USENIX

THE ADVANCED COMPUTING
SYSTEMS ASSOCIATION

XLL: Cross-Layer Logging for Data Deduplication

in Consensus-Based Storage
John Shawger, Arnav Jhingran, Andrea Arpaci-Dusseau,
and Remzi Arpaci-Dusseau, University of Wisconsin - Madison

https://www.usenix.org/conference/nsdi26/presentation/shawger

This paper is included in the Proceedings of the 23rd USENIX Symposium
on Networked Systems Design and Implementation.
May 4-6, 2026 * Renton, WA, USA
ISBN 978-1-939133-54-0

Open access to the Proceedings of the 23rd USENIX Symposium
on Networked Systems Design and Implementation is sponsored by

alllasc Ellall aeals

King Abdullah University of
Science and Technology

(



ARTIFACT
EVALUATED

@ usenix

ARTIFACT
EVALUATED

@ usenix

AVAILABLE

XLL: Cross-Layer Logging for Data Deduplication in Consensus-Based Storage

John Shawger, Arnav Jhingran, Andrea Arpaci-Dusseau, Remzi Arpaci-Dusseau
University of Wisconsin — Madison

Abstract

Modern distributed storage systems exhibit cross-layer
data duplication, writing data to disk once during a consensus
phase and again during a local database logging phase. The
result is poor performance and significant write amplification.
To remedy this cross-layer redundancy, we design and
implement Cross-Layer Log (XLL), a shared log built upon the
principle of key-value separation. We use XLL to deduplicate
updates within a distributed key-value store (TiKV), leading
to a 5.5x increase in write throughput while reducing write
amplification by 73%. We also demonstrate the effectiveness
of our crash recovery protocol in maintaining data integrity.

1 Introduction

Distributed storage systems are notoriously com-
plex [20, 57, 59, 64]. The distributed database Cock-
roachDB [59] is implemented in 477K lines of Go; the
distributed file system Ceph [64] has 1.6 million lines of
C++ code; the database Postgres [57] has 1.6 million lines
of C code. Along with the interface visible to clients, each
of these systems implements complex distributed consensus
protocols, transaction management, fault tolerance machinery,
and numerous durability mechanisms.

Large systems manage complexity with classic systems
construction techniques: layering and abstraction [45]. By di-
viding the large-scale system into well-defined subsystems, the
complexity of building, testing, and maintaining each layer is
reduced [13]. However, strict isolation of system components
has costs. Previously studied phenomena include log-on-
log [65] and journal-on-journal [28, 29] problems, which
arise when log-structured application writes are layered atop
log-structured filesystems [53], journals, or flash FTLs [23].

We identify a new problem, cross-layer data duplication,
which arises in systems that persist data in separately
constructed logging and storage layers. Due to their utility in
building highly available and fault tolerant systems, persistent
logs appear in a diverse set of local and distributed [17]
storage applications including databases [39, 42, 55, 57],
filesystems [22,36, 58], and key-value stores [3, 59, 60, 68].

In this paper, we focus particularly on cross-layer data
duplication in consensus-based distributed key-value stores.
Systems first log data during the execution of the consensus
protocol (e.g., Paxos [32], Raft [43]) to ensure correct replica-
tion despite node failures; then, when writing the data to disk
in a local key-value store upon each node (e.g., RocksDB [3]),
write the same data again when applying the commands of the
consensus state machine. This results in multiple unnecessary
internal disk writes for each logical write, harming end-to-end

latency for write operations and increasing write amplification.

To remedy this problem, we design and implement
Cross-Layer Log (XLL), a shared library for append-only
logging. XLL extends ideas found in key-value separation
systems [5, 7,27, 30, 34, 62]; however, existing techniques
are not flexible enough to share values across multiple system
layers. With XLL, a system can log commands safely to disk
during consensus while keeping a reference to persisted data;
later, a local database can record just the reference instead
of rewriting the entire data payload. XLL thus enables data
payloads to be written to disk once instead of twice, increasing
performance and reducing write amplification significantly.

XLL is realized with three novel techniques. The first
is coordination-free write sharing. This technique extends
nameless writes [67] (in which the storage library returns the
byte-offset of the write), utilizing the temporal flow of data
through application layers to avoid cross-layer coordination.
The second is compiler-assisted targeted reads. Multi-layer
systems store data payloads in serialized messages. To avoid
extra overheads while reading data from XLL, it is vital to
reference specific data within each message without additional
deserialization overhead. The third is a consensus-directed
crash recovery protocol. We develop a two-phase recovery
protocol using data stored in XLL, first replaying a bounded
segment of Raft commands from the log, then restoring the
state of the database before resuming operation.

To show the benefits of the XLL approach, we integrate
itinto TiKV [60], a production-quality distributed key value
store. Through detailed evaluation, we show that a deduplicated
write path improves overall write throughput by up to 5.5x on
a write-only workload compared to TiKV. This represents an
additional performance benefit over a version of the system
that solely separates keys and values without cross-layer data
deduplication. Write amplification in our deduplicated system
is 73% lower than the baseline system due to the elimination of
redundant write-ahead logging, while read throughput matches
traditional key-value separated designs. We demonstrate
the effectiveness of our crash recovery protocol by inserting
synthetic failures in key parts of the system’s critical write path.

The rest of this paper is organized as follows: we discuss
the organization of layers in consensus-based storage systems
and introduce the cross-layer data duplication problem (§2).
We then discuss why well-known deduplication techniques
are not well-suited to solving the problem, and identify several
challenges in doing so (§3). We describe our implementation
of XLL and its integration with RocksDB and TiKV to produce
our prototype system, TiKV-XLL (§4). Lastly, we evaluate
the benefits of our approach (§5).
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Figure 1: The critical path of a single client Put request is
divided into Propose, Commit, and Apply phases. Each phase
involves communication and disk writes.

2 Background and Motivation

Persistent logs are used for crash recovery, operation idempo-
tency, atomicity, transaction replay, and other uses. Commonly,
systems synchronously record operations in the log as they
are received to guarantee consistency in case of failure. For
data intensive systems, log records contain data payloads
(e.g., key-value data, filesystem data blocks, database rows)
as well as system metadata (e.g., record size, operation type).
In distributed systems, an additional layer of metadata is
introduced, as data arrives in serialized messages suitable for
wire transfer and may be written to disk directly in this format.

For simplicity, in this paper we focus on a distributed storage
system that implements and exports a key-value store: the com-
mands sent by clients are Put and Get operations on keys in
the store. Specifically, we consider the replicated state machine
model [33, 54], which is commonly used for highly available,
fault-tolerant, and consistent distributed storage systems.

