ratio). The first is user-defined, while the latter two can be
derived from PLog. Given the mapping between c; to G, the
fraction of user-written blocks destined for a specific group
can be obtained from PLog. As explained before, for each
group, the number of valid blocks to be copied is obtained by
analyzing its invalidation time distribution using PLog.

Our MC model gives us the expected WAF given a specific
group configuration. The next step is to find one that can
minimize WAF by exploring various group configurations.
We use a brute-force search algorithm that evaluates all 512
(=2°) possible configurations and chooses one with the lowest
WAEF. While this seems so naive, it is a feasible solution as it
only takes 10 seconds to complete as there are only 10 groups.

Once the configuration is decided, we should assign the
new groups’ BIRs, which is straightforward. Suppose that the
number of groups is reduced from 10 to 9, and G| and G, are
merged into a new group, G|. The BIR of G is simply set
by merging the BIRs for G| and G», i.e., [65K, 335K] for G
and [335K, 770K] for G, become [65K, 770K] for G’l.
Updating group configuration at runtime. Finally, we dis-
cuss how DOGTI changes the group configuration adapting to
workloads. DOGI regularly collects a new dataset and trains
a new model. Once the training is complete, DOGI updates
PLog using the latest dataset, searches for a suitable group
configuration, and applies it. The prediction accuracy of the
ML model may degrade if the workload pattern changes sig-
nificantly. When the overall prediction accuracy falls below a
threshold (e.g., 10%), DOGI disables the ML model and re-
verts to the baseline design that maintains two user groups for
separating hot and non-hot blocks and two GC groups follow-
ing prior work [43,45,52,54]. Once the prediction accuracy
recovers, it resumes using the new group configuration.

4.4 GC-written Block Relocation

We now describe how DOGTI predicts the invalidation time of
GC-written blocks and how it relocates them to appropriate
groups by FF and the ML-Reloc. To overcome the limitations
of the existing age-based relocation and live-block isolation,
FF isolates truly cold blocks into a dedicated group. For

PLog
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Fig. 9. GC-written block relocation using PLog

the remaining blocks, ML-Reloc makes use of the historical
information of PLog and exploits this to guide relocation.

Frozen filter (FF) for isolating cold blocks. FF proactively
isolates rarely-updated blocks in G f,,. It maintains a 1-
bit flag per block to record whether the block has ever been
updated. The flag is initialized to O and is set to 1 upon the
block’s first update. When live blocks are relocated during
GC, FF checks their flags; if the flag is O (i.e., it has never
been updated), the block is classified as extremely cold and
relocated directly to G y,,,. Maintaining one bit per block
incurs only about 4MiB of memory for a 128GiB capacity.
To further capture blocks that become inactive after bursty
writes, FF employs a clock algorithm that periodically clears
the flags over a fixed period (every 200M writes).

Relocating GC-written blocks using PLog. For GC-written
blocks that are not filtered by FF, ML-Reloc utilizes the PLog
introduced in §4.3 to estimate the group in which each block
is most likely to become invalid at the next GC, and relocates
it accordingly. Depending on the invalidation time category
(c1—c1p) of a block, ML-Reloc estimates the block’s time
remaining until it becomes invalid (i.e., the remaining invali-
dation time) and relocates the block to the group whose BIR
matches the estimated remaining invalidation time.

Fig. 9 illustrates how ML-Reloc relocates GC-written
blocks using PLog under the same group configuration as
in Fig. 8. In the example of Fig. 9, we consider the relocation
of GC-written blocks that were categorized as ¢ and thus
written to G, but that remain valid and are chosen by GC as
their invalidation times exceed the upper bound of BIRg, .

