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ABSTRACT

Key-value separation is used in LSM-tree to store large values
in separate log files to reduce write amplification but requires
garbage collection to recycle invalid values. Existing LSM-tree typ-
ically adopts a static policy to recycle obsolete values, struggling
to achieve low write amplification as it is challenging to predefine
the static parameters for garbage collection. In this work we pro-
pose DumpKYV, a learning-based lifetime-aware garbage collection
mechanism which achieves lower write amplification. DumpKV
trains a machine learning model based on the access history of
keys and accordingly uses the lightweight model to predict the
lifetime of each key, where the predicted lifetime can be used to
guide the garbage collection. To reduce the interference to write
throughput introduced by garbage collection, DumpKV conducts
feature collection during L0-L1 compaction, leveraging the fact that
LSM-tree is small under KV separation. Experimental results show
that DumpKV reduces GC write size by 25.7%-53.3% in real-world
workloads and 19%-65% in synthetic workloads compared to base-
line key-value separation LSM-tree KV stores with small feature
storage overhead.
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1 INTRODUCTION

Log-structured merge (LSM)-tree [41] based storage engine is widely
adopted in modern cloud storage and database storage due to its
write-friendly peculiarity and simple concurrency control to sup-
port write-intensive scenarios including enterprise storage servers
and online transactions. Typical key-value storage engines, includ-
ing RocksDB [12], Titan [43], XStore [54], LevelDB [14] and Ter-
akDB [5], etc., are all based on LSM-tree. The idea of LSM-tree is to
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first buffer key-value (KV) writes in memory buffer and then flush
them to disk files. Key-value pairs in a given disk file are sorted,
and all these disk files are organized into multiple levels where
lower-level files contain the most recent writes. Key-value pairs
in lower levels are gradually moved towards higher levels via the
compaction process.

The standard LSM-tree based storage engine that stores both
keys and values in LSM-tree suffers from write amplification be-
cause of repeated writes of keys and values during compaction.
Such write amplification can reach a factor of at least 50x [35].
Storing both keys and values in LSM-tree also leads to read amplifi-
cation since a query needs more disk accesses to locate the target
key across multiple levels of disk files as the LSM-tree grows in
size.

Key-value separation is introduced by Wisckey [35] to reduce
write amplification from recurring large value writes during com-
paction. The main idea of KV separation is to store large values
in separate value files and store keys and pointers to values in
LSM-tree. As the values have been updated gradually, the storage
capacity occupied by invalid values increases, and accordingly the
garbage collection (GC) is initiated to reclaim storage space occu-
pied by obsolete values, move still valid values to new value files,
and update the key-pointer pairs in LSM-tree if necessary. This de-
sign helps to alleviate write amplification because it avoids repeated
write of large values during compaction process, and it is useful for
workloads whose average value size of KV pairs is large. However,
this design comes with the cost of sacrificing scan performance for
the reason that values are stored in value files out of order.

Current design and implementation of garbage collection for KV
separation struggles to achieve low write amplification because they
are mostly based on static policies. Typically, the garbage collection
process is triggered when the estimated or measured garbage ratio
in value files exceeds some predefined threshold or when value
files exceed a defined time-to-live threshold. If the garbage ratio for
triggering garbage collection is low, then we can get low space am-
plification with high write amplification. Otherwise, a high garbage
ratio for garbage collection triggering can cause low write amplifi-
cation but with high space amplification, which means it wastes
storage space to store obsolete values.

We argue that the root cause for why current GC solution for
KV separation struggles to balance low write amplification and
low space amplification at the same time is that key lifetime is not
known in advance. Key lifetime is defined as the duration from
the time when the key is first initially written to the time it is
rewritten, which means the previous write of the key is invalidated.
Despite that the idea of leveraging the lifetime of blocks or objects
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to improve garbage collection efficiency has been studied in SSD
[21] and file systems [45] it has not been studied how this idea can
be applied to garbage collection in KV separation in LSM-tree.

This paper introduces DumpKV, an intelligent LSM-tree KV
separation store designed for update-intensive workloads. DumpKV
considers the lifetime of keys, using a machine learning model to
predict key lifetimes and place values into appropriate files based
on these predictions. This method enhances garbage collection
efficiency by grouping values with similar lifetimes, reducing write
and space amplification.

DumpKV categorizes value files into default, short, and long
lifetimes, adjusting dynamically based on workload monitoring.
Initially, values are written with a default lifetime. During garbage
collection, a binary classification model predicts the remaining life-
time of valid KV pairs, and values are reassigned to the appropriate
lifetime category. Garbage collection occurs when the estimated
TTL of a value file is reached.

Incorporating a model into DumpKV’s LSM-tree KV separation
store to achieve efficient garbage collection without degrading
read/write performance presents several challenges. First, effec-
tive feature engineering is needed for accurate lifetime prediction.
DumpKV uses past write information and generates exponentially
decayed write counts to capture short- and long-term access pat-
terns for per-key lifetime prediction. Second, determining short
and long lifetime thresholds is crucial. DumpKV continuously col-
lects key lifetimes and periodically determines optimal thresholds
based on the cumulative distribution function. Third, minimizing
the overhead of feature collection and model prediction is essen-
tial. DumpKV generates features during the L0 — L1 compaction
phase and performs model prediction during background garbage
collection. DumpKYV leverages the small size of the LSM-tree in
the KV separation architecture to keep read overhead low. Lastly,
DumpKV must adapt to dynamically updated feature values for
accurate key lifetime prediction. Unlike previous models trained
offline, DumpKYV periodically retrains the model and adjusts the
training dataset adaptively.

To the best of our knowledge, this is the first work that introduces
a learning-based method to help with garbage collection in KV
separation in LSM-tree. Contributions of this paper are summarized
as follows:

® We propose DumpKYV, an intelligent KV separation store
architecture that learns lifetime distribution and gives per-
key level lifetime prediction during garbage collection to
achieve low write amplification and space amplification at
the same time.

® We propose effective features engineering techniques solely
based on past write access information and feature persis-
tence to help the model do training and prediction.

e We propose a lifetime-aware value file storage structure
and garbage collection process to effectively relocate KV
pairs of value files that are still valid.

e We implement DumpKYV prototype atop of RocksDB, an
open-source KV store that is popular in the community and
is widely adopted. Experimental results show that DumpKV
achieves the lowest GC write size compared to baseline KV
stores with a slight extra storage space for feature data.
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Figure 1: LSM-tree and KV separation

2 BACKGROUND

In this section we will first give introduction to LSM-tree store
architecture. We then give introduction to key-value separation
technique that aims to reduce write amplification for large value
storage. And then we discuss about current garbage collection
design and implementations in key value separation in LSM-tree
storage engine and gives strengths and weaknesses of different
garbage collection approach. Finally, we talk about current learned
based research approach in storage system that predicts lifespan of
storage object.

