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The Raft consensus algorithm ensures strong consistency by replicating a totally ordered log of operations.
However, this strict ordering introduces significant redundancy in databases built on Log-Structured Merge
(LSM) trees, where follower-side log transmission and compaction often duplicate storage and computation. In
this paper, we present LSM-Raft, a generalized extension of Raft that models the replicated log as a sequence
of elements—comprising both atomic entries and compacted SSTables. By aligning log semantics and state
machine behavior with LSM-tree principles, LSM-Raft enables more compact and efficient replication while
preserving correctness. We generalize Raft’s core safety properties to accommodate the relaxed log structure
and formally verify them using TLA+. Moreover, we propose a cost-aware synchronization strategy that
dynamically replaces delayed raw entries with semantically equivalent SSTables, minimizing transmission
and compaction overhead. Experimental results show that LSM-Raft improves overall throughput and signifi-
cantly reduces resource utilization under real-world workloads, demonstrating its practicality in high-ingest,
compaction-intensive environments.
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1 INTRODUCTION

In distributed systems, ensuring both strong consistency and high performance is a fundamental
but often conflicting objective. Consensus protocols like Paxos [27, 28, 31, 33] and Raft [21, 24,
30, 35, 36, 42, 43, 45, 46] provide correctness guarantees but introduce performance overheads,
particularly in systems with high write throughput. LSM-tree-based storage engines [15, 32, 34, 39]
are widely adopted to mitigate such overheads by optimizing write performance through sequential
and batched writes. Due to their write-friendly nature, LSM-trees have become increasingly popular
across a broad range of databases [1, 3, 5]. In this paper, we explore how the Raft consensus protocol
can be optimized for such LSM-based systems without compromising consistency or fault tolerance.
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Fig. 1. Motivation of LSM-Raft: redundant flushing and compaction across nodes. In this three-node Raft
cluster, the memory region M contains committed entries 0 through 9. The on-disk region L; reflects the
LSM-based storage layout. Dashed SSTables have been compacted into solid SSTables on the Leader. While
Follower 1 has begun receiving new data, Follower 2 is still synchronizing earlier logs, yet will repeat the
same compaction steps as the Leader.

1.1 Motivation

Raft has emerged as a widely adopted consensus protocol due to its understandability and strong
correctness guarantees [35, 36, 43] . It ensures consistency by replicating a totally ordered se-
quence of log entries across all nodes and enforcing deterministic state transitions. Its safety
properties—election safety, log matching, leader completeness, and state machine safety— form the
foundation for replicated systems requiring fault tolerance [30, 38].

However, the standard Raft design exhibits inefficiencies when applied to LSM-based databases [22,
41]. These databases ingest data at high frequency, periodically flush logs to disk, and merge them
into compacted SSTables for long-term storage. Under traditional Raft, each follower replicates raw
logs and independently performs identical compaction steps, leading to redundant computation
and I/O. Furthermore, when a follower falls behind, it must receive a large backlog of fine-grained
entries, even though the leader may have already compacted those entries into a single SSTable.

Such inefficiencies have been observed in Raft-based storage engines like Apache Ratis [24],
which treat the log as a flat sequence of atomic entries and miss the semantic equivalence between
compacted SSTables and their constituent logs. As a result, they forgo optimization opportunities
in modern storage engines that are already compaction-aware.

Moreover, the compaction overhead in LSM trees is non-negligible. Studies show that write
amplification can increase significantly when compaction is redundantly executed across all repli-
cas [13, 16, 23, 44]. While advanced compression techniques such as ELF [16, 29] alleviate some of
the I/O burden, the fundamental replication semantics of Raft still prevent full reuse of compacted
data.
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ExaMPLE 1. As illustrated in Figure 1, we consider a typical Raft deployment consisting of three
nodes. Data points with timestamps 0 through 9 have already been written to memory, replicated across
a quorum of nodes, and thus committed. The system is now ingesting the next data point, timestamp
10. Follower 1, which maintains stable connectivity, has received all entries up to index 9, allowing
commitment to proceed.

In contrast, Follower 2 lags behind due to slow log synchronization and has received only entry 3. In
such scenarios, Raft continues transmitting raw logs sequentially. However, in LSM-based databases, all
flushing and compaction operations performed on the leader will be redundantly executed on followers.
This includes the creation of SSTables, their merging, and tiered storage reorganization. Consequently,
even though the data is semantically equivalent, followers incur duplicated cost, creating performance
bottlenecks that Raft was never designed to address.

This motivates our work: optimizing Raft for LSM-based systems to eliminate redundant process-
ing while preserving strong consistency and fault tolerance. We propose a new protocol, LSM-Raft,
that decouples logical log replication from physical log representation and enables followers to reuse
compacted SSTables produced by the leader. This approach improves overall efficiency without
sacrificing safety or correctness.

1.2 The LSM-Raft Approach

To address the inefficiencies in Raft over LSM-based storage engines, we propose LSM-Raft, a
generalized version of Raft that redefines the structure and semantics of the replicated log. In
LSM-Raft, the log is no longer a simple sequence of atomic entries. Instead, it consists of generalized
elements, each of which may represent either a single raw data point or a compacted SSTable
generated through LSM flush and merge.

Each element is annotated with a metadata tuple containing the Raft term, global index, and
compaction level. This metadata allows us to maintain global log order while supporting flexible
internal structure. Elements may overlap in data range, which reflects the behavior of real LSM
trees but does not violate Raft consistency as long as the resulting state is preserved.