Using PLog, ML-Reloc first generates the actual invalida-
tion time distribution of user-written blocks that were cat-
egorized as ¢ (see @ in Fig. 9). Using this distribution,
ML-Reloc identifies the proportion of mispredicted blocks
(highlighted in red in Fig. 9). Then, it computes the average
expected invalidation time of mispredicted blocks that can
be obtained by taking the average of their actual invalidation
times (@). In our example, it is estimated as 70. The next step
is to compute the average remaining invalidation time of the
mispredicted blocks for c; (@). These blocks were assigned
to G and stayed there for 50 blocks when they were chosen
as victims. Thus, the remaining invalidation time is expected
to be 20 (=70-50), on average. Finally, ML-Reloc compares
the remaining invalidation time against the BIRs of all groups
and relocates the blocks to the appropriate group. In this case,
since the BIR, is [1,50], GC-written blocks (categorized as
c1 before) are relocated back to G.
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Table 4: Characteristics of each workload

\ Workload [FIO | YCSB-A & -F | Varmail | Alibaba |Exchange |
Write traffic (TiB) 4 ‘ 4.1 ‘ 3.5 |upto13.7| upto 1.9
Storage capacity (GiB) 132 55-132 41

Taking the above steps for relocating every GC-written
block is costly. Thus, ML-Reloc computes the remaining in-
validation times for all the categories (ci-c19) when PLog
is updated. When relocating a GC-written block, ML-Reloc
quickly decides which group it should be relocated to by
referring to the block’s category and the remaining invalida-
tion time for that category. Note that, for GC-written blocks,
their categories are recorded in their segment footer, and the
remaining invalidation times for the categories are kept in
memory thanks to their small size. In the worst case, relo-
cated GC-written blocks could remain valid again in their
new groups until being chosen by GC. In such cases, DOGI
falls back to a conservative policy by applying the age-based
relocation, simply migrating the block to the next group.

5 Evaluation

In this section, we evaluate our approach along with three key
questions: (i) Does DOGTI effectively reduce GC overhead?
(if) What is the impact of DOGI’s design components? (iif)
How much overhead does DOGTI introduce?

5.1 Experimental Setup

Evaluation Platform. We evaluate DOGI using both a real
prototype and an LSS simulator. We implement DOGTI in
a prototype log-structured system built on zoned storage [7,
55]. The prototype runs on a Western Digital ZN540 2TB
SSD [55] backend via ZenFS [7], mapping each segment one-
to-one to a ZoneFile. The platform has a 64-core 2.4GHz
AMD EPYC-Genoa processor with six 64GB DDR4 DIMMs
(384GB total). Our prototype sustains a peak 4KiB sequential-
write throughput of 1.1GiB/s. We also build a trace-driven
simulator for rapid evaluation and component-level analysis of
DOGI. Unlike the prototype, it does not submit I/O requests to
a physical ZNS device. Except for this difference, it shares the
same implementations of core algorithms (e.g., GC and data
placement), and therefore produces nearly identical WAF and
accuracy results. We use the simulator for WAF, accuracy, and
per-component analysis in §5.2 and §5.3, and the prototype
for throughput and latency evaluations in §5.4.

Unless otherwise stated, we use the following parameters
in both the simulator and prototype: segment size of 256MiB,
logical block size of 4KiB, over-provisioning (OP) ratio fixed
at 10%, and GC triggered when the number of free segments
falls below a threshold (0.1% of the total capacity). To en-
sure that both the simulator and prototype quickly reach a
steady state and to clearly observe the effect of data place-
ment, we pre-fill the entire storage space (excluding the over-
provisioning space) before starting each workload.
Comparison Targets. For comparison, we implement the
four SOTA techniques: SepBIT, MiDAS, PHFTL, and ML-DT

.g/l%-DT OPHFTL ESepBIT EMiDAS EDOGI CONoDaP

193001, 18:0% 4.9% 15.5%
7

&5 2.0 23.2% 18.7%410.4%

FIO Y-A Y-F Var Al Ex  Avg.
Fig. 10. Overall WAF of each technique

discussed in §2.2. For victim selection, PHFTL, SepBIT, and
ML-DT adopt the cost-benefit policy, whereas MiDAS uses
its own policy based on FIFO combined with the cost—benefit.
We also implement NoDaP introduced in §3, to evaluate how
close DOGI is to near-optimal performance.