In the replicated state machine model, distributed nodes
reach consensus, or agreement, on commands (e.g. Put)
before applying the command to their own local state machine.
In practice, these typically have multiple layers that are
independently responsible for the two tasks: first, consensus
for consistently ordering operations, and, second, storage for
durably recording the state or data. We adopt the terminology
of the Raft protocol [44] for the remainder of the paper.

Figure 1 shows a simplified model for a Put operation
across nodes in a distributed storage system. The consensus
runtime (e.g., Raft) on the leader node receives commands
(Put) either from a client or another node in the system. Upon
receiving a command, the leader persistently appends the
command to a consensus log (RaftWrite) and interacts with
multiple follower nodes to commit the command (the exact
steps vary by consensus protocol). After the leader has been
notified that the commit is complete, commands are sent to the
state machine runtime, where the command is deserialized and
executed, or applied; applying the commands involves another
disk write (KV-Write). While not necessary for correctness,
many systems wait until the apply phase is complete before
responding to the client to ensure read-after-write consistency.
Thus, from the perspective of the client, the end-to-end latency

(Distributed Key Value Store

i Channel
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Runtime Runtime
apply commit propos
i[ Put | Put | Put | Put ::1 <_v\:
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Figure 2: Data in a distributed key-value store is processed in
multiple runtimes and storage layers. Committed commands
are sent asynchronously via a message channel to the state
machine runtime where they are applied.

of a request includes communication time and execution of all
phases of the consensus protocol, including the apply phase.
Without further optimizations [19,40], clients typically wait
for two disk write operations.

Figure 2 focuses on the separate layers and runtimes within
a single node of the distributed storage system. The consensus
runtime is responsible for appending commands to a persistent
consensus log; operations in the log are tracked via index
as either proposed, committed, or applied (e.g., the Put of
value v to key k; has been applied, but the Put of value x to
key k3 has only been committed). The state machine runtime
is responsible for applying committed commands within
the local storage layer (e.g., the values for keys k; and k>
are appropriately updated). In the figure, data v and w are
duplicated on disk and appear in each layer.

Table | shows the distinct layers used by many state-of-the-
art distributed storage systems [12, 18, 25,31, 59] to isolate
consensus and storage data. While these systems use a variety
of consensus protocols and messaging protocols, each system
uses either two separate storage libraries or two distinct in-
stances of the same library for the consensus log versus storage.
These libraries are either standalone key-value storage systems
like RocksDB, Pebble and BoltDB, or structured file formats
that store key-value mappings like Tablets and SSTables.

We describe the consensus and storage layers in more detail.

2.1 Consensus Layer

Consensus systems such as Raft [44] and Paxos [32] maintain
a persistent consensus log on disk, prioritizing data safety and
availability over speed [2]. After receiving a command, nodes
write it to the consensus log and vote over a series of terms until
a quorum is reached. If a quorum is found, the command is
considered committed and nodes must apply the command to
the underlying state machine. Commands are linearizable [24],
meaning concurrent updates are serialized as each achieves
consensus. Linearizable semantics on a distributed key-value
store make it an attractive platform on which to build more
complex transactional storage systems [4,47,59].
Commands must be persisted before a node may vote
on them. For persistence, some systems use their own log
implementation (e.g., etcd), but many systems store the
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System | Consensus | C-Log/Storage Message
TiKV Raft RocksDB/RocksDB | Protobuf
Cockroach | Raft Pebble/Pebble Protobuf
etcd Raft CLog/BoltDB Protobuf
Spanner Paxos Tablet/Tablet Protobuf*
Cassandra | Gossip CommitLog/SSTable | Custom

Table 1: Consensus, storage and message serialization
methods used in distributed storage systems.

consensus log in a key-value store (e.g., TiKV, Cockroach).

In these latter systems, keys correspond to the position of the
command in the log (i.e., its index number), and the values
are the commands. The keys in the consensus log are used
internally and not exposed to clients.

2.2 Storage Layer

The storage layer of the system is the materialized view of
the state machine. All of the systems in Table | use key-value
stores to organize data in their storage layer. Cassandra
and Spanner manage key-value pairs in structured files like
SSTables and tablets, while TiKV, CockroachDB, and etcd
use a self-contained key-value store (i.e., LSM trees RocksDB
and Pebble, or B-tree BoltDB). For the rest of this paper, we
focus on Log-Structured Merge trees (RocksDB), which are
popular choices for node-local storage in distributed storage
systems [1,15,37]

RocksDB: During a key-value write to RocksDB, the data is
written to an on-disk write-ahead log (WAL) [39] and inserted
into an in-memory skiplist, known as a memtable. Once the
memtable reaches a threshold size, it is made immutable and
flushed to disk as a sorted-string table (SSTable). SSTables
store the persistent data in the LSM tree in successively larger
levels. Flushed memtables make up the highest and smallest
level of the LSM tree (level 0). In case of a crash or power
outage in which unflushed data is still in memory, RocksDB
uses its WAL for data recovery. Writes to the WAL, while
needed to protect against data loss, limit the throughput of the
system because writing to disk is much slower than memory.

Writes to the WAL and level O of the LSM tree form the
foreground write path of RocksDB. Every key-value pair
must be written twice — once immediately to the WAL, and
once more when the memtable is flushed. When a level
reaches a size threshold, RocksDB asynchronously runs a
compaction routine which consolidates data in one level into
larger SSTables stored in the next level, gradually pushing old
data further into the tree and deleting stale data. Compactions
form the background write path and contribute to total write
amplification, but are scheduled internally by RocksDB, not as

an immediate response to a key being inserted into the system.

When reading a key, RocksDB searches the entire tree,
starting with the memtable and progressing from higher to
lower levels on disk. Overwritten keys appear higher in the
tree, but the old values are not removed until compaction. By
reading from higher levels of storage first, reads are guaranteed
to return the most recent version of a key.

2.3 Deduplicating Consensus and Storage

Distributed storage systems thus write similar, but not
identical, data to both the consensus layer and the storage
layer within each node. This double writing has two problems.
First, writing data to disk twice results in significant write
amplification, requiring more local storage capacity and
consuming more local disk bandwidth. Second, as shown in
Figure 1, writing data twice harms the request end-to-end la-
tency observed by clients, two synchronous writes (consensus
log, WAL) occur on the critical path.