We redefine the state machine as an LSM state function, which takes the log as input and
simulates LSM compaction to compute the final database state. By modeling the state as a sequence
of SSTables, we capture the merge behavior of LSM engines and enable correctness reasoning under
compaction-aware semantics.

LSM-Raft also supports a flexible log transmission protocol. When followers fall behind, instead
of sending individual log entries, the leader may select an SSTable that is semantically equivalent
to the missing sequence and transmit it directly. To support this, we introduce the notion of log
equivalence: two log sequences are equivalent if they produce the same LSM state. This allows us
to replace raw logs with compressed SSTables without breaking consistency.

To make this replacement efficient, we define a cost model that evaluates the trade-off between
transmission size and compaction overhead. We then design a fast replacement decision algorithm
that runs in constant time by comparing metadata only. This enables real-time optimization of
replication performance in high-ingestion scenarios.

Finally, the LSM-Raft design preserves Raft’s fault tolerance and consistency guarantees. We gen-
eralize log matching, leader completeness, and state machine safety to work under the LSM model,
and we formally verify these properties using TLA+ [9]. Thus, LSM-Raft maintains correctness
while achieving greater efficiency in LSM-based systems.
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Table 1. Frequently used notations

Symbol ‘ Descriptions

M the MemTable in LSM

L; the ith level in LSM

E; the Raft log element(log entry or SSTable)
L the Raft log

S the LSM state

d the LSM state function

p the compression ratio of SSTables

Cirans the transmission cost

Ceomp the compaction cost

C the total cost

1.3 Contributions

While LSM and Raft are established techniques, their non-trivial integration in LSM-Raft introduces
new abstractions, provable correctness under generalization, and efficiency-driven mechanisms
beyond engineering. Our major contributions in this paper are as follows.

(1) Design Novelty: We generalize Raft’s log replication to support the transmission of com-
pacted SSTables (Algorithm 1), enabled by formal abstractions such as generalized log elements
(Definition 1). This unifies the consensus and storage layers, allowing Raft to replicate both logical
operations and physical storage states.

(2) Theoretical Formulation: To preserve safety under the new design, we generalize Raft’s core
properties—Log Matching, Leader Completeness, and State Machine Safety (Properties 1, 2, 3)—and
formally verify them using TLA+ (Section 4.3). It provides a strong theoretical foundation for safely
deploying LSM-Raft in systems.

(3) Technical Contribution: We propose a cost-aware synchronization strategy (Algorithm 2)
that dynamically selects between raw entries and compacted SSTables based on transmission
and compaction cost. This introduces cost sensitivity into consensus logic, enabling real-time,
storage-aware decisions at the leader.

(4) Practical Generality: We implement LSM-Raft in both TiDB [7, 22] and Apache IoTDB [1, 41],
and evaluate it with real-world workloads, which demonstrate the practical generality of LSM-
Raft. Our results show improvements in overall throughput and significant reductions in CPU,
compaction and network cost with unaffected fault tolerance.

2 PRELIMINARIES

To facilitate understanding of the LSM-Raft design and its applicability, we present three core
areas of background knowledge: the LSM-tree storage engine, the Raft consensus protocol, and the
prevailing database systems.

2.1 LSM-Tree Storage Engine

The Log-Structured Merge (LSM) tree [32, 34] is widely adopted in high-ingestion databases [3-
5, 41]. Its popularity stems from its write-optimized architecture, which converts random updates
into sequential, batched disk operations. This design minimizes write amplification and enables
high-throughput ingestion, making it suitable for workloads with sustained write pressure.
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The LSM architecture buffers writes in an in-memory MemTable, which is asynchronously
flushed to disk as immutable sorted files called SSTables. These files are managed in a tiered layout
across multiple levels (L0, L1, L2, ...). New SSTables are first written to Level 0 (L0), where files
may overlap in key range. Subsequent levels contain non-overlapping SSTables, each covering a
disjoint key range to support efficient lookups and merges.

To maintain system performance, LSM trees use compaction to merge SSTables across levels,
reduce redundancy, reclaim storage, and preserve key ordering. For example, when L0 accumulates
too many overlapping files, they are compacted into L1 to reduce read amplification. This multi-
level compaction process balances write efficiency, read latency, and disk space usage, forming
the foundation of LSM-tree behavior. Understanding this hierarchy is crucial when designing log
replication protocols that must reflect consistent and deterministic storage states across replicas.

2.2 Raft Consensus Protocol

In contrast to Byzantine fault-tolerant (BFT) protocols [11, 12, 18], Raft [21, 35, 36, 45] follows a
crash fault-tolerant (CFT) model and ensure strong consistency in distributed systems. It includes
log replication, leader election, and majority-based commit semantics. As long as a majority of
nodes are functioning, the protocol guarantees safe and consistent log advancement.

In Raft, each log entry is uniquely identified by a pair: term (the election round in which the
leader was elected) and index (its position in the log). During leader election, nodes vote for a
candidate whose log is at least as up-to-date as theirs, based on the latest term and index. This
ensures that only the most recent and consistent log is replicated. The elected leader then becomes
the sole coordinator of client requests and log replication until the next election.