Workloads. We use six write-intensive workloads. Specifi-
cally, we use the FIO [4] workload with a Zipf distribution
(6 =1.0), which generates 4KiB write requests skewed toward
a narrow region, and Varmail [53] (denoted as Var) from the
Filebench benchmark, which models a mail server with highly
write-intensive access patterns. We also use YCSB-A and
YCSB-F [13] (denoted as Y-A and Y-F, respectively), two
YCSB workloads running on MySQL that exhibit heavy write
operations. In addition, we include six write-intensive traces
from the Alibaba [36] Cloud I/O dataset (denoted as Ali)
and nine Exchange [42] traces from the Microsoft Enterprise
dataset (denoted as Ex). For Alibaba and Exchange, consist-
ing of multiple sub-traces, we run each sub-trace and report
the average result across them. The details of the workload,
including storage capacity, are summarized in Table 4. Here,
the storage capacity of each workload is set to match the size
of its working set, which differs across workloads.

5.2 GC Efficiency

We first evaluate GC efficiency by comparing WAF between
existing techniques and DOGI on our simulator. Fig. 10
shows the results. The number above each DOGI bar in-
dicates the WAF reduction (%) relative to the best-performing
baseline, MiDAS. DOGI reduces WAF by an average of
25.1% across all workloads and by 15.5% over MiDAS.

To further understand the results, we categorize workloads
into two types based on their access patterns. S-type work-
loads (FIO, YCSB-A and YCSB-F) exhibit skewed and rel-
atively static access patterns [4, 14, 18], which make inval-
idation time prediction easier (invalidation time prediction
accuracy of 78-84% in DOGTI for user-written blocks). D-
type workloads (Varmail, Alibaba, and Exchange), in contrast,
show more dynamic access patterns [5,37,38], posing greater
challenges for the model to capture (prediction accuracy of
56-64%). A detailed accuracy analysis is presented in §5.3.

For S-type workloads, DOGI reduces WAF by 19.7% com-
pared to MiDAS. This improvement comes from two fac-
tors: (/) HF and our ML model predict the invalidation times
of user-written blocks with high accuracy, reducing penal-
ties from mispredictions, and (i7) this in turn allows more
groups to be maintained without mixing blocks of different
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hotness, which improves GC efficiency. In FIO, DOGI main-
tains seven groups: Gpor and G g, with five intermediate
groups (G1—Gs). Also, part of the WAF reduction comes from
the proper relocation of GC-written blocks; in particular, for
FIO, the prediction accuracy of GC-written block relocation
improves by 7.8% compared to the age-based policy.

For D-type workloads, the prediction accuracy is lower, so
DOGTI adapts by reducing the number of groups, typically
maintaining only two intermediate groups, thereby mitigating
the penalties by mispredictions. As a result, DOGI reduces
WAF by 10.3% on average compared to MiDAS. Specifically,
for Varmail, DOGI effectively isolates warm blocks from
cold blocks into two intermediate groups and ensures that
they remain valid until expiration within each group’s BIR,
achieving an 18.7% lower WAF than MiDAS. For Alibaba
and Exchange, however, the workload characteristics change
rapidly over time, causing the model’s prediction accuracy to
drop significantly during certain phases. In this case, DOGI
triggers the fallback mechanism described in §4.3, which
immediately disables the low-accuracy ML model and stabi-
lizes WAF. Afterward, DOGI retrains the model to recover
prediction accuracy. With this adaptive design, DOGTI consis-
tently outperforms MiDAS, reducing WAF by 4.9-10.4% on
Alibaba and Exchange.

Compared to NoDaP, DOGI exhibits a higher WAF across
all workloads. This indicates that, although DOGI reduces
WAF over SOTA techniques, it still has a non-trivial gap from
the near-optimal and leaves room for improvement.

5.3 Analysis of DOGI’s Components

We analyze the three key components of DOGI and conduct
an ablation study to quantify each component’s contribution.
Prediction capability for user-written blocks. We evaluate
how accurately DOGTI predicts the invalidation time of user-
written blocks and analyze how this prediction impacts GC
efficiency. To this end, we leverage the future knowledge used
in NoDaP to obtain the actual invalidation time of all blocks
and compare it against the predictions on our simulator.