Existing generic deduplication methods are not well-suited
to deduplicating cross-layer data within a distributed storage
system. Offline deduplication, while effective for reducing
space consumption, does not reduce foreground write activity;
for this reason, offline deduplication is more suitable for
archival and backup systems. Online filesystem deduplica-
tion [16, 56], in which deduplication occurs on the critical
write path, unacceptably lengthens end-to-end write latency,
particularly for synchronous writes [66]; these techniques
incur high computational cost to identify duplicate blocks
via block fingerprinting and significant memory overhead to
maintain the fingerprint index.

Previous application-level optimizations have focused on
eliminating extra copies from the data path. PASV [26] identi-
fies double writing within MyRocks, a MySQL database built
on top of RocksDB, between the database binlog and RocksDB
write-ahead log. While removing a write-ahead log eliminates
one unnecessary write in the system, it does not remove the
data duplication problem across different layers. An implemen-
tation goal of the SMARTER [9] Paxos-driven storage system
was to minimize the number of critical path writes; the authors
observe that a single critical path write would be possible using
log-structured storage, but they did not explore this solution.

3 Deduplicating Cross-layer Data

In this section, we describe our approach for eliminating cross-
layer data duplication with XLL. We discuss our design goals
and examine three approaches for data organization in TiKV, a
representative production-level distributed key-value store. Fi-
nally, we describe three important challenges for deduplication
and our novel solutions for addressing each of them.

3.1 Design goals

Our cross-layer deduplication system for replicated consensus
storage systems has the following goals.

1. Transparent to clients. The use of deduplication
should not change client-facing interfaces, including the
crash-recovery or data consistency semantics of the service.
While it is acceptable to change some internal system
interfaces to enable deduplication, these changes should not
preclude other system-specific optimizations (e.g., operation
batching and application-native serialized data formats).

2. Minimal disk usage. Performing fewer writes is beneficial
for both saving disk capacity and improving throughput. We
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Figure 3: Each figure shows Raft and State Machine (SM) runtimes and associated storage on a single node. (1) uses separate
LSM trees for Raft and KV storage. (2) stores values in logs external to each LSM tree. (3) is a layer-deduplicated system using
XLL as a single external log. The two LSM trees in (3) contain references to data in XLL — * denotes byte-offset within log.

note that cross-layer duplication is only one source of write
amplification: our approach should combine well with other
techniques for removing redundant writes of data within each
layer, such as removing write-ahead logs.

3. Performance. To fully realize performance benefits, the
system should avoid extra computation on critical read and
write paths; our approach should not require extra work to
identify duplicate data in the write path or to deserialize data
in the read path.

3.2 Consensus and Storage in TiKV

In this paper, we use TiKV, a production-quality distributed
key-value store, as our representative storage system. Figure 3
shows how TiKV can be progressively restructured so that its
two LSM trees can efficiently refer to deduplicated data.

Figure 3 part (1) describes the original version of TiKV.
TiKV uses Raft [44] as its consensus layer and persists Raft
and State Machine data in two separate LSM trees (marked as
Raft-LSM and KV-LSM). Each layer (Raft and State Machine)
is a separate runtime within TiKV, implemented internally as
an asynchronous event loop. Steps -6 describe the flow of
data through each runtime in the system, while steps (A)-(D)
are internal steps within each LSM tree.

When a client request (@ arrives in the Raft layer, it is
serialized @ to a protocol buffer and written to Raft-LSM
®); its log index (ENTRY in the figure) is used as its key.
Asynchronously, after the command is committed, the Raft
loop sends a message to the state machine loop via a channel.
The state machine runtime deserializes and parses the
command (@), executes it (i.e. writes to KV-LSM) ® and sends
an acknowledgment to the client (6.

Internally to each LSM tree, data is written in the foreground
to both the write-ahead log (WAL) and in-memory memtable
(steps @ and B). As memtables become full, they are
converted to immutable memtables (C) and written to disk
as SSTables (D). Serialized Raft commands are written to
Raft-LSM in step 3 using their Raft entry number as a key.
During step ®, when the command is applied by the state

machine event loop, v is written to KV-LSM using the key k
from the command. Thus, in the original version of TiKV, the
value payload is duplicated across both layers and ultimately
written to disk four times — twice to the two WALS, and twice
more to SSTables in each LSM tree.

In Figure 3 part (2), we consider an intermediate version of
the system that separates keys and values in each LSM tree and
eliminates the WALSs. This version of the system is akin to run-
ning TiKV on a key-value store like Wisckey [34] or Titan [62].
When used within TiKV, the runtime steps M-® are the same,
so we omit them for brevity. The main difference is that, for
each LSM tree, step &) writes the data to an external log rather
than the WAL; the memtable is then modified to contain a
reference to the location of the data in the log in step ®), e.g. *E
and *k. Steps (C-(D) are the same. Key and value separation has
many performance benefits including reducing the size of the
LSM tree, improving write performance, lowering compaction
overhead and write amplification, and improving read perfor-
mance due to better caching of the tree [34]; however, key-value
separation does not resolve the cross-layer duplication issue.

Figure 3 part (3) shows a new optimized system with cross-
layer deduplication, where the on-disk logs from part (2) are
merged into a single cross-layer log, XLL. While the execu-
tion steps for the Raft runtime are the same, the state machine
runtime must now know the location of the written data in XLL
after step . After step @), we add @, in which the Raft loop
writes the location of data, *E, to an in-memory hashmap called
the KeyManager; every key in the Raft command is mapped to
*E in the KeyManager. Prior to writing each key to KV-LSM in
step ®), the state machine runtime fetches *E from the KeyMan-
ager , and calculates a new location, *v, the byte-offset of
value v within XLL. Note that there is no step . The SM loop
writes a locator to KV-LSM which holds the location and size
of v, sufficient information to read v from XLL. There is no
additional log write step . The remaining steps are identical
to the earlier systems. Thus, the data is written only a single
time to XLL, which is then referenced by both LSM trees.

2622 23rd USENIX Symposium on Networked Systems Design and Implementation

USENIX Association



RaftEntry (RAFT()

Raft-LSM
RaftCmd Put | ki L(vy) Put | K £(vi) RAFT) — (G(RAFTy),{(RAFTy))
Header i Vi RAFT| — (G(RAFT] ),{(RAFT]))
S 0(v1) G(Vi) ’,/’/
XLL Teemmmo- ~ e m T T T — o - KV-LSM
- = k1—><G(V1),€(V1)>
S| F| Q| key: {(RAFT) S| F| 9 key: ((RAFT) o
S_; \\g § RAFT) value : RAFT( g' g 8\ RAFT] value : RAFT| ki— (o(v;),€(vi))
o(RAFT() o(RAFT})
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tree are shown in white. 6(x) refers to the offset of x, while ¢(x) refers to the length of x. The tables show the contents of each

LSM tree given the state of the log.