2.1 LSM-tree key value store

LSM-tree key value store is a write-friendly storage architecture. Fig
1 depicts a simplified storage architecture of conventional LSM-tree
key value stores (e.g., LeveldB and RocksDB). LSM-tree key-value
store is an append-only storage structure. KV pairs written by
users are first buffered in a memory part called MemTable. When
MemTable reaches size threshold, it’s converted into Immutable
MemTable, which means there will be no extra writes to this Im-
mutable MemTable, and a new MemTable is created in memory to
accept new KV pairs. Then Immutable MemTable is flushed to a disk
file called SSTable. . LSM-tree key-value sotre organizes SSTables in
n+1 levels, denoted by L0, L1, ..., Ln (from lowest to highest level)
in disk. Capacity of Li is configured as a multiple (typically 10x) of
that in Li — 1 (where 1 <= i <=n).).

Each level except L0 is fully sorted which means there is no
overlap between SSTables. When Li reaches size limit a compaction
process is started to merge key value pairs from Lito Li+ 1(0 < [ <
n — 1) . Compaction process first picks candidate SSTables from Li
and then finds the overlapping SSTables in Li + 1 to be candidates
in compaction. Then it sorts all key value pairs from candidate
SSTables and writes valid key values pairs to newly created SSTables
in Li + 1. Finally, input candidate SSTables are deleted, and the
compaction process is done. This compaction process incurs extra
read and write which increases write amplification. Prior studies
show that write amplification of conventional LSM-tree key value
stores can reach up to 50x write amplification [35].

To perform read process to do key lookup, a conventional LSM-
tree KV store first search query key in MemTable, and if it does
not find the query key then it performs another search in Im-
mutable MemTable if there is any. If the query key does not exist
in MemTable and Immutable MemTable, LSM-tree KV store then
searches in each level of LSM-tree starting from L0 to higher levels.
In L0, LSM-tree KV store searches all SSTables. In levels between L1
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and Ln LSM-tree KV store does binary search to locate the candidate
SSTable whose key range overlaps with lookup key.

2.2 Key-value separation and garbage collection

Large size values are commonly found and contribute a consider-
able amount of traffic in real-world KV workloads. For example,
TiDB [16, 32] is a transactional database built on top of the KV stor-
age engine and maps each row in the table into a KV pair whose
value size can reach hundreds of kilobytes. Atlas [24] manages
key-value pairs in cloud storage with values exceeding 128 KB.
Large-size values significantly contribute to traffic in practical KV
workloads, according to field studies [1, 37, 60].

To reduce write amplification caused by repeated large value
writes during compaction, Wisckey [35]proposes KV separation ar-
chitecture. Fig. 1 shows the storage structure introduced by Wisckey.
Wisckey’s KV separation architecture reduces write amplification
during compaction by storing values in a separate file and using
a smaller index pointer in the LSM-tree. This reduces compaction
overhead and LSM-tree size, improving read amplification and point
query performance. Key lookups involve locating the KV pair in the
LSM-tree and then reading the value from the value file using the
index pointer. Garbage collection reclaims space by writing valid
values to new files.

Several other KV separation designs and implementations are in-
troduced to trade off between read and write performance brought
by garbage collection [5, 12, 32, 43]. They mainly differ in value
file storage structure, trigger condition of garbage collection pro-
cess, and victim value file selection strategy. Titan [43] adopts a
similar garbage collection policy as Wisckey but with a different
garbage estimation implementation. It triggers garbage collection
when the estimated garbage ratio of value files reaches a threshold.
RocksDB [12] develops its own KV separation design and implemen-
tation and integrates garbage collection as part of the compaction
process, which is different from Wisckey. TerakDB [5] removes new
value pointer write-back to reduce interference of GC by storing
values in a separate value file called v-SSTable during GC.

2.3 Learning-based storage system

A fair amount of work has been done to apply machine learning
model do prediction for various parts in various aspects of storage
system stack to benefit read/write rate. Typical use cases are in-
creasing cache hit rate or improving garbage collection efficiency.
Leaper [61]uses model to predict which new blocks are hot after
compaction and prefetches those new blocks into cache during
compaction. LRB [48] uses machine learning to approximate the

1225

Percentage

P60
= Tencent
P50

0 1 2 3
Lifetime

4 5
le7

Figure 3: CDF of lifetime for Systor and Tencent trace

Belady MIN alroithm to predict objects with furthest request and
evict those objects from cache to increase cache hit rate.

One main challenge in the integration of machine learning into
storage systems is the necessity for the model to impose minimal
training and inference overhead on critical system performance
metrics, such as read and write throughput. Current solutions can
be broadly classified into two categories. The first approach in-
volves constraining the model size and simplifying input features
to reduce both the training and inference time[15, 55, 61]. For exam-
ple, LinnOS[15] applies a light-weight neural network with weight
quantization and reformatting feature integers into decimal dig-
its to do binary classification and do SSD performance inferring
at a per I/O granularity to reduce I/O latency. QB5000[36] devel-
ops a robust forecasting framework to predict future query arrival
rates using logical composition of queries with a clustering-base
technique. The second one is reducing model calling frequency or
putting model inference in a non-critical path [38]. For example,
LLAMA[38] uses a hashing-based mechanism to identify contexts
previously seen and only execute model inference if the lookup
fails to amortize model executions overhead over the lifetime of a
long-running server.

3 MOTIVATION

Despite that lifetime information is used for garbage collection
in storage hardware such as SSDs [21, 40, 53, 53, 59]. file sys-
tems [27, 45] and memory allocation [38], it has not been studied
how lifetime information can be leveraged to improve garbage col-
lection efficiency and reduce write amplification in KV separation
for LSM-tree.

Besides, current garbage collection designs for KV separation
suffer from balancing low write amplification and space amplifica-
tion because they only take static parameters to trigger garbage
collection. Thus, current garbage collection implementation in key
value separation in LSM-tree either trades off higher write ampli-
fication to have less space amplification or wastes extra storage
space to maintain low write amplification.