We compare three methods for predicting the invalida-
tion time of user-written blocks: the latest invalidation time-
based (denoted as Latest), an ML-based, and DOGI’s hybrid
method. As the ML baseline, we adopt the model used in ML-
DT, which provides the highest accuracy among prior work.
For a fair comparison, we modify only the mechanism for
predicting the invalidation times of user-written blocks within
DOGTI, while keeping all other components unchanged, and
measure both prediction accuracy and WAF. Here, the predic-
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Fig. 12. Comparison of GC-written block relocation policy:
(a) overall accuracy across all workloads and (b) destination
group distribution of GC-written blocks on FIO

tion accuracy is evaluated by checking whether the class of
predicted invalidation time, defined as either kot or one of
the invalidation time categories (c¢1—co), matches the actual
invalidation time of each block.

Fig. 11(a) shows the prediction accuracy across workloads.

Latest is the worst; as discussed in §3.2, it fails to accurately
predict warm and cold blocks. Consequently, as shown in
Fig. 11(b), its low accuracy leads to misprediction overheads
and higher WAF. Both ML-DT and DOGTI achieve higher
accuracy, with DOGI outperforming ML-DT. The improve-
ment of DOGI comes from three factors: (i) hot blocks are
separated with very high accuracy (e.g., 98.27% and 99.0%
for FIO and Varmail, respectively) using the latest invalida-
tion time of each block, (i) with hot blocks separated, the ML
model is trained with a focus on the remaining warm and cold
blocks, whose invalidation times are relatively more difficult
to predict, and (iii) the our model is designed to accommodate
the carefully selected input features to learn wram and cold
blocks more effectively. In contrast, ML-DT relies on a single
ML model to predict the invalidation time of all user-written
blocks, resulting in lower accuracy. This is particularly note-
worthy because ML-DT requires 66.5% longer inference time
than the lightweight model employed in DOGI.
Prediction capability for GC-written blocks. We now eval-
uate the ability to predict the invalidation time of GC-written
blocks by comparing DOGI against age-based GC relocation.
As in the previous experiment, we change only the relocation
policy in the design of DOGI and measure the prediction
accuracy. A prediction is considered correct if the actual in-
validation time of a GC-written block falls within the BIR of
the group to which it is relocated.

Fig. 12(a) shows the prediction accuracy of GC-written
blocks. Across all workloads except for Exchange, our policy
achieves higher accuracy than the age-based relocation pol-
icy. This improvement directly leads to the WAF reduction
observed between +Grp and +GC in §5.2.

For a more detailed analysis, we examine how GC-written
blocks are relocated under each policy. Fig. 12(b) presents
the distribution of destination groups, broken down by the
source group from which each GC-written block originated,
for FIO where our relocation policy achieved the largest WAF
reduction. For comparison, we also include the distribution
under NoDaP’s policy, which has future knowledge.
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Fig. 13. Impact of group count

Compared to the age-based policy, DOGI can relocate

blocks into a more diverse set of groups. When compared with
NoDaP, the effectiveness of our approach becomes clear. For
instance, when the source group is G, NoDaP relocates about
45% of blocks back to G, while the age-based policy moves
all of them to G,, which results in the mixture of blocks with
different hotness in G,. In contrast, DOGI relocates most of
these blocks back to G, thereby avoiding this inefficiency. It
is worthwhile to mention that even our method has a lot of
room for improvement.
Group configuration analysis. We evaluate how group con-
figuration affects GC efficiency and whether DOGI chooses
a near-optimal configuration. To this end, we evaluate the
misprediction ratio and WAF of all possible configurations
in our simulator (up to 2° = 512). We focus on two different
types of workloads: FIO (S-type) and Varmail (D-type). For
N such that 2 < N < 10, where N is the number of interme-
diate groups, we exhaustively explore all configurations and
report the one that achieves the lowest WAF along with its
misprediction ratio. Here, the misprediction ratio is measured
as the fraction of user-written blocks whose invalidation times
exceed the BIR upper bound of their assigned group.