3.3 Challenges

There are three fundamental challenges that must be solved to
design a system that leverages a cross-layer log. Each of these
challenges presents an opportunity to design an efficient mech-
anisms for writes, reads, and crash consistency, respectively.

1. Cross-layer data referencing. References of data (such
as *E) must be shared with each layer of the system.

2. Targeted reads. Locations such as *v should be known
without extra deserialization overhead on the write path.

3. Efficient crash consistency. Data stored in KV-LSM
is memory-durable between memtable flushes. A recovery
protocol which does not depend on additional write-ahead
logging is necessary to recover data in KV-LSM.

3.4 Solutions

We describe three techniques for handling these challenges
efficiently: coordination-free write sharing, compiler-assisted
targeted reads, and consensus-directed crash recovery.

34.1 Coordination-free write sharing

Writes to the cross-layer log must be ordered, and each
TiKV runtime must be able to determine the location of data
within the log. In layered storage systems like TiKV, data
accesses follow a temporal flow: the Raft runtime writes to the
cross-layer log, and the state-machine runtime later references
those writes. To efficiently share write locations and avoid
contention, we introduce nameless appends, an extension of
nameless writes [67].

In a nameless write, clients submit write requests, and the
storage device or library returns the location of the data after
it has been written. The cross-layer log supports nameless
appends, maintaining a small amount of internal state to track
the head of the log. Given the temporal flow between Raft
and the state machine, nameless appends provide a natural
mechanism for coordination-free sharing. Once the Raft layer
publishes the data location in the KeyManager, no additional
coordination is needed to reserve space in the log, nor must
the Raft layer maintain sequencing state for log writes.

The application manages log offsets of serialized Raft en-
tries in the KeyManager hashmap. As Raft entries are written

to Raft-LSM and the cross-layer log, each key in the Raft entry
is mapped to the log offset of the entry in KeyManager. Entries
may have more than one command. Later, when the commands
are applied, the offset for the entry holding the key is retrieved
from the KeyManager using the command index number to
reconstruct the entry key. After all the commands in the entry
have been applied, its offset is removed from the hashmap.

3.4.2 Compiler-assisted targeted reads

Reads (i.e., Gets) must be serviced quickly within the
key-value store. TiKV provides strong consistency via leader
read [61] on keys written with Raft; however, this means key-
value data is buried within serialized Raft entries in XLL. We
introduce a new technique called compiler-assisted targeted
reads to support targeted access within serialized Protobufs.

To illustrate the additional complexity of accessing data
in the log, Figure 4 shows a segment of XLL in detail: the
log segment has two serialized Raft entries, RAFTy and
RAFT]. Raft entries are written to the log with XLL metadata
describing the key size, value size, and LSM column ID. The
top portion of the figure shows the contents of RAFT(, a Raft
entry containing multiple Put operations along with their
keys and values. Raft entry metadata has been simplified and
serialization headers (for example, variable-width integers
denoting serialized field length) have been omitted for clarity.

Consider the steps for reading v from RAFTy. Serialized
formats like Protobuf do not support random reads because
string and byte fields (along with the integers encoding their
length) are variably sized. Thus, Protobufs traditionally
require full deserialization before data can be read. Naively,
reading v requires reading RAFT( fully, deserializing the
entire Protobuf, and extracting v from within. Unfortunately,
this results in extra computation overheads for reads that
are not present in layer-duplicated systems that store values
separately from the consensus log.

Compiler-assisted targeted reads enable targeted access
within serialized Protobufs. The Protobuf compiler generates
serialization and deserialization code for Protobuf messages
defined in a .proto file. It also generates a language-native
structure with fields corresponding to the fields in the Protobuf
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Figure 5: Recovery procedure. Phase @ of recovery loads
persisted Raft log entries back into Raft-LSM. Phase 2) loads
memory-durable key-value pairs into KV-LSM.

definition, and accessor and modifier methods to access fields
in the struct. When a Protobuf'is deserialized, a new structure is
allocated in memory, its data fields are populated with deserial-
ized data, and accessor methods may be used to access its data.
Our modifications to the Rust-Protobuf compiler generate an
additional offset (or vector of offsets for repeated fields) data
member to track the byte-offset of each string and byte field in
the protobuf during the deserialization process. We access this
new data member with a generated get_FIELD_offset ()
method for each string and byte field in the Protobuf.

Raft entries are deserialized within the State Machine
runtime as part of command execution. Without performing
an additional deserialization, we use the offsets of data fields
within the Raft entry to infer the byte offsets for each value
within the cross-layer log. For example, the location of vy,
or 6(v;) in Figure 4 is 6(RAFTy) plus the byte offset of
vy within RAFTg, which can be found with the generated
method get_v1_offset. When writing k| to KV-LSM, we
set its value to a locator, a 16-byte concatenation of the
corresponding value’s offset and length in the log, shown in
the figure as 6(v;) and £(v;) (the length is trivially known at
write-time). On reads, the locator is retrieved from the LSM
tree and used to read the value directly from the log.

3.4.3 Consensus-directed crash recovery

Deduplicating data across the Raft and storage layers must not
harm data durability or crash consistency. For Raft consensus
to operate correctly, nodes must not be able to vote multiple
times in the same term and must not lose entries that have been
committed; this requires that each node must persist its current
term, vote, and log entries [43]; TiKV with XLL provides
identical durability guarantees. After any crash, our system
recovers successfully regardless of whether a particular Raft
entry was applied or whether the applied data in the storage
layer is disk durable; this guarantee is achieved with two-phase
consensus-directed crash recovery that successively restores
data to each LSM tree.

We consider the durability and data safety properties for data
stored within XLL. Raft consensus operates correctly as long
as earlier entries in its log are persisted correctly, given that
a later entry is successfully committed. To guarantee this, each

Raft entry is appended to XLL and fsync is called prior to it
being inserted in the Raft LSM tree. If a crash occurs between
the write and fsync and only some entries are persisted,
the system relies on the local file system property of prefix
consistency, which ensures that there are no invalid (partial
or corrupted) Raft entries before persistent valid entries; prefix
consistency is provided by many modern filesystems [48],
including ext4 in ordered mode. Checksums can trivially be
added to guarantee data integrity of entries following the valid
prefix, but this is not needed for correctness.

Following the initial write of a Raft entry, the data in
the entry can always be recovered. Figure 5 illustrates
consensus-directed crash recovery when some data is only
memory durable in each LSM tree. The figure shows four Raft
entries Ey,...,E3; each entry has been inserted into Raft-LSM,
but only Eg and E; have been flushed to disk. Each Raft entry
stores key-value data, which has been applied and stored in
KV-LSM. KV-LSM also tracks I, the last applied index,
which is flushed atomically with key-value data; in the figure,
in memory I, is set to E3, as all entries have been applied,
while on disk, there is an older value of 1, which is Eo.