Several works [6, 32] use recent write count to differentiate hot
and cold keys, simplifying lifespan prediction into a binary classifi-
cation task. However, this method relies on threshold-based garbage
collection triggers and fails to capture lifetime patterns, making it in-
effective for reducing write amplification in less-skewed workloads.
Therefore, incorporating more features in lifetime classification is
necessary to achieve lower write amplification.

Fig. 2 shows the total write size and total size of three typical KV
separation implementations, RocksDB, TerakDB, and Tian, under
different garbage collection trigger ratio parameter settings. All 3



KV separation LSM-tree based stores show a similar trend, and a
lower garbage collection trigger ratio leads to a lower total size but
with higher write amplification.

Knowing each key’s lifetime in advance allows us to group keys
with similar lifetimes, enhancing garbage collection efficiency and
reducing both write amplification. This motivates the use of a ma-
chine learning model to predict key lifetimes.

Fig. 3 illustrates the cumulative distribution function (CDF) of
lifetime distributions derived from real-world block storage work-
load traces [25, 26, 65]. The data reveals a long-tail distribution,
indicating that the majority of writes have short lifetimes, while a
smaller proportion exhibit significantly longer lifetimes. This obser-
vation motivates the simplification of the lifetime prediction task
into a binary classification problem.

To achieve an effective and efficient learned LSM-tree KV sepa-
ration store, several challenges must be addressed:

Feature generation. Effective key feature generation for train-
ing and inference is needed without full stack application infor-
mation. Unlike PCStream[21] and LLAMA([38], which use rich call
stack traces, standalone key-value stores lack such data. Efficient
feature engineering based on past write access information is re-
quired to capture lifetime patterns.

Performance overhead. Model training and inference should
minimally impact system read and write performance. Unlike user-
facing ML applications, LSM-tree key-value stores are sensitive to
performance. Balancing write amplification, space amplification,
and write performance is critical.

Persistent feature storage. Key features must be stored per-
sistently and efficiently for model training and inference, avoiding
data loss and enabling quick retrieval for lifetime prediction.

Online model updates. The model needs to be updated online
to adapt to dynamically changing feature values.

4 DUMPKYV DESIGN

In this section, we present the design of DumpKYV and illustrate
how we address the problems mentioned in the last section. First,
we give DumpKV system overview. Then we describe how features
are generated for use in model prediction and how features are
stored efficiently and effectively. Next, we introduce how model
training and inference work in DumpKV. And then we talk about
how garbage collection works in DumpKV. Finally, we discuss the
crash consistency mechanism and implementation details.

4.1 System overview

Figure 4 illustrates the architecture of DumpKYV, a key-value separa-
tion design of LSM-tree. DumpKYV uses a machine learning model
to predict key lifetimes and stores values in files with lifetime limits.
Large values are initially written to default lifetime files with dy-
namically adjusted thresholds. Feature and lifetime data collection
occur during L0 — L1 compaction and garbage collection. Model
training is triggered periodically once sufficient training samples
are collected. Garbage collection is initiated when the value files
reach their expected lifetime, with the model predicting the remain-
ing lifetime of valid KV pairs.

DumpKV leverages past update intervals and exponentially de-
cayed write counters as features, calculated efficiently. It uses a
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Figure 4: DumpKYV architecture

lightweight gradient boosting tree model for periodic training and
prediction during background garbage collection. Instead of pre-
dicting the remaining lifetime during the Flush process, DumpKV
assigns adaptive default lifetimes to KV pairs to balance write per-
formance and write amplification, avoiding costly feature data gen-
eration and model inference during Flush.

To store features effectively and prevent data loss, DumpKYV in-
tegrates features into the LSM-tree. Training and inference features
are queried from the LSM-tree, incurring minimal overhead due to
the small LSM-tree size under the KV separation architecture. For
online and continuous learning, DumpKYV periodically generates
feature data and trains the model to adapt to dynamically updated
feature values.

Given the long-tail distribution of lifetime data, a binary classifi-
cation model is suitable for simplifying model training and infer-
ence. A regression model is unsuitable due to the vast range of key
lifetimes, from single digits to millions, which complicates effective
training. Additionally, precise lifetime prediction is not crucial since
garbage collection is infrequent. With a multi-class classification
model, misclassification is likely for adjacent lifetime classes due to
their increasing numerical values. For instance, if a model predicts
a 1M remaining lifetime but the actual is 2M, it results in extra
CPU time and write amplification. Conversely, predicting 2M when
the actual is 1M only wastes a small amount of storage for a short
period. Therefore, it is preferable for the model to overestimate
lifetimes, trading off storage space for reduced CPU time and write
amplification. Larger gaps between lifetime classes simplify model
training by creating broader classification boundaries.

4.2 Features and storage

4.2.1 Features. DumpKV uses dynamic and static features to-
gether to train models.

Deltas. Delta is defined as an interval between consecutive
writes of the same key. Deltay is the elapsing time since the latest
previous writes. Delta; indicates the time interval between the
previous two writes. We choose to use key sequence as a time
unit instead of real time, such as a microsecond or second, for
the following two reasons. First, time movement is driven by new



Table 1: List of notations used in section below

Notation
H(x), Hl(x)

Description
Lifetime distribution histogram for short
and long lifetime value files

le, 1], 1y TTL for short, long and default lifetime
value files

s idx,l idx Lower bound index for I; and [; in
EDWC; Windows

gc_ratioy, GC invalid ratio for default, short and

gc_ratiog, long lifetime value files

tc_ratiog

Base and extra percentage value for dy-
namic short and long lifetime of value
files

Initial percentage value for percentage
value of spg and Ipy, sp1. Ip1. dp1

Sp[), lpo, Spl, lpl

ini_spg, ini_lp,,
ini_sp,, ini_lp,,
ini_dp,, ini_dp,

as, ay, og Steepness factor for transformation func-
tion

B_s0, B_s1, B_l0, | Midpoint shift of transformation func-

p 1,5 d tion for short, long and default lifetime

adjustment

incoming writes rather than clock time, which is a more logical
trigger for initiating a garbage collection job. Second, key sequence
is used as a unique timestamp in the current LSM-tree store engine,
so it is directly available. Note that key lifetime and value file
lifetime share the same time unit as Delta which uses key sequence
as time unit for consistency.

DumpKYV uses up to 32 Delta for a key, and Delta; where i >=
32 is discarded. To maintain numerical stability of training data,
DumpKV maps Delta value to index of exponentially increasing
intervals, which are 1M, 2M, 4M, 8M, etc. For example, a 3M Delta
value is mapped to 2 in training data. We use past update interval
as a feature because it captures the past write access information
of a key.