Fig. 13 shows the results. For FIO, the benefit of finer
block separation initially outweighs the added misprediction
penalty; WAF decreases up to N =5. Beyond that point, the
misprediction penalty begins to dominate, and WAF rises
gradually (at N = 10, WAF becomes 2.1x the minimum).
In contrast, for Varmail, the misprediction ratio is low at
N =2 and 3 but climbs sharply for N > 4, inflating the penalty
and driving WAF up quickly. Interestingly, when N > 7, the
misprediction ratio remains nearly unchanged, but WAF in-
creases sharply. This is because the later groups have exces-
sively long BIR upper bounds, leaving segments unselected
as GC victims until they expire. As a result, under DOGI’s
victim selection policy, GC is frequently triggered in Gy and
G frzn, where many cold and still valid blocks reside.

The red dots in Fig. 13 represent the configurations chosen
by DOGI, which consistently lie near the WAF minima. This
indicates that DOGTI identifies configurations that are near-
optimal, balancing the benefits of block separation against the
misprediction penalties across workloads.

Impact of individual components. We analyze the contribu-
tion of key components of DOGI by incrementally adding
them to the baseline design. Following the design principles of
SepBIT and MiDAS, our baseline design has two user groups

Fig. 14. Impact of DOGI’s component

(a) Throughput (b) time
Fig. 15. Prototype evaluation

for hot and non-hot blocks, classified by latest invalidation
times, and two GC groups that organize blocks by age. Start-
ing from the baseline, we add each component one by one;
(9) user-written block placement (§4.2.2—-§4.2.3), (ii) group
configuration (§4.3), and (iii) GC-written block relocation
(§4.4), denoted as +User, +Grp, and +GC, respectively.

Fig. 14 shows how WAF changes across the designs. First,
+User represents the base design extended with DOGI’s user-
written block placement. In +User, hot blocks are filtered by
HF and placed into the hot group, while non-hot blocks are
separated into ten groups according to the invalidation time
categories (cj—cyg) predicted by our ML model. All other
design elements remain unchanged from the base design.

The yellow bars in Fig. 14 indicate that the impact of +User
on GC efficiency varies across workloads. For FIO and YCSB-
F, where prediction accuracy is high and misprediction over-
head is relatively low even with many groups, WAF decreases.
For YCSB-A, however, the benefit of finer block separation
is marginal, since the dominant effect comes from separating
hot blocks. Varmail shows an interesting trade-off: although
a large number of groups incur misprediction penalties, as
discussed in §5.2, the benefit of warm block separation domi-
nates, eventually reducing WAF. In contrast, for Alibaba and
Exchange, lower prediction accuracy increases misprediction
overhead, even worsening WAF.

+Grp extends +User by determining the number of groups
and their BIRs while taking into account the prediction accu-
racy of the ML model. This results in WAF reductions across
all workloads, with the most substantial gains observed on
D-type workloads. As shown in Fig. 11, the prediction accu-
racy for user-written blocks is relatively low, which may incur
significant misprediction overheads. Therefore, by merging
groups with high misprediction ratios, DOGI improves GC
efficiency. The key insight here is that relying solely on pre-
diction accuracy is insufficient; group configuration must also
reflect the prediction accuracy of the model.

Finally, adding the +GC component, which makes it the
DOGTI policy, improves GC efficiency across all workloads.
In particular, on FIO, DOGI significantly enhances GC ef-
ficiency by estimating the invalidation time of GC-written
blocks more accurately than the age-based policy. On the
other hand, Exchange shows limited improvement, as its dy-
namic access pattern reduces the accuracy of predicting the
invalidation time of GC-written blocks. Overall, +GC reduces
WAF by 8.1% over the age-based policy used in +Grp.
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Table 5: Read latency of MiDAS and DOGTI (unit: us)
Y-A Y-F Var Ali 1B5%
Soth 99th Soth 99th Soth 99th Soth 99th Soth 99th

MiDAS | 257 549|234 507 | 241 520|216 498|247 523
DOGI | 254 538|233 507|234 516|220 493|251 520

5.4 Prototype Evaluation

To evaluate throughput, inference (i.e., prediction) overhead
and latency, we implement a proof-of-concept prototype of
DOGI, along with four SOTA techniques, in a real LSS. Re-
call that we adopt double buffering to hide inference latency
while writes are being issued to storage (see §4.2.3). For a
fair comparison, we incorporate double buffering into all the
techniques. Through this, all techniques, except for ML-DT,
can hide the prediction overhead for user-written blocks.