Raft performs log replication as follows: when the leader receives a client request, it appends
the operation as a new log entry in its local log and concurrently sends AppendEntries RPCs to
all followers. Followers either accept and append the entry to their logs or reject if a mismatch is
detected. The leader retries until a majority of followers acknowledge the entry. Once replicated
to a quorum, the leader commits the entry and applies it to the state machine. This commit step
ensures that only entries replicated to a majority are considered durable and visible to reads.

As a variant of Raft [36], LSM-Raft adopts the standard leader-based read model, in which all
client reads are served by the leader node. As stated in the extended version [35], Section 6, "Client
requests in Raft are processed through the leader" Before responding to a read request, the leader
ensures that the data has been committed by a majority of replicas through the Raft consensus
process. This read model guarantees data consistency, because clients always observe the latest
commiitted state that reflects a total order of writes.

2.3 System Model and Target Applications

With the increasing demands for large-scale data ingestion and reliable consistency, modern
databases are progressively adopting LSM-tree architectures for storage and Raft as the core
distributed consensus mechanism. As discussed in previous sections, this combination has become
a mainstream design for ensuring both high write performance and fault-tolerant replication.

Several production-grade systems adopt this architecture pattern. For example, TiDB [7, 22] and
Apache IoTDB [1, 41] integrate LSM-tree storage engines with Raft-based replication layers. These
systems span diverse application domains, including time-series workloads and transactional or
hybrid OLTP/OLAP scenarios, where consistency and write-intensive performance are critical.

LSM-Raft is particularly beneficial in scenarios with continuous, high-volume data ingestion.
Representative applications include industrial sensor monitoring, telemetry pipelines, and edge
computing deployments- environments that demand both high throughput and strongly consistent
replication guarantees.
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3 LSM-RAFT DESIGN

This section presents the architecture and core design mechanisms of LSM-Raft. Compared to
traditional Raft, LSM-Raft extends the definition of logs to support level-based SSTable replication.
After log generalization, we mainly focus on log replication, leader election and safety.

3.1 Log Generalization

In traditional Raft [36], the replicated log is a totally ordered sequence of immutable entries, each
tagged with a term and a globally unique, increasing index. Each entry represents a discrete
command to be applied to the replicated state machine. LSM-Raft extends this notion by allowing
each element in the log to represent either a single entry or a compacted SSTable.

DEFINITION 1 (ELEMENT). Let D be the domain of time-series records. An element E; is defined
as either: (1) a singleton entry: E; = {e}, where e € D is a log entry; (2) a compacted SSTable:
E; ={e1,...en} whereej.timestamp < ej,i.timestamp.

(index, term, logSpan) is annotated with each element as a metadata. Level denotes the storage
level in LSM-Tree. LogSpan is newly added to denotes the indices range that the entry or SSTable
covers.

LogSpan(E) = {e.index Ve € E}

We clarify that within the same level, each log element uses the same range size, but the index
spans are non-overlapping. This design follows the standard structure of level-based SSTables in
LSM-trees, where files at the same level cover disjoint key (or index) ranges to support efficient
query and compaction operations [32, 34].

DEFINITION 2 (LoG). The replicated log in LSM-Raft is a sequence of elements:
L= <E1’E29~ . -,En>

where each E; has a globally unique index, and elements may semantically overlap in their internal
coverage (logSpan). These overlaps do not violate index ordering and are resolved by compaction-aware
consistency logic.

3.2 Log Replication

In LSM-Raft, log replication must tolerate behind followers and then try to sync entries into the
folllowers. This is achieved by comparing not only the index and term, but also the log span -
the range of logical indices a given element covers. A consistency check involves comparing the
leader’s and follower’s terms, log indices, and spans. If the terms match, the follower determines
whether the incoming element aligns, overlaps, or conflicts with its own log.

ExAMPLE 2. As shown in Figure 2, LSM-Raft reduces both transmission and compaction over-
head by enabling the leader to replicate compacted SSTables directly. Importantly, this optimization
does not bypass entry-level synchronization or compromise consistency; instead, it selects lower-cost
synchronization paths when the system faces I/O or network bottlenecks.

3.2.1 Consistency Check Algorithm. We present Algorithm 1, which describes the consistency
check logic for appending a new element from the leader to the follower log. The algorithm
generalizes the Raft-style preLogIndex and preLogTerm comparison by also considering the log
span — the complete logical index coverage of a potentially compacted element. It abstracts the
notion through the use of preLogSpan and followerLogSpan, representing the logical coverage
of the leader’s and follower’s elements, respectively.
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Algorithm 1 ConsistencyCheck

Require: prelLogTerm, preLogIndex, preLogSpan
Require: followerTerm, followerLogIndex, followerLogSpan
Ensure: ACCEPT, REJECT, or NEXTINDEX

1: if preLogTerm == followerTerm then

2: if preLogIndex == followerLogIndex then

3: return ACCEPT > Exact match on index
4: end if
5: if NoOverlap(preLogSpan, followerLogSpan) then
6: if max(preLogSpan) < min(followerLogSpan) then
7: delete follower log at min(followerLogSpan)
8: return CONSISTENCYCHECK > Delete and Retry
9: else
10: return NEXTINDEX > Follower index behind
11: end if
12: end if
13: if max (preLogSpan) == max(followerLogSpan) then
14: return ACCEPT > Exact match on SSTable
15: end if
16: if max(preLogSpan) < min(followerLogSpan) then
17: delete follower log at min(followerLogSpan)
18: return CONSISTENCYCHECK > Delete and Retry
19: end if
20: if min(preLogSpan) > max(followerLogSpan) then
21: return REJECT > Follower index behind
22: end if
23: else if preLogTerm > followerTerm then
24: return NEXTINDEX > Follower term behind
25: else
26: return REJECT > Leader is stale
27: end if