After a crash, the system initiates the two-phase recovery
process. Figure 5 illustrates these steps for a system with
some state in memory and some persisted to disk; on a crash,
in-memory data is lost from each LSM tree. In the first
phase, commands from the Raft-LSM are replayed. As an
optimization, to avoid replaying the entire log, the offset of the
most recently stored log entry is tracked in tail. On reboot,
Raft-LSM starts with Eg and E1, and tail points to the end of
E;. Raft-LSM replays the log starting from E, and recovers the
next two Raft commands. The headers of each entry contain
its size and are used to scan the log.

In the second phase, the state of the KV-LSM is restored.
The system first reads the key for each entry from Raft-LSM;
these keys are then placed within the in-memory hashmap
used for writing offsets of data to the KV-LSM tree. Then,
commands within entries starting from E; are re-executed
(because the recovered I, i Eg) and kvy,...,kv3 are restored
to KV-LSM. By flushing I, atomically with the key-value
data, Raft entries are only applied once, even following a crash.

4 Cross-Layer Log (XLL)

XLL is a shared library which is designed to be linked with stor-
age applications. We link XLL with TiKV and RocksDB during
compilation. At runtime, a single XLL object is instantiated in
TiKV and registered with both instances of RocksDB. In this
section, we describe the interfaces of XLL as well as several
implementation subtleties for integrating XLL with RocksDB.

4.1 XLL Interface and Usage

Table 2 shows the raw interface for XLL and RocksDB
extensions for XLL. The extensions, which exist side-by-side
with the original RocksDB interface, use the raw XLL
interface internally. They are not exposed to clients of the
storage application. XLL could be integrated into more storage
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XLL Raw API

off_t Append(string data)

int Get (off_t offset, string* data, size_t len)

off_t Head()

int Sync()

Iter Newlter (), Seek(offset), Next (), Valid()

XLL RocksDB Extensions Usage

RegisterXLL (w) Enable XLL extensions with
XLL object w.

off_t PutExternal (k, v)

Write v to log, k— (c(v),£(v))
in LSM tree. Return 6(v).

string GetExternal (k) Return v stored in XLL.
DBIterator* Return a DB iterator to read
XLLDBIterator() values from XLL.

Table 2: XLL Interface

applications either by using the raw interface directly, or by
developing new sets of extensions for other storage libraries
(e.g., Pebble, MySQL binlog).

The XLL raw interface supports nameless appends (Append)
and byte-offset reads of arbitrary length (Get). Sync may be
called to force log durability after appends. The XLL iterator
sequentially scans the log using XLL metadata to advance the
iterator. Sequential log scans are used during recovery 3.4.3.

The semantics of PutExternal and GetExternal are the
same as Put and Get in RocksDB; they use 16-byte locators
(8-byte offset and 8-byte length) stored in the LSM tree to
reference data in the XLL log. Like the standard DBIterator,
X11DBIterator iterates over keys in the LSM tree using
Seek, Next, and Prev, but reads the values from XLL.

4.2 Implementation

We implement TiKV-XLL by modifying parts of the original
TiKV codebase. An approximation of the effort, measured
in LOC changed, is found in Table 3. The modifications to
some components, such as Rust-RocksDB and parts of TiKV,
were mainly boilerplate to extend the XLLL and new RocksDB
extension interfaces into the application.

Lastly, we describe three more practical concerns which
arose in our integration of XLL with TiKV.

4.2.1 Batch Writes and Group Commits

To avoid contention at the head of the XLL log, PutExternal
is implemented with careful consideration of RocksDB’s
multi-threaded write path. RocksDB internally converts all
single-key writes to batch writes. Since writes to XLL return
the location of each value written to the LSM tree, batch writes
are supported by returning vectors of offsets from RocksDB.
RocksDB, to reduce the number of small synchronous
writes to the WAL, uses group commit operations to coalesce
multiple writer threads. Waiting writers are added to a waiting
list (via lock-free compare and exchange); when a write com-
pletes, a single writer is selected as group leader which then
batches all waiting operations and writes them all to the WAL.
Writes with PutExternal skip the WAL, replacing it
with XLL appends, but still use the optimized group commit

Component ‘ LOC
TiKV (§3) 1896
RocksDB (§4.2) 1073
Rust-RocksDB 1104
Rust-Protobuf Compiler (§3.4.2) | 137
XLL (§4) 537

Table 3: LOC Added/Modified per Component

mechanism in RocksDB. During group commit, XLL log
offsets are carefully managed to ensure correctness across
writing threads. First, for each write batch, we build an XLL
segment (e.g., Figure 4) and track the offset of each value in
the segment. While building the XLL segment, we create a
new write batch of keys and XLL locators, which is written to
the LSM-tree. Second, because writes from multiple threads
are batched non-deterministically, we maintain per-thread
state for XLL offsets, which is later returned to the caller.
Without per-thread state, write operations may return empty
vectors if their operations are executed by a different thread.

4.2.2 Range Scans

RocksDB provides an iterator to perform sequential scans in
the LSM tree. Traditional LSM trees store values alongside
keys, making this iterator very efficient. X11DBIterator
returns values from XLL, requiring an additional read from
the log. Since keys and values are not stored together in XLL,
this is effectively an extra random read; while random reads
have prohibitive cost on spinning disk hard drives, SSDs have
good random read performance and internal parallelism. Prior
work on key-value separation [34] implements multi-threaded
prefetch for range scans; this could also be applied to our work.

4.2.3 Garbage Collection

While LSM trees naturally clean deleted and old versions of
data with compaction, XLL needs separate garbage collection
so that the log does not grow indefinitely. Garbage collection
must determine the liveness of data in the log and relocate
live data efficiently, without harming crash consistency. Raft
implements a simple garbage collection scheme — any Raft
entries with an index lower than the last applied index may
be truncated from the log. The complication for XLL is that
it must additionally check that candidates for GC are not live
within the KV-LSM.

Garbage collection in XLL is done with a sequential scan.
Each iteration appends a chunk of valid data at the head of
the log, truncates the tail using fallocate, deletes unneeded
Raft entry keys in Raft-LSM, and updates keys with new
references to the log in KV-LSM. To determine whether or
not a Raft entry may be garbage collected, the key of the entry
is compared to the last persisted applied index. Note that this
comparison does not require a separate LSM tree lookup, and
is simply an integer comparison with the key stored in XLL. It
is crucial to compare against the on-disk applied index, as more
recent updates to the applied index are only memory-durable.
Garbage collecting those entries would break crash recovery.
To guarantee the persistence of the applied index, we flush the
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KV-LSM memtables prior to garbage collection.