Fig. 15(a) shows the throughput results. The numbers on
the bars indicate the WAF of DOGI measured on the proto-
type, which align well with the simulation results. On aver-
age, DOGTI achieves 19.4%, 1.19x%, 1.17%, and 1.09x higher
throughput compared to ML-DT, PHFTL, SepBIT, and Mi-
DAS, respectively. This shows that DOGI effectively reduces
write traffic caused by block copies during GC, without signifi-
cant prediction overhead. ML-DT delivers the lowest through-
put (18.3-22.2MiB/s), far below the system peak of 1.1GiB/s,
reflecting the combined impact of higher WAF and the com-
pute overhead of its invalidation time prediction.

To quantify the overhead of each technique’s prediction
policy, we measure inference time on our prototype while
running FIO, using a single CPU core for inference. Fig. 15(b)
reports the average inference time of each technique. DOGI
achieves substantially lower inference overhead than other
ML-based techniques and performs on par with SepBIT. This
efficiency stems from the fact that, unlike PHFTL and ML-
DT, DOGI classifies hot blocks directly based on their latest
invalidation times, leaving a smaller fraction of the blocks
(24.7% of all user-written blocks in FIO) to be processed by
the ML model. As a result, classifying hot blocks using HF
incurs an average latency of only 0.13us, while classifying the
remaining non-hot blocks using the ML model takes 0.94us
on average, resulting in an overall average inference latency
of 0.39us. This shows that DOGI has minimal overhead and
can thus be practically deployed in real-world LSSs.

We also evaluate the impact of DOGI on read latency to
examine whether it interferes with other I/O tasks. We com-
pare DOGTI against MiDAS, which incurs the lowest computa-
tional overhead among existing techniques. Table 5 reports the
median (501) and 99th—percentile (tail) read latency across all
workloads, excluding FIO, which does not issue reads. Over-
all, DOGTI exhibits similar or slightly lower latencies than
MiDAS for every workload. As discussed earlier, this indi-
cates that the computational overhead of DOGI is effectively
hidden and does not disrupt foreground reads. Moreover, by
effectively reducing WAF, DOGI mitigates I/O delays by GC,
which further contributes to its lower tail latency.

6 Discussion

In this section, we discuss the scalability implications of
DOGI as device capacity increases, focusing on its mem-
ory and computational overhead.

Memory overhead. DOGI’s memory overhead mainly comes
from ML-Alloc and FF, which incur 68MiB on a 128GiB de-
vice (0.05% of the storage capacity). Compared to prior work
(MiDAS: 9MiB, PHFTL: 12MiB, SepBIT: up to 70MiB, ML-
DT: 128MiB), this overhead is moderate. However, DOGI’s
memory usage scales linearly with storage capacity because
it maintains per-block metadata, and can become significant
at scale (e.g., 34GiB for 64TiB).

To reduce memory overhead, we consider maintaining
metadata at a coarser granularity (e.g., one entry per 4 blocks),
based on the observation that adjacent blocks exhibit similar
behavior [56]. This reduces memory overhead by 4X, but it
may introduce additional error in predicting a block’s invali-
dation time. To quantify this, we evaluate DOGI using one
metadata entry per four adjacent blocks and observe a 0.6—
5.2% accuracy drop across workloads in Table 4. This shows
a clear trade-off, as reducing memory usage comes at the cost
of prediction accuracy. We leave a deeper evaluation and an
optimized design that exploits this trade-off for future work.
Computational overhead. DOGI’s computational overhead
arises from ML-Alloc and the group-configuration search
algorithm. Their costs depend on the ML model structure
(e.g., the number of parameters) and the size of the group-
configuration search space (fixed at 512 configurations, as de-
scribed in §4.3), respectively. Importantly, neither the model
architecture nor the search space changes as storage capac-
ity increases; therefore, the computational overhead does not
scale with storage capacity.