Delta values remain constant over time and are unaffected by the
arrival of new writes for the same key. This characteristic simplifies
storage and minimizes the need for frequent updates of feature
values. It should be noted, however, that the storage space required
for the Delta varies for each key. For example, key A with 10 past
writes has 9 Delta, while key B with 2 past writes only has 1 Delta
that occupies storage space. This helps save space for feature storage
with less frequently updated keys.

Exponentially decayed write counters(EDWCs). DumpKV
applies EDWCs to capture update frequency information. EDWCs
track the write access count in a specific time window. Each EDWC;
is initialized as 0. When a new write request arrives, EDWC; where
i > 0 is updated according to the following expression:

EDWC; = 1+ EDWC; x 2~ Deltao/2"™ (1)

Each EDWC; is not updated until a new write request of key
arrives, which is different than that Deltay is updated each time
it’s used for model prediction. EDWC; with a larger value i cover a
longer time window. For example, a key that was updated frequently
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10M timestamp ago but is rarely updated now would have a low
EDWC; but still have a large EDWCy. So keys with few write
accesses recently could still have a high write access count in the
long term.

EDWC is motivated by prior work in block storage caching [28],
cache prediction [48] and video popularity prediction [50]. The idea
is to use EDWCs to track a long-term trend of popularity by ap-
proximating the decay rate of object popularities. The write access
pattern of keys is captured with multiple EDWCs with different
decayed constants that represent different time windows.

Additional optional features. Besides dynamic features that
are updated when each new write arrives, other features can be
used to help model determine the lifetime of keys. For example,
the size of the value and the type of key that is related to the
application can be utilized. Additional features from higher-level
applications or databases can be leveraged, such as logical fea-
tures like tables/columns or the write query’s syntax tree. These
logical features, along with arrival rate patterns as introduced in
QB5000 [36], can help with key lifetime prediction.

4.2.2 Feature storage . Fig.5 shows feature storage format. The
value part in SSTable in LSM-tree first stores the value file number,
value offset, and value size in the corresponding value file. After
these three fields, DumpKV stores feature data to be used for future
model prediction. DeltaCount is used to indicate how many Delta
are stored in the value part, and it only takes one byte of storage
space. Following that are the actual values for Delta. Following
that is EDWC; data for the current key. DumpKYV stores up to 32
past distances delta and 10 EDWC for each key that has at least
one previous write. Table 2 shows feature data storage size for keys
with different accumulated write counts. Only 1 byte is required for
keys that are first written to the storage engine and have no past
writes because no past distances and EDWC features are stored
in LSM-tree. Maximum storage space for feature data is 297 bytes,
which is affordable given that value size is usually large in KV
separation architecture, and it’s rare to have keys with more than
32 past writes that take up the majority of overall write requests.
DumpKV uses varint encoding to save more storage space.

4.3 Training data collection

DumpKV maintains two training sample collection queues to collect
training samples from L0 — L1 compaction and garbage collection
separately. A separate consumer thread is then responsible for
gathering samples from these two queues, doing data labeling, and
building the training dataset.

The rationale behind maintaining two separate queues for col-
lecting training samples is as follows: A true lifetime label for past
writes of the same key can be obtained during L0 — L1 compaction.
This queue helps the model learn lifetime distribution for keys that



Table 2: Feature storage overhead for keys with different
numbers of past write requests.

4-12
<127

13-32
<297

> 32
297

# of past writes
Feature size

49 | 57 | 65

have at least two writes. To help model pay attention to one-time
write keys and keys that expect to have long lifetime DumpKV
maintains another queue to collect training data from garbage col-
lection process.

In the process of L0-L1 compaction, for each key that is iterated,
DumpKYV performs a search operation in levels Li where 1 < i to
identify any previous write of the same key. The lifetime of the
previous write is calculated by subtracting the sequence number of
the current write from the sequence number of the previous write.
Subsequently, the feature data of the previous write is extracted
from the value part in the LSM-tree and is appended to the L0 —
L1 compaction queue, along with its lifetime. Then all EDWC; of
previous writes of the same key are updated according to Eq.1 and
they are written to the value part in LSM-tree together with the
latest Delta feature with feature storage format as shown in Fig.5
for future feature collection, model training, and calling.

The rationale for collecting training data and key lifetime during
L0 — L1 compaction is as follows: First, all keys are moved from
lowest level LO to higher level through L0 — L1 compaction, so
DumpKYV can accurately capture lifetime distribution by collecting
lifetime of all keys during L0 — L1 the compaction process. If this
data collection process is put off to L1 — L2 compaction or a higher-
level compaction process, then there is a risk that some key lifetime
information is lost because obsolete keys are dropped during the
compaction process. Second, L0 — L1 compaction process includes
the latest inserted keys, which helps bring the latest training data to
the training dataset. Third, compaction overhead is small under key
value separation architecture because LSM-tree is small and large
value write to value file in Flush process dominates foreground
write overhead. Since SSTables in L0 are unsorted and there might
be multiple same keys in L0 during compaction, DumpKV maintains
the correctness of key lifetime collection in L0 by checking the
existence of the same key in L0 and calculating the lifetime of
sequential writes of the same key.

The size of the LSM-tree is inherently small under KV separation
architecture, which results in a minimal overhead when performing
point queries within the LSM-tree, without the need to read values
from the value file. This efficiency allows for the majority of the
LSM-tree to be stored in the block cache.

During the garbage collection process, DumpKYV calculates the
elapsed lifetime for each valid key. This is achieved by subtract-
ing the sequence number of the key from the current timestamp
sequence number. Subsequently, the feature data of this key is
extracted from the value part. This data is then appended to the
garbage collection training sample collection queue, along with the
elapsed lifetime, which is included as a speculated lifetime label.
The probability of this action is equivalent to the current garbage
collection valid ratio.
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4.4 Data labelling

Data labeling is required to assign a lifetime label for each training
sample to train the model. DumpKYV does a binary classification
task and gives binary labels to indicate that whether a key will have
a short remaining lifetime or a long remaining lifetime.