Raft entries may be garbage collected if they contain no live
data referenced in KV-LSM. Data liveness is determined by
building a list of all Put keys in the entry. For each key, we
query KV-LSM and verify the offset returned by the query
matches the position of the associated value in the entry. If
the offsets match, the key matches the most recent version of
the key in KV-LSM; therefore, the key is live and we append
the entry to the head of the log and update the key with the
location of relocated value.

In our current implementation of TiKV-XLL, garbage
collection simply runs every two seconds in a background
thread. Numerous heuristics could be used to reduce this
frequency (e.g., wait until the applied index has increased by
a minimum amount or until a minimum amount of data has
been written to the log). We leave their study for future work.

5 Evaluation

We evaluate our deduplicated distributed key-value store,
TiKV-XLL, with the following questions in mind:

1. Does TiKV-XLL have lower write amplification than
TiKV and other layered storage systems?

2. What impact does XLL have on the end-to-end latency of
key-value workloads? How does XLL impact the propose,
commit, and apply phases of consensus protocol?

3. Does XLL maintain strong crash consistency semantics?

4. How does the XLL approach compared to application-
agnostic methods for data deduplication?

TiKYV, our baseline system, refers to the publicly-available
TiKV 5.4. TiKV-XLL is our deduplicated version of TiKV
using XLL. Unless otherwise noted, XLL garbage collection is
disabled. To isolate the effect of cross-layer data deduplication,
we compare against an ablation, TiIKV-XLL-SO (Cross-Layer
Log Separation Only), that uses two separate instances of
XLL, one each for the Raft and storage layers; TiKV-XLL-SO
is equivalent to part (2) of Figure 3 and provides the benefits
of KV-separation [34, 62]. TiIKV-XLL-SO retains the other
read and write path optimizations in XLL, including disabling
the WAL for both LSM trees, using RocksDB group commit,
and reading values directly from the log using locators stored
in the LSM tree.

All versions of TiKV range-partition the key space
amongst replicas, with each replica acting as a leader for a
range-partitioned region; regions are periodically split when
they grow too large. For TIKV-XLL and TiKV-XLL-SO, we
range partition according to the number of keys in the region
rather than size, as LSM tree size is a poor measure of region
size when values are stored outside the LSM tree.

Experiments are run on five Cloudlab r6615 nodes with
Ubuntu 22.04 unless noted. Each has an AMD 9354P
processor with 32 cores, 192GB memory, and two 800GB
NVMe SSD hard drives. The nodes are connected by 100Gb
ethernet. We use three nodes as a replicated TiKV cluster
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Figure 6: Total bytes written during small database load.
Numbers above each column are the write amplification ratio.

to ensure data replication and majority quorum for Raft
operations. The other two nodes are configured as benchmark
clients, and the TiKV placement driver runs on one of the
client nodes. All TiKV data, including XLL, is stored in an
ext4-formatted partition on the second hard drive.

5.1 Write Amplification

Our first experiments examine the amount of foreground data
written across several distributed key-value stores. Reducing
the amount of written data is beneficial not only because it
can improve performance, but also helps with device lifetime
and filesystem aging [49]. In addition to TiKV and our
TiKV variants, we also evaluate CockroachDB and EtcD:
CockroachDB and TiKV use two LSM trees to store Raft data
and committed key-value data, while Etcd uses a custom log
for Raft and a persistent B-tree for key-value data.

Figure 6 compares the foreground requests written to disk
on a single node (using strace); the numbers above each
bar show the amount of write amplification. We load small
databases of 64MB, 128MB, and 256MB using 1KB records
to avoid background compaction. All of the systems except
TiKV-XLL have cross-layer data duplication, leading to write
amplification of at least 2x. Of these, TiKV-XLL-SO and
etcd have the lowest write amplification because they do not
perform separate write-ahead logging. In contrast, TiKV-XLL
has only 1-2% write overhead for each experiment. Compared
to TiKV, TiKV-XLL reduces write amplification by 73%.

5.2 Latency of Consensus Phases

We next show that TiKV-XLL significantly improves the
per-request latency of write operations relative to TiKV. We
use detailed per-request measurements on the leader node to
show the cumulative distribution of request latency during the
propose, commit, and apply phases of the consensus protocol
(matching Figure 1). The time to propose and commit a com-
mand is the interval between the request arrival at the leader
and the commit being complete (i.e., proposal to followers,
local log persistence, and notification from the follower nodes).
Apply is the time between commitment of the request and
successful application of the request to the KV-LSM tree.
The two CDF plots on the left side of Figure 7 show the
completion time of each phase for 16KB write requests while
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Figure 8: Write operation latency vs. increasing throughput.

loading a 50GB database. TiKV-XLL has dramatically faster
phases than TiKV: the latency of propose+commit is lower
due largely to key-value separation and the elimination of
extra write ahead logging; the apply phase is faster because
updates to the KV-LSM can simply refer to the persistent XLL
written to the Raft-LSM in the propose+commit phase.

The right plot of Figure 7 further breaks down the time per
operation. In both systems, the propose phase is dominated
by queuing time at the leader and so XLL does not improve
latency. The commit phase has two substantial costs: writing to
the consensus log on the leader and receiving acknowledgment
from a quorum of followers. Although these steps are per-
formed concurrently, in our measurements, acknowledgments
were always received after writing to the consensus log;
therefore, Commit-disk is the time for the consensus log
write, and Commit-followers is the additional time waiting
for a quorum. Consensus log writes on both the leader and
followers are made faster due to key-value separation, so
end-to-end commit time is improved for the median write
operation. The apply phase is faster with XLL because updates
to the storage layer (KV-LSM) do not write the complete
key-value and simply point to the persistent XLL.

5.3 YCSB Performance

Figure 9 compares the throughput of TiKV to TiKV-XLL and
TiKV-XLL-SO for the YCSB [11] workloads, normalized
to TiKV. We use go-ycsb [21] with 64 client threads, which
obtained the maximum throughput for each system; memory
was restricted to 32GB using cgroups. To ensure data is not
read from memory, we load a 100GB dataset and drop the
page cache between workloads. To show how deduplication
affects performance differently depending on record sizes, we
run YCSB with 1KB and 16KB records.

