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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 DumpKV, 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.

PVLDB Reference Format:
Zhutao Zhuang, Xinqi Zeng, and Zhiguang Chen. DumpKV: Learning
based lifetime aware garbage collection for key value separation in
LSM-tree. PVLDB, 18(4): 1223-1236, 2024.
doi:10.14778/3717755.3717778

PVLDB Artifact Availability:
The source code, data, and/or other artifacts have been made available at
https://github.com/BilyZ98/DumpKV.

1 INTRODUCTION
Log-structuredmerge (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 lowwrite 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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Table 2: Feature storage overhead for keys with different
numbers of past write requests.

# of past writes 0 1 2 3 4-12 13-32 > 32
Feature size 1 49 57 65 <127 <297 297

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,
DumpKV 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 𝐸𝐷𝑊𝐶𝑖 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 𝐿0 to higher level through 𝐿0 − 𝐿1 compaction, so
DumpKV 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
bemultiple same keys in 𝐿0 during compaction, DumpKVmaintains
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, DumpKV 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.

4.4 Data labelling
Data labeling is required to assign a lifetime label for each training
sample to train the model. DumpKV 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.

DumpKV 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 𝑙𝑑 because those keys with a lifetime that is shorter
than 𝑙𝑑 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:

𝑙𝑎𝑏𝑒𝑙𝑐 =

{︄
1 if 𝐷𝑒𝑙𝑡𝑎0 − 𝑙𝑑 > 𝑙𝑠

0 otherwise
(2)

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. DumpKV 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

𝑙𝑎𝑏𝑒𝑙𝑔 =

{︄
1 if 𝐸𝐷𝑊𝐶𝑠_𝑖𝑑𝑥 > 1.0
0 otherwise

(3)

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 𝑙𝑠 window,
implying a long remaining lifetime.

4.5 Dynamic lifetime adjustment
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.

DumpKV 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.
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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 GBMmodel 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 DumpKV on top of RocksDB v8.00. DumpKV 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 because𝐷𝑒𝑙𝑡𝑎 values for keys can be missing.

To serve read requests, DumpKV 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 DumpKV 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 DumpKV in comparison

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 DumpKV, 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 DumpKV,
𝛼𝑠 and 𝛼𝑙 are set to 10. 𝛽_𝑠0 and 𝛽_𝑙0 set to 0.25, 𝛽_𝑠1 and 𝛽_𝑙1
are set to 0.75. For short lifetime point calculation, 𝑖𝑛𝑖_𝑠𝑝0 is set to
60 and 𝑖𝑛𝑖_𝑠𝑝1 is set to 40. The default lifetime point adjustment
𝑖𝑛𝑖_𝑑𝑝0 is set to 50 and 𝑖𝑛𝑖_𝑑𝑝1 is set to 20. For long lifetime point
calculation, 𝑖𝑛𝑖_𝑙𝑝0 is set to 80 and 𝑖𝑛𝑖_𝑙𝑝1 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 heuristicmethods.We compare themodel with 3 heuris-
tic methods and see prediction performance between them. The
first heuristic method is to use 𝐷𝑒𝑙𝑡𝑎0 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 𝐷𝑒𝑙𝑡𝑎0 is shorter
than 𝑠ℎ𝑜𝑟𝑡_𝑙𝑖 𝑓 𝑒𝑡𝑖𝑚𝑒 . The second heuristic method uses the aver-
age value of all 𝐷𝑒𝑙𝑡𝑎𝑖 as a remaining lifetime indicator. Similar to
𝐷𝑒𝑙𝑡𝑎0, if the average value of 𝐷𝑒𝑙𝑡𝑎𝑖 of the same key is shorter
than 𝑠ℎ𝑜𝑟𝑡_𝑙𝑖 𝑓 𝑒𝑡𝑖𝑚𝑒 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 𝐸𝐷𝑊𝐶𝑠 are generated offline. To simulate the online running
process of the model, we filter records whose true lifetime is less
than the short lifetime 𝑙𝑑 and only apply the model to predict the
remaining lifetime for writes of keys whose true lifetime is longer
than 𝑙𝑑 . For both workloads, the default lifetime 𝑙𝑑 is set to the 60th
percentile, short lifetime 𝑙𝑠 to the 70th percentile, and long lifetime
𝑙𝑙 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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