DumpKYV applies different data labeling strategies for samples
coming from L0 — L1 compaction training sample queue and those
coming from the garbage collection training sample queue. For train-
ing samples that come from L0 — L1 compaction queue, DumpKV
excludes samples whose ground truth lifetime is shorter than the
default lifetime I; because those keys with a lifetime that is shorter
than l; are dropped during the first garbage collection anyway, so
there is no need to pay attention to these keys. Subsequently, a
sample c is labeled with the following expression:

1
label, = {0

Equation (2) shows that a sample is labeled as 1, i.e., a long
remaining lifetime if the duration between the last two adjacent
write requests is greater than the sum of the short lifetime threshold
and the default lifetime threshold for value files.

The process of labeling samples from the garbage collection
sample queue presents a challenge due to the unknown ground
truth lifetime. Despite this, it is imperative to include keys in the
training dataset that have either a long lifespan or are written
only once. This inclusion allows the model to predict a longer
remaining lifetime for these keys during the garbage collection
process. DumpKYV introduces a simple but effective heuristic rule-
based labeling method. It assigns a label of 1, indicating a long
remaining lifetime, to samples that are written only once. The
following expression 3 is used to assign label for sample g with at
least two past writes from garbage collection training sample queue

if Deltag — ld > I (2)

otherwise

vabel. = |1 TEDWCS i > 10
abely = )
0 otherwise

The rationale is that the model is advised to deem this key as in-
active if keys have fewer than one write operation in the I window,
implying a long remaining lifetime.

®)

4.5

During the training data collection process, lifetime distribution
monitoring is conducted to identify optimal short and long lifetime
points in a dynamic way. These two points are subsequently utilized
for data labeling in collected training samples.

DumpKYV employs two histograms, short lifetime and long life-
time, to capture different lifetime points. This approach is based
on the observation that lifetime data from L0 — L1 compaction ac-
curately reflects the true lifetime for keys with at least two writes,
unlike data from garbage collection, which is less accurate for
longlived keys written only once. The short lifetime histogram is
updated with ground truth data from L0 — L1 compaction, while
the long lifetime histogram is updated with speculated data sam-
ple from garbage collection. Histograms use rangebased, lockfree
method to ensure minimal overhead for lifetime distribution moni-
toring.

Dynamic lifetime adjustment



And then short and long lifetime points I; and [; is calculated pe-
riodically based on current garbage collection ratio with following
expression

spo = ini_spy * a(as # (1.0 — gc_ratiog — f_s0))
sp1 = ini_spy * olas * (1.0 — gc_ratios — f_s1)) (4)
Iy = Hs(spo +sp1)
Ipy =ini_lpy+ o(ay + (1.0 — ge_ratioy — p_I0))
Ipy  =ini_lp; = o(ay = (1.0 — gc_ratioy — f_I1)) (5)
I =H/po+Ip1)
where
o(x) =1/(1+e) (6)

DumpKYV calculates spy and Ipg to get a base percentage value
for short and long lifetime value files which ensures that lower
bound of lifetime is close to 0 if gc_ratio is close to 1. Variables sp;
and [p; is more sensitive to low gc_ratio because f1 is higher than
Po and are used to be added with spy and sp; to get final percentage
value to get a proper lifetime value from lifetime histograms H, and
Hj. Variables & and & control magnitude change for lifetime point.
Variables ffy and ff; control steepness for lifetime value change. H
and H; are histogram functions which return value given specified
lifetime distribution percentage. The rationale for these two expres-
sion is to assign a higher lifetime value point when the gc_ratio
is low, thereby increasing garbage collection efficiency, and vice
versa. Adaptive default lifetime for value files generated in flush
process is then generated by taking current gc_ratio into account
with following expression

dpl

f

The idea is that default TTL for value files generated in Flush
moves towards [; when gc_ratio is low and vice versa. To miti-
gate the issue of data imbalance in the training dataset, DumpKV

=ini_dp1 = a(ag * (1.0 — gc_ratiog — f_d)) )
= H,(ini_dpo + dp1)

establishes an equal sample count threshold for each category of
samples coming from L0—L1 compaction sample queue and garbage
collection sample queue.

4.6 Model training

Model. DumpKV uses Gradient Boosting Machine(GBM)[13, 19]
as model to help train and do prediction of lifespan of keys. GBM
is a machine learning model that is lightweight and is highly effi-
cient on CPUs and widely used in many online machine learning
application with tabular data[9, 34, 46, 51], which is suitable for
performance-sensitive storage applications. Other models, such as
linear regression, support vector machine, logistic regression, and
two layer neural network struggle to outperform GBM on similar
task [48]. Besides, GBM can handle missing values in an efficient
way and does not require feature normalization[19, 48].

Prediction target. The model’s prediction target is to determine
whether the remaining lifetime of keys, which are still valid during
garbage collection, is short or long. This transforms the training
task into a binary classification task. Specifically, samples with a
predicted remaining lifetime close to the short lifetime point are
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[1,65536, 1024] : [37,49152, 1024] ||

expected to yield a model output close to 0. Conversely, samples
with a predicted remaining lifetime exceeding the short lifetime
point are expected to yield a model output close to 1.

Loss function. DumpKYV uses binary logloss as loss function to
train GBM model. Binary logloss is a typical loss function used to
train binary classification model.

Model training. Model training is started once training samples
reaches threshold. Specifically, DumpKV creates a new GBM model
and trains this new GBM model with new training dataset with
specified loss function. After training is finished, the newly trained
GBM model replaces the previous model and memory of the previ-
ous model is deallocated. Because this training process is done in
separate thread and does not block flush operation or compaction
process it brings small overhead to performance of storage engine.

4.7 Garbage collection

Garbage collection job is triggered once the lifetime TTL of value
files is reached. Fig. 6 shows the garbage collection process in
DumpKV. During the garbage collection job DumpKYV checks the
validity of each value by doing a search in LSM-tree. This search
process can be fast by reading blocks from block cache because
LSM-tree is small so that the majority of LSM-tree can be stored in
block cache. If the value is invalidated and obsolete, then this value
is discarded and no more extra steps are taken.

If the value is valid, DumpKYV reads its feature data from the
LSM-tree during validity checking, prepares Deltay by subtract-
ing the KV pair’s sequence number from the current timestamp,
and updates each EDWC; with the expression mentioned in 4.2.1.
DumpKYV then uses the GBM model to predict the remaining life-
time and assigns the value to the appropriate lifetime category. It
creates a training sample with the current feature data and adds it
to the garbage collection training sample queue for future model
training. Finally, DumpKV updates the long lifetime distribution
histogram with Deltag.