If spans are aligned at the boundaries, replication proceeds straightforwardly, as shown in Line 3.
However, if any replica fails, span corruption and metadata inconsistency may occur—which is a
common situation in Raft. As shown in Line 6 and Line 16, when the follower’s span is totally or
partially ahead of the leader’s, Algorithm 1 triggers local deletion in Line 8. Conversely, as shown
in Line 9 and Line 20, when the leader’s entry is ahead of the follower’s, the algorithm updates
the NEXTINDEX in Line 10, and retries until an exact match is found in Lines 13 and 14. This design
ensures that follower logs are correctly updated either by element deletion or by backward traversal
of the leader’s log, avoiding over-acceptance that could compromise correctness.

As the standard Raft, the leader delivers data to followers synchronously. That is, our LSM-Raft
have the same acknowledgment feedback information from followers for each data replication as
the vanilla Raft. For example, in Algorithm 1, each follower returns acknowledgment information
such as ACCEPT or REJECT, which is essential for the leader to determine log alignment, detect
inconsistencies, and decide whether to send raw log entries or compacted SSTables. This interaction
mirrors the original Raft behavior as described in Section 5.3 of the Raft paper [36].
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Overall, this mechanism maintains Raft’s safety guarantees — including the Log Matching
Property and Leader Completeness, which will be generalized later in Section 4. This abstraction
forms the foundation for efficient, consistent replication in LSM-based distributed databases.

3.2.2  Index Management. In LSM-Raft, the leader maintains a pair of indices for each follower:
nextIndex and matchIndex. These are updated upon every successful AppendEntries RPC.

nextIndex. This index indicates the log index the leader will send next to the follower. It serves
as the current replication position. Initially, it is set to the leader’s last log index plus one. When
entries are successfully appended to a follower, it is updated as:

nextIndex < max(E.logSpan) + 1

If an inconsistency is detected, nextIndex is decremented to retry synchronization with an earlier
log element.

matchIndex. This index reflects the highest log index the leader knows to be successfully repli-
cated on the follower. Upon successful append, it is updated as:

matchIndex « max(E.logSpan)
This field is crucial for determining when an entry is safely replicated on a quorum.

commitIndex. The commitIndex represents the highest log index known to be committed across
a majority of nodes. In LSM-Raft, a log element is considered committed if all of its covered indices
(as described by logSpan) are included in the matchIndex of a quorum of followers. This ensures
that even in the presence of compaction and log rewriting, every committed entry remains durably
and consistently replicated.

3.3 Safety

LSM-Raft retains Raft’s original safety guarantees, generalized for its richer log model: A candidate
can only be elected if its last log covers all committed log indices known to a quorum. Only entries
from the leader’s current term are committed directly; earlier ones are committed transitively. If
two logs share the same index and term, their application up to that point must produce the same
LSM state. These extensions are formally proven in Section 4.

ExXAMPLE 3. As shown in Figure 3, we illustrate the log replication protocol of LSM-Raft, covering
leader commit advancement, follower synchronization, leader election, and crash recovery.

(a) Commit Advancement via Shared LogSpan. At this stage, Replica #4 has just completed synchro-
nization of the compressed SSTable L}, which covers the log span {4,5}. Since this SSTable has been
replicated to a quorum (e.g., replicas #2 and #4), we can safely commit entries at index 4 and 5, and
advance the leader’s commitIndex from 2 to 5.

If the leader crashes and a new election begins, the LSM-Raft election mechanism remains consistent
with Raft: a candidate must contain all committed entries. Replica #2, holding atomic entries up to
index 5, qualifies. Replica #4 also qualifies, as its L) semantically covers {4,5}.

(b) #4 Becomes Leader: Synchronization by LogSpan overlap. Now suppose replica #4 becomes the new
leader. Its last log index is 6, and it initiates replication using preLogSpan = {4,5} from L(l),

o Replica #3 holds only entry #4, i.e., followerLogSpan = {4}, which is a strict subset of the leader’s
span. According to Algorithm Line 16, the entry is considered outdated and will be deleted. The leader
re-sends L.
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Fig. 2. The leader replicates a mix of atomic entries and compacted SSTables, and selects the transmission
granularity based on each follower’s state. Follower 1 receives 6 entries (cost = 6) and 2 SSTables (cost
=2X0.5X 2 = 2), totaling a transmission cost of 8, along with a compaction cost of 22 due to redundant
local merging. In contrast, since Follower 2 replicates the log too slow, the leader proactively chooses to
send 2 SSTables from levels Ly and Ly, resulting in a lower transmission cost of 5 and avoiding unnecessary

compaction.
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Fig. 3. Example for Log Replication in LSM-Raft

o Replica #5 holds only index 1, i.e., followerLogSpan = {1}, with no overlap with {4,5}. According
to Algorithm Line 9, it rejects the replication attempt. The leader decrements nextIndex to 3 and
updates preLogSpan = {1, 2}. Since there is now an overlap ({1}), the follower deletes its entry at
index 1, and then proceeds to synchronize entries from index 3 onward.
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(c) #2 Becomes Leader: Fine-Grained Entry Synchronization. If replica #2 ecomes the leader, its
preLogSpan = {5}.

o Replica #4 holds IL,(I) with followerLogSpan = {4, 5}. The overlap includes index 5, and it matches
the maximum covered index of #2, so according to Algorithm Line 13, the leader considers it up-to-date.
o Replicas #3 and #5 are handled as in (b) using followerLogSpan comparisons, resulting in
synchronization of entries with higher index.