7 Conclusion

In this paper, we presented DOGI, an oracle-guided data
placement technique. We first introduced NoDaP, a near-
optimal oracle baseline that set achievable upper bound for
WAF reduction. Guided by NoDaP, DOGI combined simple
heuristics with the ML model to predict block invalidation
times accurately at low overhead, and dynamically selected
group configurations to minimize WAF. Our results showed
that DOGI reduced WAF by 15.5% and achieved 9.2% higher
write throughput, on average, compared to MiDAS.
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A Artifact Appendix
Abstract

DOGI is an oracle-inspired data placement technique that
combines simple yet effective heuristics with lightweight
machine learning in various log-structured storage systems.
DOGTI predicts invalidation times for data blocks with high
accuracy using an ML model and dynamically adjusts group
configurations. DOGI is implemented in a prototype log-
structured system built on zoned storage (i.e., ZNS-SSD),
which enables us to measure WAF, I/O performance, and
CPU overheads of the system. For artifact evaluation, we pro-
vide our source code and the trace file. Please refer to the
README file at https://github.com/dgist-datalab/DOGTI.

Scope

The artifact includes all the source code required to run DOGI
as well as the FIO-based workload trace file used in this study.
You can quickly test DOGI using this trace.

Contents

We provide a Git repository for DOGI, a prototype log-
structured storage system implemented on zoned storage de-
vices. Following the README file in the repository, you can
measure the WAFs and accuracy of predicting the invalida-
tion time of data blocks. Furthermore, you can measure 1/O
performance (e.g., write throughput) and the overhead associ-
ated with the CPU and memory usage for system execution.
The implementation of DOGI mainly spans the app/ and
src/ directories. Below, we summarize the key components
required to run the system.

Initialization and data placement.

* app/main.cc initializes the execution environment, loads
and replays workload traces, and orchestrates the overall
execution of the system, including model training and in-
ference.

* app/classifier.cc classifies incoming data blocks into
hot and frozen blocks based on their access characteristics.

* src/placement/dogi.cc places non-hot blocks into ap-
propriate groups according to the categories inferred by the
trained ML model.

Model training and inference.

* app/freq_features.cc collects frequency-related fea-
tures used for training block invalidation behavior.

* app/model_train.cc builds training datasets and triggers
the model training pipeline.

* DOGI-Train/model_trainer.py trains an ML model
used for predicting block invalidation times.

* app/mlp_inference.cc performs inference at block in-
validation time using the trained model.

Group configuration and GC.

* group_optimizer.cc determines the group configuration
and the GC relocation policy based on the block invalidation
characteristics.

* group_config.cc applies the selected group configuration
to the running system.

e src/selection/dogiselect.cc selects GC victims to
satisfy the target block invalidation time range (BIR) under
the configured groups.

Hosting

We provide the public Git URL, and the commit hash for the
repository used during artifact evaluation. Additionally, we
provide a public Zenodo URL for downloading the trace file
of the FIO benchmark used in our evaluation.

* Prototype implementation
https://github.com/dgist-datalab/DOGI
51ae337aa50802%pd00e2679074600ale99%e3fad

* FIO-based workload trace file
https://zenodo.org/record/10409599

Requirements

Hardware requirements. We use the Western Digital ZN540
2TB ZNS NVMe SSD for evaluation. Alternatively, DOGI
can be evaluated using an emulated ZNS-SSD based on
NVMeVirt [29], which emulates various types of SSDs, in-
cluding commercial SSDs, key-value SSDs, and ZNS-SSDs,
using DRAM. When emulating a ZNS-SSD with NVMeVirt,
DRAM capacity must be larger than the device size specified
in the trace files, specifically an additional 10% of the de-
vice size to accommodate in-memory data structures and the
over-provisioning (OP) region used during trace replay. For
example, running a trace with a 128GiB device size requires
at least 140GiB of DRAM. We also recommend a CPU with
at least six cores.

Software requirements. Our prototype is implemented in a
log-structured storage environment based on ZenFS, which
is implemented as a plugin for RocksDB. Accordingly, the
execution environment must support RocksDB and ZenFS,
as well as NVMeVirt when ZNS-SSD emulation is used. The
following software versions are required to correctly build
and run the DOGTI prototype. Specifically, the prototype uses
RocksDB v6.25.3 and ZenFS v0.2.0. All required packages
and dependencies can be installed using standard apt com-
mands. The README file in the repository provides detailed
instructions for setting up the software environment and run-
ning the DOGTI prototype.
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