After garbage collection job is finished, DumpKYV recalculates
default, short and long lifetime points [;, I; and [; according to
expressions $4 and $5 based on latest gc_ratio. Note that value files



with different lifetime thresholds can be put into the same garbage
collection job.

During garbage collection, a value index map is created for each
new value file. For example, a value from value file:1 at offset 4096
and size 2048 is rewritten to value file:36 at offset 1024. This map is
necessary because the value index pointer in the LSM-tree remains
unchanged during garbage collection. Future reads use this map
to find the latest value file. The map is immutable and stored to
prevent data loss. Keys in the map are in increasing order, allowing
binary or hash searches if loaded in memory. The value pointer
index in the LSM-tree is updated lazily during compaction, and the
map is deleted when no older value files depend on it.

4.8 Crash consistency

DumpKV ensures crash consistency by storing key features in
the value pointer index of the LSM-tree store engine. Model crash
consistency is maintained by saving GBM model parameters to a file
after each training session, allowing restoration upon engine restart.
Training data is not persisted, as it is dynamically generated during
engine operation. Garbage collection handles crash consistency
similarly to compaction, without writing new value pointer indexes
back to the LSM-tree, avoiding duplicate writes. If a crash occurs
during garbage collection, incomplete value and index map files
are discarded upon restart.

4.9 Implementation details

We implement DumpKYV on top of RocksDB v8.00. DumpKYV checks
whether each value file reaches its lifetime limit after finishing each
flush, compaction or garbage collection job. DumpKV implements
a separate garbage collection module along with the existing com-
paction and flush module. Training dataset size is set to 256k by
default. Compressed sparse row (CSR) format is used for model
training and inference because Delta values for keys can be missing.

To serve read requests, DumpKYV first does a query in LSM-tree
to fetch the KV pair, which has a potential invalid value pointer. To
get the latest value pointer for query key DumpKV searches value
offset maps with the initial value pointer in LSM-tree in an iterative
way. The latest value pointer for the query key is then obtained in
the last value offset map. Then DumpKYV reads value from value
file with latest value pointer and returns value back to user.

5 EVALUATION

In this section, we evaluate and compare DumpKV with three state-
of-the-art KV stores with KV separation design and implementation,
which are RocksDB, TerakDB, and Titan. RocksDB has standard
LSM-tree KV store implementation, which is referred to as RocksDB-
std, and KV separation store implementation, which is referred to
as RocksDB in the following evaluation part.

5.1 Experiment Setup

Testbed. We run experiments on multiple machines equipped with
40-core Intel Xeon Gold 6230N CPU, 196GB memory, and Intel
PEDME016T4 1.5TB SSD, Ext4 filesystem, and Ubuntu 22.04 LTS.

Workloads. We use two sampled real-world workload traces called
Systor [25, 26] and Tencent [65] and synthetic workloads generated
by YCSB [8, 63] to test the performance of DumpKYV in comparison
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with heuristic baseline methods and other typical KV separation
LSM-tree implementations. According to the actual experimental
requirements, we generated zipfian-distributed workloads with a
variety of skewness parameters, including 0.2, 0.5, 0.9, etc.
System configuration. For all KV stores, MemTable size is set to
100 MB, and value file size is set to 256MB. . SSTable file size is set to
32 *10 * MemTable_size / value_size. For Titan, TerakDB, RocksDB,
and DumpKYV, the number of background garbage collection threads
is set to 1. The maximum number of background compaction jobs
is set to 16. Compression algorithms are disabled for all KV stores.
Bloom filter is enabled for all KV stores, and the number of bloom
filter bits is set to 10 according to the official tuning guideline.
Block cache size is set to 16 GB and is used to cache blocks of
SSTable only, and cache for blocks of value files is disabled. For
Titan and TerakDB, the garbage collection triggering ratio is set to
0.2. For RocksDB, we set blob_garbage_collection_age_cutoff to 0.8
and blob_garbage_collection_force_threshold to 0.2. For DumpKYV,
as and o are set to 10. f_s0 and f_I0 set to 0.25, f_s1 and f_I1
are set to 0.75. For short lifetime point calculation, ini_sp, is set to
60 and ini_sp, is set to 40. The default lifetime point adjustment
ini_dp is set to 50 and ini_dp is set to 20. For long lifetime point
calculation, ini_Ip is set to 80 and ini_Ip, is set to 20.

5.2 Real-world workload evaluation

In this section we conduct experiments with real-world datasets. We
use workload trace from Systor and Tencent block storage services,
which contain relatively large amounts of keys.

Baseline heuristic methods. We compare the model with 3 heuris-
tic methods and see prediction performance between them. The
first heuristic method is to use Deltay which is last lifetime for the
same key as remaining lifetime indicator. A key is determined to
have a short remaining lifetime if its last lifetime Deltay is shorter
than short_lifetime. The second heuristic method uses the aver-
age value of all Delta; as a remaining lifetime indicator. Similar to
Deltay, if the average value of Delta; of the same key is shorter
than short_lifetime then the remaining lifetime of the key is de-
termined to be short. The third heuristic method uses past write
access count as the remaining lifetime indicator. A key is deter-
mined to have a short remaining lifetime if it has more than two
writes before.

5.2.1 Offline evaluation. In this section, we compare performance
results between heuristic methods and GBM model to see the pre-
diction performance impact of feature engineering.

Dataset. The dataset we use for offline evaluation is generated from
sampled Systor and Tencent trace datasets. Feature values of Delta
and EDWC; are generated offline. To simulate the online running
process of the model, we filter records whose true lifetime is less
than the short lifetime I; and only apply the model to predict the
remaining lifetime for writes of keys whose true lifetime is longer
than [;. For both workloads, the default lifetime I; is set to the 60th
percentile, short lifetime I to the 70th percentile, and long lifetime
I; to the 85th percentile of the lifetime CDF.

Metrics. Metrics we use for offline evaluation are precision, recall,
and F1 score. Precision of positive samples affects total size, and
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recall of positive samples affects GC write size. The F1 score pro-
vides a single metric that balances both the concern of precision
and recall.