(d) #1 Recovers: Efficient Resynchronization via SSTable. After a stable period, the previously crashed
replica #1 restarts and re-joins the cluster. A re-election confirms #2 as the leader. Since #1 is outdated,
the leader transmits the compacted SSTable L3 according to Algorithm Line 23, which semantically
covers all missing log entries. This enables replica #1 to synchronize to the latest state in a single
transmission, avoiding redundant entry replay and reducing recovery latency and network cost.

LSM-Raft extends Raft’s log matching principle by reasoning over LogSpan instead of exact index
and term. By comparing leader and follower spans, not only redundant entries can be safely deleted
and followers can synchronize via compacted SSTables, but also crash recovery can be accelerated
through semantic state transfer. This mechanism significantly reduces replication overhead and
improves convergence efficiency in high-ingestion scenarios.

4 CORRECTNESS PROOF

In this section, we present the correctness proof of our LSM-Raft protocol. Unlike the original Raft
algorithm which models the state machine log as a strictly ordered sequence of atomic entries,
our generalized model allows logs to evolve through compaction, batching, as long as the final
state derived from these inputs remains consistent. We organize this section into three parts: state
machine definition, property generalization, and formal verification via TLA+.

4.1 LSM State Machine

We define the LSM State Funtion as the state machine’s final logical output, determined by
emulating the behavior of an LSM-tree. The function mainly depends on log and the element order.
Although the LSM settings like the SSTable thresholds of different levels in LSM-Tree also affects
the final ouput, the different replicas should share the same settings and then we don’t consider it.

DEFINITION 3 (LSM STATE FUNCTION). Given the log L and initial LSM State S, the LSM state
function generates the new state S’ .

S =®(L,S) = (E.E,,....E,).
whereE;. =U{E; Ejs1,...} and E; e LUS.

Here, ® simulates the LSM-tree compaction process through ordered union operation U. It
produces an ordered sequence of SSTables from the log L.

ExAMPLE 4. Out-of-order Entries: We assume SSTable size thresholds grow exponentially by level
[2,4,8,16,... ], and use the same setting in the following example. If data arrives in sequential order,
such as ([0], [1], [2]), the state machine compacts it into SSTables as follows:

®(([o], [1], [2]), 0) = ([0, 1], [2])

However, if the data arrives out of order, which is common in industrial scenarios, e.g., {[0], [2], [1]),
then after inserting [0] and [2], the system flushes them together as [0, 2]. When [1] arrives later, it is
added separately. The resulting state becomes:

®(([0], [2], [1]), 0) = ([0, 2], [1])
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ExampLE 5. Duplicate Handling: When a newly added element overlaps with previously ingested
ones, the LSM compaction process retains the data from the higher-level SSTable. For example:

®(([0,1,2,3], [4], [4.5]), ([0])) = ([0,1,2,3], [4,5])

Here, the flushed SSTable [0, 1, 2, 3] from level 2 overwrites the earlier entry [0] from level 0 during
compaction, since its level is higher. Similarly, [4,5] at level 1 dominates [4] at level 0.

When duplicated records with the same key exist across log, we resolve conflicts by preferring
the SSTable from higher levels. This strategy follows standard LSM-tree semantics. The rationale
is twofold: 1. LSM-based databases typically adopt an append-only write model, where new data
is appended sequentially and older entries are eventually compacted or merged. Thus, newer
values naturally overwrite older ones during compaction. 2. In cases where updates to historical
data do occur, such modifications are either written as newer entries or handled by auxiliary
mechanisms. These updates are processed separately from normal compaction logic. As a result,
resolving duplicate keys by retaining records from higher levels is both correct and efficient under
common LSM design patterns.

4.2 Property Generalization

To ensure that the generalized log semantics still preserve Raft’s guarantees, we revisit and adapt
Raft’s five fundamental properties: Election Safety, Leader Append-Only, Log Matching, Leader
Completeness, and State Machine Safety. In LSM-Raft, although log elements may overlap in their
time ranges, these overlaps do not affect Election Safety and Leader Append-Only, as both are
independent of log contents and rely solely on term and index ordering. We retain their standard
definitions. The remaining three properties, however, require generalization to align with the
semantics of the LSM-based state machine.

Log Matching. In traditional Raft, if two logs have the same entry at a given index and term,
they must be identical in all previous entries. However, with the introduction of SSTables in LSM-
Raft, this strict requirement is no longer applicable. Specifically, two logs with different elements
could still yield the same LSM state. Therefore, we extend the condition to require that the final
state—computed by the LSM state function ®—be consistent across replicas when log elements
match in index and term. The generalized Log Matching as shown:

PrROPERTY 1. Log Matching with Generalization: if two logs contain an element with the same
index and term, then the states of applying all elements up through the given index are equivalent.