Both systems using key-value separation outperform TiKV
for all write-intensive workloads (Load, A, F). TiKV-XLL
outperforms TiKV by roughly 2.9x for loading 1KB records
and roughly 3.2x for loading 16KB records. While key
and value separation in TiKV-XLL-SO provides much of
the performance benefit, TIKV-XLL shows an additional
performance benefit from its efficient single-write design.
This is most apparent in write-intensive workloads with large
values, as TiIKV-XLL has higher absolute write throughput.

Workload E emphasizes the importance of our iterator for
range scans (Section 4.2.2). To evaluate this optimization, we
implemented a single-threaded iterator in TiIKV-XLL with-
out prefetch. While prior work [34] has investigated multi-
threaded iterators and prefetching to mitigate the cost of ran-
dom reads to an external log, we find that a single-threaded
iterator outperforms range scans in TiK'V. Range scans consist
of a seek followed by iteration over sequential keys. Upon
further measurement, we find that the performance improve-
ment in YCSB E for TiKV-XLL and TiKV-XLL-SO is due to
significantly faster seek operations for the first key in the range.

Write and Read Throughput vs. Latency: Cross-layer
deduplication is primarily a write optimization. We find that
TiKV-XLL improves write performance while keeping read
performance the similar to TIKV-XLL-SO. Figure 8 compares
write throughput and latency for TiKV, TiKV-XLL-SO, and
TiKV-XLL under a 100% write workload (YCSB LOAD of
50GB). We increase the number of client threads in go-ycsb
to vary throughput, and measured the median latency of write
operations. TiKV-XLL has higher maximum throughput and
lower latency at the same throughput than either TiKV or TiK V-
XLL-SO due to reduced I/O.

Figure 10 shows that uniformly random read-only work-
loads are not impacted by deduplication, as long as the targeted
read optimization is used. To demonstrate the importance
of targeted reads, we measure TiKV-XLL-SR (Slow Read),
which removes this optimization. XLL-SR has poor read
scalability because it reads from the log at the granularity
of Raft commands, rather than KV data. Not only must Raft
commands be deseralized before returning the data, but
since multiple KV pairs are batched within a single Raft
command, more I/O must be performed to read the data. We
find TiIKV-XLL-SR reads 7x more data and consumes 36x
more CPU time than TiKV-XLL (not shown).

Read Caching: Previous systems with key-value separa-
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Figure 11: Read throughput on a single node with slower disk.

tion reported performance advantages for read-heavy work-
loads because the resulting LSM tree is smaller, improving its
caching [34]. However, in our environment with a fast network
and NVMe disk, the read bottleneck of TiKV lies elsewhere —
reading from memory is not faster than from NVMe. To demon-
strate that key-value separation can help read-heavy workloads
when the storage system is slower, Figure 11 shows perfor-
mance with a slower SATA SSD (using only a single node for
simplicity). With an SATA SSD, the performance of TiKV is
substantially slower than the the KV-separated systems; we
note that TIKV-XLL and TiKV-XLL-SO have identical read
paths due to the read optimizations in TiKV-XLL.

Finally, to better understand the write optimizations in

Failpoint TiKV TiKV-XLL
Before Raft Append v'10/10 v'10/10
During Raft Append v'10/10 v'10/10
After Raft Append v'+10/10 v'+10/10
Before Apply v+10/10 | v'+10/10
Before Callback v'+10/10 | v+10/10
After Apply v'+10/10 v'+10/10

Table 4: Table of injected crashpoints within TiKV. Check-
marks denote successful read-back of original 100K keys.
Plus denotes the same for all additional keys written.

TiKV-XLL, we compare TiKV-XLL and TiKV-XLL-SO
in mixed workloads with varying proportions of uniformly
random writes and reads on a SOGB database. Figure 12 shows
that write throughput is significantly better for XLL and read
throughput is slight better. Specifically, as the proportion of
writes increases, TIKV-XLL has better throughput relative
to TiKV-XLL-SO. Because our workload enforces a strict
proportion of reads and updates, reducing write bottlenecks
in TiKV-XLL also leads to higher read throughput.

5.4 Crash Consistency

To evaluate crash consistency, we show that TiKV-XLL
matches TiKV’s data recovery for crashes that occur across
the write path. Table 4 summarizes the results for injected
failures that occur any time between when a client request is
written in a Raft entry to its being stored in the storage layer.
As desired, commands successfully appended to the Raft log
are recoverable in any subsequent failure state.

The original TiKV protocol is as follows. Write requests
are durable once appended to the Raft log. Once a quorum of
nodes in the Raft group have voted for the entry, it is considered
committed. Committed entries are applied to the storage
layer. TiKV returns write success to the client only after the
entry has been applied to the storage layer, which is relatively
conservative since committed entries in Raft are tolerant to
node failures. Since any entry that was appended to the leader’s
WAL is durable, it can be successfully applied upon system
recovery following a crash. TiKV re-applies the entry on
reboot even if the system failed before returning to the client.
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To evaluate crash consistency, we consider two parts of the
write path: first, the write to Raft and second, the write to the
storage layer. The former is when the entry becomes durable
within the system, and the latter is when the write is exposed to
clients of the system. The first three failure points in Table 4 oc-
cur during the Raft runtime: Before Raft append is before
any datais written to either LSM tree; During Raft appendis
between the small write of configuration state to the key-value
LSM tree and the entry write to the Raft LSM tree; After Raft
append is after the entry has been logged, but before the exe-
cution process has started. The final three failpoints in Table 4
take place during the state machine runtime: Before Apply
occurs after a command is committed, but before it is applied
to storage; Before Callback occurs after the write is applied
to the storage layer, but before success has been returned to the
client; After Apply occurs after the write operation is applied
and the client is notified. Because XLL removes the WAL from
the storage layer instance of RocksDB, applied writes are only
memory-durable until the memtable is flushed. By crashing
the system immediately after write commands are applied, we
rely on Raft to replay committed writes from the log.

We trigger each of the six failpoints multiple times in TiIKV
and TiKV-XLL. For each failpoint, we load 100K keys, restart
the system, and then load an additional randomly-chosen
number of keys between 10-60K, at which point a failure is
induced. Following the failure, we reboot the system and read
back all the keys. We repeat each test 10 times with different
numbers of keys for each failpoint.

As summarized in Table 4, TiKV and TiKV-XLL both suc-
cessfully read back all keys for all failure points after the entry is
appended to the Raftlog. Before and during the Raft append op-
erations, the new keys may or may not have been added; we ver-
ify that the initial 100K keys have not been corrupted and that
keys added later are not visible if earlier ones are not. Thus, for
this workload, TiKV-XLL achieves the same crash-consistency
guarantees as TiKV by recovering data from the Raft log.