Fig.7(a) and Fig.7(b) show offline metrics results for positive
samples from first-time prediction for Systor and Tencent workload
data. Precision scores for heuristic methods and the model are
similar, which indicates that both heuristic methods and models
have few false positive predictions. Recall scores of models for
both Systor and Tencent are the highest and outperform baseline
methods by more than 20 points. The model outperforms baseline
heuristic methods, achieving an improvement of 12 to 37 points for
Systor workload and 9 to 28 points for Tencent workload in F1 score.
This indicates that the model has fewer false negative predictions,
which means that it can relatively correctly predict long lifetime
keys with dynamically adjusted EDWC and Delta features.
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5.2.2  Retraining effectiveness. Fig.8 shows metrics results for mod-
els trained from the first 0-10% of dataset and 40%-50% of dataset
to predict 50%-60% of dataset. A model trained with the latest data
outperformed the recall scores by 12 and 10 points, and the F1
scores by 4 and 11 points for Systor and Tencent, respectively. This
indicates that the write size can be reduced when the model is
trained with newer data. The primary reason for this improvement
is the cumulative updating of EDWC and Delta, which justifies the
rationale for periodically retraining the model with the latest data.

5.2.3  Model vs. Heuristic methods. We next evaluate the prediction
performance of heuristic methods and the model to see how each
one affects the write size of KV stores. The lifetime threshold for
value files is fixed to avoid impact from dynamic lifetime adjustment
and get a fair comparison between the model and heuristic methods.
Fig.9 and Fig.10 show GC write size, total value file size, and write
throughput performance metrics for heuristic methods and the
model. Compared to other 3 heuristic methods, the model reduces
GC write size by 49%-64% and 26%-36% for Systor and Tencent
workloads, respectively. The space usage of the model is similar
to or slightly higher than that of heuristic methods because the
model tends to bias towards providing long lifetime predictions
for hard-to-predict samples to reduce write size. The throughput
performance of both heuristic methods and the model is comparable,
indicating that the introduction of model prediction has minimal
impact on foreground write performance.

5.2.4  Online evaluation. We next evaluate how the model and
heuristic methods perform with dynamic lifetime adjustment en-
abled compared to other baseline KV stores. We modify DumpKV
with a heuristic method called DumpKV-H, which uses past write
access count as a remaining lifetime indicator since it has the low-
est GC write size among all 3 heuristic methods. Fig.11 and Fig.12
show GC and compaction write size, space usage of value files,
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and throughput for all KV stores. DumpKV reduces GC write size
by 31.0%, 46.4%, 52.1%, and 23.7% compared to TerakDB, Titan,
RocksDB, and DumpKV-H for Systor workload. For Tencent work-
load, DumpKYV reduces GC write size by 53.3%, 28.4%, 45%, and
25.7% compared to TerakDB, Titan, RocksDB, and DumpKV-H. The
GC write size of both DumpKV-H and DumpKYV is lower than that
of other baseline KV stores, indicating that the proposed lifetime-
aware garbage collection mechanisms effectively reduce GC write
size. The gap in GC write size reduction between DumpKV-H and
DumpKV decreases when dynamic lifetime adjustment is enabled
for heuristic methods under high-skewed lifetime distribution work-
loads, such as Systor. This suggests that dynamic lifetime adjust-
ment can help select appropriate lifetime values for value files based
on the garbage collection ratio. DumpKYV achieves a notable lower
GC write size compared to DumpKV-H, demonstrating that the
model has better prediction performance than naive heuristic meth-
ods. The total size of value files and throughput across all methods
are similar.

5.3 Performance comparison

We evaluate and compare the performance of different KV stores
under write-intensive workloads. Specifically, we generated three
workload datasets using YCSB with different skewness parameters,
which are 0.2, 0.5, and 0.9, and the lifetime distribution shows a
similar long-tail distribution as that in Fig.3. Low skewness means
that cold keys have more writes. Key size is set to 256 bytes, and
value size is set to 4 KB. Each KV store is assumed to be empty
initially. We load 200 GB of data into each KV store separately.
Requests are issued to each KV store as fast as possible to do a
stress tesl.

GC write size. Fig.13(a) shows GC and compaction write size from
all KV stores. DumpKV shows the lowest total write size among
all KV stores, which demonstrates that lifetime-aware garbage
collection can significantly reduce write amplification by grouping
large values with similar lifetime, thus achieving efficient garbage
collection. Compared to RocksDB, DumpKYV reduces GC write size
by 57%-62%. Compared to TerakDB, DumpKV reduces GC write size
by 58%-65%. Compared to Titan, DumpKV reduces GC write size
by 30%-50%. Titan shows the second highest GC and compaction
write size because it repeatedly writes KV pairs with the latest
value pointer to LSM-tree during garbage collection. Compared to

Time (%)
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DumpKV-H, DumpKYV reduces GC write size by 19%-31%. RocksDB-
std shows the highest GC and compaction write size because it
repeatedly writes large values during the compaction process.
Total size. Fig.13(b) shows the total size of all KV stores after
all write requests are issued. DumpKYV achieves similar total size
compared to RocksDB-std, TerakDB, and Titan. This shows that
DumpKYV can accurately build short and long lifetime thresholds
based on workload and give relatively accurate predictions of the
lifetime of keys. Noted that RocksDB struggles to achieve low total
size because it does not check validity of keys by searching LSM-
tree during garbage collection. And its garbage definition does not
reflect the real number of invalidated keys.

Throughput. Fig.13(c) shows the throughput of all KV stores.
Dumpkv achieves 25%-40% higher write rate compared to RocksDB
because it does not need to write large values during compaction,
which also includes garbage collection. RocksDB-std shows the
highest write rate because it does not need to write KV pairs to
SSTables and value files separately during the flush process.
Feature storage overhead. Fig.13(b) also shows LSM-tree size
of all KV stores. Compared to RocksDB, DumpKV has 14%-18%
LSM-tree size increase. This LSM-tree size increase only accounts
for 0.05% total size increase, which is small overhead because large
values take up the majority of storage space. Noted that LSM-tree
size is small so that the whole LSM-tree can fit into the block cache
entirely.
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Table 3: Training dataset size and model calling overhead for Overall + Short & Long » Default Short e Long - Default

workloads with different skewness

Skewness | Trn Dataset  Model Avg call Avg Trn
count size size time time
0.2 64 44MB 115KB  6.0us 2 sec
0.5 60 82MB 115KB  6.0us 2 sec
0.9 31 69MB 115KB  5.6us 2 sec

5.4 Model overhead and feature importance

We analyze model training and inference overhead of DumpKV.
Fig.14 shows model calling time during the garbage collection pro-
cess of different workloads. It takes about 10% of total garbage
collection time to do model calling to give remaining lifetime pre-
diction to valid keys, which is a small overhead. DumpKV only
invokes the model to give the remaining lifetime prediction if KV
pairs in value files are still valid, which leads to less computation
overhead.