Leader Completeness. In Raft, once an entry is committed in a given term, it must appear
in the logs of all future leaders. In LSM-Raft, we generalize this by requiring that all data points
contained in a committed element must be included—possibly in compacted form—in future leader
logs.

PROPERTY 2. Leader Completeness with Generalization: If a log element is committed in a
given term, then that all the entries contained in the element will be present in the logs of the leaders
for all higher-numbered terms.

If a log element E; is committed in term t, then for any higher term ¢’ > ¢, every data entry
e € E; must be present in some element of the new leader’s log:

Ve € E; € L;, JE; € Ly such that e € E;
State Machine Safety. In the presence of asynchronous replication or compaction, some follow-

ers may have missing (null) elements at specific indices. When such a follower becomes a leader, it
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must ensure consistency by preserving the logical state derived from all non-null elements up to
any given committed index. This guarantees eventual convergence, even with differing logs.

PROPERTY 3. State Machine Safety with Generalization: if a server has applied a log element
at a given index to its state machine, no other server will ever apply a different log element for the
same index.

4.3 Formal Verification via TLA+

To ensure the correctness of LSM-Raft under the generalized log and state machine semantics, we
model its behavior using TLA+ [20, 35]. Our goal is to prove that even when the log consists of
entries and compacted SSTables, and the state machine follows LSM-tree semantics, Raft’s safety
properties still hold.

———————— MODULE LSMRaft --------

EXTENDS Naturals, Sequences

CONSTANTS

Nodes, Terms, Entries, SSTables, InitialState
VARIABLES

log, committed, state

LogElem ==

[type : { , }, content : SUBSET Entries, term : Terms, index : Nat]
LSMState == Seq(SUBSET Entries)
LogPrefix(lg, i) == SubSeq(lg, 1, i)
Phi(logElems) ==

LET flatten == UNION { e.content : e \in logElems }
IN [flatten]

LogMatching ==

\A n1, n2 \in Nodes, i \in Nat :

/\ i <= Len(log[n1]) /\ i <= Len(log[n2])
/\ log[n1][i].index = log[n2][i].index
/\ log[n1][i].term = log[n2][i].term

=>

Phi(LogPrefix(log[n1], i)) =
Phi(LogPrefix(log[n2], i))
LeaderCompleteness ==

\A n1, n2 \in Nodes, i \in Nat :

/\ 1 <= committed[n1]

=>

\A e \in log[n1]1[i].content :

\E j \in 1..Len(log[n2]) :

e \in log[n2][j].content
StateMachineSafety ==

\A n1, n2 \in Nodes :
Phi(LogPrefix(log[n1], committed[n1])) =
Phi(LogPrefix(log[n2], committed[n2]))

We define the following components in our TLA+ specification. Firstly, a replicated log L as a
sequence of log elements, where each element is either a singleton (entry) or a batch (SSTable).
Secondly, the LSM state function ®(L, Sp), which deterministically computes the final state from a
log and an initial state. Moreover, properties including Log Matching, Leader Completeness, and
State Machine Safety, expressed as invariants over multiple replicas.
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The TLA+ specification verifies that for any pair of replicas with matching logs up to a given
index (modulo compaction), the resulting state machine outputs remain identical. Additionally,
it ensures that once a log element is committed in a term, its effect appears in the logs of all
subsequent leaders. A complete listing of our TLA+ module is provided in Appendix [9].

5 LEVEL DETERMINATION MODEL

In the traditional Raft log replication protocol, the leader must transmit each log entry one by one
to all follower nodes. However, in real-world systems, some follower nodes may experience syn-
chronization delays due to network congestion or local I/O pressure. This leads to log accumulation
on the leader, which impacts write confirmation latency and overall system throughput.

LSM-Raft addresses this problem by proposing an optimization: when a follower falls significantly
behind, the leader can transmit a compressed, higher-level SSTable to replace multiple pending
raw log entries. This reduces the number of transmission rounds and volume of transferred data,
while also relieving the follower of unnecessary compaction overhead.

5.1 Definition of Log Equivalence

We first introduce the notion of log equivalence, which determines whether two log sequences
result in the same state for a given state machine.

DEFINITION 4 (LoG EQUIVALENCE). Let Ly and L, be two log sequences, and S¢ be the current state
of a follower. Let ®(-, -) be the state function representing the result of applying logs to the LSM-based
state machine. If

(L1, S¢) = @(Lz, Sp) (1)

then Ly and L, are semantically equivalent under S, denoted as:

Sr
Ll = Lz (2)

This equivalence relation allows us to search for lower-cost log variants without compromising
final state consistency. It is crucial for LSM-Raft optimization because it guarantees that state
machine safaty is maintained, even when the log structure is altered for efficiency.

ExXAMPLE 6. Consider a Raft cluster with 5 nodes. Each write batch contains 1000 records, and the
SSTable size is 10000. After ingesting data [19001, 20000], a level-1 SSTable (index=20) is created and
successfully committed by followers 1 and 2. Follower 3, however, is still trying to receive [10001, 11000]
of index 11, and also the queued logs from index 12 to 20. A new SSTable covering [10001, 20000]
is now available. Let L, = ([10001, 11000], ..., [19001, 20000]) and Es; = [10001, 20000], it easy
to derive that Lyy and (Esy) is log equivalent. This indicates that sending just Esy instead of all ten
original log entries preserves the same final state.