5.5 Garbage Collection

To determine the maximum performance impact of the
XLL garbage collector, we use a write-only workload. We
compare the performance of TIKV-XLL and TiKV-XLL-GC
using YCSB LOAD (100% write) with 16KB records, which
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Figure 13: Evaluation of XLL-GC. Write-only workload.

achieved maximum write throughput in previous experiments.
During the experiment, the garbage collector runs every
two seconds (the TiKV default); we find that adjusting this
interval between 1-5 secs has little impact on performance.
We simulate garbage collection of different percentages of live
data between O (all data is invalid and not appended to log)
and 1 (all data is valid and appended) by generating a random
number for each garbage-collected value; we refer to this as
the garbage collection hit rate.

Figure 13 shows the impact of garbage collection on
foreground write throughput; we find that write latency
remained the same even with the garbage collector. As
expected, throughput depends on the percentage of live data, or
the hit rate: when there is no live data, there is no performance
impact. When there is live data, writes by the garbage collector
to append that valid data do impact throughput as they must
lock the head of the log. However, even in the extreme case
of garbage collection hit rates of 100%, the write throughput
of XLL-GC is well above TiKV.

5.6 Comparison with Generic Deduplication

Finally, we investigate generic approaches to deduplication.
Across Figures 14 to 16, we quantify the per-write overhead for
different chunking methods commonly used in on-line dedupli-
cation filesystems, show that even small amounts of overhead
have a significant impact on user end-to-end latency. Moreover,
these approaches do not identify duplicate data as well as XLL.
To quantify the per-write overheads of on-line deduplication
methods, we developed a FUSE [63] filesystem, LPFS (Low
Persistence File System). LPFS absorbs application writes
in memory, performs one of several chunking algorithms, and
writes the chunk to LevelDB using its hash as the key. We
evaluate three different chunking algorithms: fixed size static
chunks; Rabin chunks using fingerprinting [41] to identify
boundaries and produce variable-sized chunks around a target
size (1KB, 2KB, or 4KB); and AppHint chunks, in which
LPFS scans for START..END markers around data payloads.
Our workloads are modeled on the data written by TiK'V. We
run two instances of LevelDB on LPFS and insert 10-byte keys
and 4KB values (32MB) to each instance; the records across the
two similar: the values written to the second instance are a con-
catenation of the key and original 4KB of data. This is a similar
write pattern to TiKV and other layered distributed key-value
stores, since duplicate data is unaligned across LSM trees.
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Figure 14: Deduplication costs

In Figure 14, we show the cost of each step of deduplication
in LPFS. Each write operation is split into five steps: blk-id
divides the written data into chunks; blk-hash computes a hash
for its identifier; member determines if the chunk is a duplicate
of one already in the system; meta-wr updates metadata struc-
tures on disk; finally, store-wr persistently writes the chunk.
For identifying blocks, static chunking spends nearly zero
time because it only computes a modulo function; however,
application hinting is slow because it must scan all input data
for substring matching, and Rabin fingerprinting must compute
arolling hash. Overall, each chunking approach adds between
80 (hinting) and 150 (Rabin-1KB) usec to each write operation.

Figure 15 shows thateven a 10 usec per-write delay increases
end-to-end latency for clients in TiKV by 500 usec. In these
experiments, we add a simple synthetic computational delay
to the write path of TiKV, as shown along the x-axis. Realistic
delays closer to 100 usec increase client latency by 1.3 ms.

The amount of identified duplicated data for each approach
is shown in Figure 16. Static chunking does not effectively find
duplicate data across LSM trees since the duplicates are shifted
by headers and other metadata. Rabin fingerprinting finds more
duplication as the chunk size is decreased, but smaller chunks
increase its computational cost. Application hinting is effective,
but requires app-specific knowledge of data formats and adds
nearly 80 usec to the critical path of each write. In summary, no
generic strategy finds duplicates as well as XLL, and XLL has
none of the extra costs associated with generic deduplication.

6 Related Work

Separating keys and values in LSM trees has been shown to
reduce write amplification and improve read and write perfor-
mance [34]. Other prior work has used LSM trees as an index
for accessing larger objects, for example by storing file system
metadata within the LSM tree [1, 51]. Our approach to sharing
objects between two LSM trees is novel, as far as we know.
Deduplication is often used for backup and archival systems.
Venti [50] identifies duplicate blocks by their hash and stores
them in an append-only log. SnapMirror [46] reduces system
write latency and bandwidth utilization by mirroring data
on the backup server asynchronously. The Data Domain
deduplicating filesystem [70] improves write bandwidth by
optimizing the index of block hashes, avoiding extra disk
lookups in a cache which does not fit in memory. LBFS [41]
identifies duplicate blocks using Rabin fingerprinting.
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Figure 15: Write latency + synthetic delay ~ Figure 16: Dedup write amplification

Primary deduplication identifies duplicates in the critical
write path, incurring extra I/O and latency [56]. This can
occur within the filesystem [10, 52, 66], or on a block
device [69]. Deduplication at the filesystem level may be
done at block-level or whole-file granularity. Block-level
deduplication generally results in a better deduplication
ratio [38], but can increase fragmentation on disk [71].

Double logging has been shown to have adverse effects on
system performance. Log-on-log and journal-on-journal writes
result in garbage collection overhead [65], increased write
amplification [28], and extraneous synchronous writes [29].
At the device level, new interfaces [8] have been designed
to avoid these resultant behaviors. XLL helps eliminate the
double-write problem [26] common to log-on-log systems.

Distributed shared-log systems like Corfu [6] and
LazyLog [35] provide a linearizable and fault tolerant log
abstraction. These systems achieve linearizable consistency by
eagerly ordering appends via sequencing [6, 14] or late binding
of entries to log positions [35]. Since writes to XLL are orches-
trated within the same local process, XLL uses lightweight
nameless appends rather than sequencers. Data written to XLL
is already fault-tolerant per the distributed consensus protocol.

7 Conclusion

Modular design, in which large-scale systems are built with
separate subsystems for data management, can result in mul-
tiple persistent writes of data payloads. We term this problem
cross-layer data duplication. Our approach to application-level
data dededuplication uses a single instance of an append-only
log, XLL. We implement XLL and integrate it with TiKV, a
production-quality distributed key-value store. By managing
references of data in the log, we develop techniques for efficient
read-back of values from the log and strong crash consistency
semantics, while eliminating redundant write-ahead logging.
Our evaluation demonstrates that deduplicating the data path
within the application carries numerous benefits, including
higher overall write throughput and lower write amplification.
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