Table 3 presents the model training count, average training
dataset size, model size, average model calling time, and average
training time for workloads with varying skewness. Less skewed
workloads have higher training counts due to more balanced la-
beled datasets. The average dataset size ranges from 44 MB to 82
MB, representing a small memory overhead. Workloads with 0.2
skewness require the most memory due to greater average deltas.
The GBM model’s memory footprint is only 115KB, a negligible
overhead. Each round of model training takes around 2 seconds.

Fig.14(b) shows feature importance contribution to the overall
model training process. Feature EDWC contributes 60%-70% to
overall model performance gain, which is highest among all features.
This shows that write access frequency information is most useful in
capturing lifetime patterns of keys. The second highest contribution
to model performance gain comes from Deltas which it takes up
16%-25%. This shows that past update distance information can
be a useful feature for lifetime prediction as well. Static features
contribute 7%-9% of overall model performance gain.

5.5 Dynamic lifetime adjustment

We next examine how dynamic lifetime adjustment in DumpKV
helps determine short and long lifetime thresholds based on garbage
collection invalid ratio. Figures 16 and 17 show changes in garbage
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collection invalid ratios and lifetime adjustments for default, short,
and long lifetime value files. A higher invalid ratio indicates more
invalid keys or garbage. DumpKV dynamically adjusts lifetime
thresholds based on the invalid ratio. For a workload with 0.9 zipfian
skewness, DumpKYV sets a higher long lifetime threshold compared
to a 0.2 skewness workload, demonstrating its ability to adapt to
different workloads. Default lifetime value files have the highest
invalid ratios (0.72 and 0.75), indicating most KV pairs are invali-
dated within the default lifetime window. Default and short lifetime
thresholds show similar trends due to high invalid ratios.

5.6 Varying value size

We evaluate the performance of DumpKV for different value sizes.
Specifically, we compare all KV stores with value sizes ranging from
1KB to 64KB. The total size of KV pairs loaded into all KV stores
is 200 GB for all value sizes. Initial default lifetime for value files
are set to 10% of total writes to accumulate training data for model
training for DumpKV. Workload data is generated with YCSB and
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Figure 18: Empirical study on tunable parameters in DumpKYV.

the zipfian constant is set to 0.99 for all value sizes. Fig.15 shows
results of total write size and total storage size of all KV stores for
varying sizes. DumpKV reduces GC write size by 20%-61%, 35%-58%,
37%-63% compared to RocksDB, TerakDB, and Titan.

When comparing total sizes, DumpKV exhibits a marginally
larger size than both TerakDB and Titan, with an increase of 3.4%
or 12% for value size 1KB, respectively. This mainly comes from
LSM-tree storage size increase caused by extra feature storage
overhead. RocksDB shows 64%-85% higher total size than DumpKV
because it cannot reclaim storage space of invalidated KV pairs in
value files in time due to the fact that it does not check the validity
of KV pairs during garbage collection. DumpKV shows comparable
throughput compared to other baseline KV stores for value sizes
ranging from 1KB to 16KB.

5.7 Tunable Parameters

We analyze the sensitivity of parameters in DumpKV. Fig.18(a)
shows the result of sensitivity for different combinations of ini_spy
and ini_sp1. The sum of ini_spo and ini_sp; is 100 for all combi-
nations, which means that short_lifetime range can be adjusted
between 0-100% of the lifetime distribution histogram, which is the
same forini_lpg and ini_Ip;. An increase of ini_spy brings marginal
GC write size reduction, which implies that lifetime distribution
for short lifetime KV pairs is narrow. On the other hand, Fig.18(b)
illustrates that the reduction in GC write size is more sensitive to
increases in ini_I[pg. Higher values of ini_[py result in the lowest
GC write sizes. This suggests that increasing the base lifetime for
long lifetime value files helps to capture the long-tail distribution
of long-lifetime key-value pairs. Fig.18 and Fig.18 show GC write
size and total value file size with different midpoint shifts for the
transformation function for short and long lifetime adjustment,
respectively. Similar to ini_spy and ini_lpy, reduction in GC write
size is less sensitive to change of f_s0 and more sensitive to change
of f_10. Lower 5_I0 leads to a larger value for long lifetime value
files, which leads to a lower GC write size. Note that total size of
value files sees a slight increase as reduction of GC write size is
increased because there is more garbage in long lifetime value files.

6 RELATED WORK

Garbage collection Lifetime information is used for garbage col-
lection in fair amount of owrk in storage hardware like SSDs, HDDs,
and file systems [21, 40, 53]. Several works [21, 45, 53, 59] improves
IOPS and reduces garbage collection overhead in SSDs by identify-
ing dominant I/O activities or inferring block invalidation time and
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grouping blocks with similar lifetime. Other research focuses on re-
ducing or avoiding garbage collection overhead [4, 7, 20, 29]. Some
work suggests performing garbage collection during idle periods
or preemptively [30, 39, 42].

LSM-tree based KV stores Numerous studies aim to enhance
read/write performance in LSM-tree storage engines [2, 3, 56, 66].
NoveLSM [18] leverages non-volatile memories and techniques
like byte-addressable skip lists to reduce latency. Several works
[32, 62, 64] focus on improving system performance by tuning
system configurations or restructuring storage structure. Other
works focus on reducing write amplification [10, 44, 47].

Use of machine learning to improve system performance
Machine learning models have been leveraged in storage systems
[48, 50, 61]. LinnOS [15] uses a neural network to infer SSD perfor-
mance per-I0, improving I/O latency accuracy. GL-Cache [58] clus-
ters objects for efficient learning and eviction, enhancing through-
put. Machine learning is also used in query optimization [17], data-
base tuning [31, 52], and learned indexes [11, 22, 23, 54]. Recent
works use machine learning for cache prefetching or admission
[33, 49, 55, 57).

7 CONCLUSION

In this paper, we introduce DumpKYV, a learning-based, lifetime-
aware garbage collection framework for KV separation in LSM-
trees. DumpKYV collects training samples from L0 — L1 compaction
and garbage collection, leveraging the small size of LSM-trees for
fast feature generation. It predicts key lifetime during garbage
collection to balance throughput, write amplification, and total
size, and dynamically adjusts lifetime thresholds for value files to
achieve a low GC write size. Evaluation results show that DumpKV
achieves the lowest GC write size compared to baseline KV stores
for both real-world and synthetic workloads while maintaining
comparable space usage and throughput.
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