5.2 Cost Modeling for Log Synchronization

We define a cost function C(-) over the space of log sequences. This function quantifies the overhead
incurred when synchronizing logs rom leader to follower. For any log sequence L, the total cost is
decomposed as:
cLy= >, G
CieDc

We focus on two dominant contributors: transmission cost and compaction cost. Transmission
cost reflects the bandwidth and transmission round complexity required to send the logs to the
follower. It includes: the sum of entry sizes |E| for raw entries, the compressed size for SSTables (p
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Fig. 4. Simple Example for Level Determination in LSM-Raft. The leader maintains a multi-level LSM-tree
containing both atomic entries and compacted SSTables across levels Lo, L1, and L. When synchroniz-
ing with followers, the system determines the optimal SSTable transmission strategy by evaluating the
transmission-compaction cost A(Ctran, Ccomp)- Each arrow between the leader and follower indicates a
potential transmission decision for a selected SSTable, along with its associated cost pair. For already cost,
we have transmits about assuming the weights for compaction overhead per level are {1, 2,4} respectively.
Follower 1 evaluates five possible options, each with a different combination of transmission and expected
local compaction cost. The optimal combination (3 X 142X 2,2 X 1+ 4 X 1) results in a total cost (7,6),
indicating transmission size 7 and local compaction overhead 6 units. This selection minimizes overall effort
compared to other alternatives such as (8p, 0), which defers compaction entirely to the leader.

is the compression ratio), and a per-element transmission overhead §. L;‘}”t , Ljft denotes the set of

singleton entries and compacted SSTables.

Corans(Lp) = > (EI+8)+ > (plE|+9) 3)
EEL;’” EEL}St
= >, [El+p D IEI+ILfIS @)
EEL;’” EeL}S’

Compaction cost captures the effort of incorporating logs into the local LSM-Tree. For each
element E;, the cost depends on the difference between the target LSM-Tree level and the original
one.

Ceomp(Ly) = D (Level(®(Ly, Sy)) — Level(Ey)) - |E| (5)
EieLy

where the Level denotes the corresponding LSM-Tree level of the given states or elements. This
reflects that compaction costs are higher when moving from lower to higher levels.

Overall cost is the sum of both costs for simplicity, C*(L¢) = Cirans (L) + Ceomp (L ). This formula
provides a unified metric to guide replication decisions.
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ExaMmPLE 7. Following the Example 6, we assume p = 0.5, § = 10, and |E| = 1000. For L,y with 10
raw log elements:
Cirans(Lvzo) = 10 X 1000 + 10 X 10 = 10100
Ceomp(Lyzg) = 10 X (1 — 0) X 1000 = 10000

For (Egy) of size 10000:
Crrans({Esst)) = 0.5 X 10000 + 10 = 5010
Ceomp((Esst)) = 0
To formalize this with weight preference & = 1, beta = 0.1

C*(Lyz0) = 10100 + 0.1 X 10000 = 11100
C*(<Esst>) = 5010

The overall cost comparison clearly favors Eg. This demonstrates that compaction-aware, compression-
optimized SSTable transfer achieves significantly lower overhead.

Compared with Example 4 and 5, Exmample 7 shows that when the index range is enlarged to
10,000, the overall cost is also reduced significantly (from 11,100 to 5,010), indicating improvement.

5.3 Optimization Objective and Strategy

Given a follower’s current log L and a newly flushed SSTable E**', we define a candidate update

L} =Lfy (E*%). To select the best option, we consider all semantically equivalent log forms S,

and select:

L* = argLréléilfC (L) (6)

ExaMmPLE 8. Follower 4 is at index 18, last received [ 15001, 16000]. A new SSTable covering 16001, 20000]
is available, then the log L]‘ifo = ([17001, 18000], [18001, 19000], [19001, 20000] ). Assume |E| = 1000,

p =0.5,8 = 10, all entries at level 0. Original cost and SSTable cost is as shown.

Ctrans(]-%‘zo) = 30305 Ctrans(<Esst>) = 5010
Ccomp(LXo) = 10000, Ccomp(<Esst>) =0
C*(L}f") = 4030, C*({(Esst)) = 5010

Hence, the original log yields lower total cost and should be used.

This strategy enables intelligent decisions when transmitting SSTables, improving replication
throughput without sacrificing consistency. It is particularly beneficial for time-series or high-
frequency ingest workloads.

5.4 SSTable Replacement Decision Algorithm

To efficiently decide whether to replace a series of raw log entries with a compressed SSTable, we
introduce a lightweight, cost-delta-based decision algorithm. Instead of simulating the entire state
machine, this method compares only the total transmission and compaction costs between the
original log and the candidate SSTable. The principle is straightforward: If the cost of sending the
SSTable is lower than that of sending and compacting the raw log entries it overlaps with, the
SSTable should be chosen.
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5.4.1 Algorithm Complexity. Let L¢ be the current follower’s pending log entries, and Eg; a newly
flushed SSTable overlapping part of L¢. riog 7sst, 0 ,5 are defined as shown in the Algorithm 2. The
cost differences are computed as Lines 5 and 6 indicate.

If AC < 0, then transmitting Egg is considered more efficient as Line 8 shows. Otherwise, the
original raw entries are chosen. This evaluation method is both fast and effective. It relies solely on
metadata like timestamp ranges and record counts, and avoids heavyweight computation such as
full LSM compaction simulation. Algorithm 2 involves only constant-time operations, including
calculating ranges, overlaps, and costs. Both time and space complexity are O(1), making the
algorithm highly suitable for real-time usage in replication-intensive environments.

Algorithm 2 SSTableDecision

Require: Log sequence Ly, SSTable Egs, compression ratio p, transmission overhead &
Ensure: True if SSTable is preferable, otherwise False
1: Iog < timestamp range of L
rsst < timestamp range of Eqy
o « overlap length of 1145 and rgs
s «— |Egt > Number of records in SSTable
ACtrans SS0—p-S
ACcomp — =S
AC < ACirans + AC(:omp
if AC < 0 then
return True
else
return False
end if

R A A R ol 4

_m
N = O

5.4.2 Query Correctness. We explain that the query of the client’s requests are still correct by
skipping low level SSTable after applying Algorithm 2.

Consistency Despite Missing Lower-Level SSTables: As shown in Figure 4, missing a lower-level
SSTable does not affect consistency. If a follower receives L;;; but not L;, three cases are possible:
(A) Li4q is generated from L; and others—equivalence holds; (B) L;4+1 is newer—L;’s data is preserved
elsewhere; (C) L;4 is older—L; will be transmitted later. In all cases, the follower retains a consistent
view of the committed data.

LSM-Raft adopts the standard Raft leader-based read model to ensure query correctness. As
long as a majority of replicas have committed the log, client queries—served by the leader—are
guaranteed to return the latest committed data. Thus, query results remain correct and unaffected
by the state of lower-level SSTables.

6 IMPLEMENTATION

This section presents the system implementation of LSM-Raft, focusing on how the design principles
are realized across the WAL, consensus, and storage layers. The architecture integrates the LSM-tree
compaction model into a Raft-style consensus protocol while ensuring log consistency and fault
tolerance.

6.1 System Overview

Figure 5 illustrates the architecture of LSM-Raft. The system is composed of three primary layers:
WAL Layer is Responsible for capturing incoming write requests from clients and ensuring
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persistence before replication. Consensus Layer handles log agreement across nodes and decides
whether to replicate entries or compressed SSTables. Storage Layer maintains an LSM-tree-based
storage engine and supports compaction and SSTable merging. We integrate LSM-Raft into two
open-source database systems —TiDB [22] and Apache IoTDB [2, 41] —across the WAL, consensus,
and storage.

6.2 Consensus Layer: SSTable Decision

A dedicated Log Dispatcher is responsible for feeding newly arrived log entries into the consensus
layer. Depending on system state and follower lag, the dispatcher may either pass raw entries or
trigger compaction to form SSTables for transmission.

The consensus layer is enhanced with a policy module that decides, for each follower, whether
to replicate raw entries or compacted SSTables. This decision is based on the Algorithm 2 with
then maintained nextIndex and matchIndex. In TiDB, we modify the RaftStore module to sup-
port generalized log element management. In IoTDB, we extend its built-in consensus module
(PipeConsensus) to support log element switching.

6.3 Storage Layer and LSM Integration

At both leader and follower nodes, the local storage engine is built upon an LSM-tree. Once an entry
or SSTable is deemed committed, it is flushed into the local LSM-tree through standard compaction
procedures.

Each SSTable includes metadata identifying its compaction level, log index, and term, which is
used during replication to ensure correctness. The compaction process at the leader is also reused
to generate transferable SSTables that help reduce synchronization overhead. TiDB (via TiKV) uses
RocksDB as its LSM-based storage engine, while IoTDB adopts an LSM-like storage engine based
on the TsFile format. We adapt their compaction pipelines to support metadata-aware SSTable
replay and verification.

6.4 Failure Recovery and Log Convergence

When a follower node crashes and later recovers, it resumes from its latest durable WAL state.
The leader uses the nextIndex pointer to retry replication. Depending on the follower’s current
log span, the leader can choose to resend entries, trigger SSTable re-transmission, or compact
overlapping ranges, as indicated in Algorithm 1.

Log convergence is ensured through the AppendEntries protocol: inconsistent logs are pruned
and replaced based on log span conflict detection. The monotonicity of matchIndex and quorum-
based commit logic guarantees safety despite compaction and transmission optimization. Failure
recovery in TiDB and IoTDB reuses the native WAL replay mechanisms, with additional logic for
element-level consistency checking.

7 EXPERIMENTS

This section evaluates the performance, efficiency, and fault tolerance of LSM-Raft through a series
of experiments. We compare LSM-Raft against traditional Raft across various datasets and workload
conditions to demonstrate its advantages in throughput and resource usage.

7.1 Setup

We evaluate two representative systems: TiDB [7, 22], designed for transactional and mixed OLT-
P/OLAP workloads, and Apache I0TDB [1, 41], targeting time-series ingestion workloads. Imple-
mentation and integration details of LSM-Raft within both systems are presented in Section 6.
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Fig. 5. The System Implementation of LSM-Raft

Unless otherwise specified, we use the default configuration settings (e.g., an SSTable size of 10,000)
for each database.

7.1.1  Datasets. Four representative datasets, BoTIoT [26], EdgelloT [19], ToNIoT [10], CitiBike [17]

are chosen for experiments. They are widely adopted for evaluating intrusion detection systems and

distributed data analytics with an emphasis on their data sources, record scale, feature dimensions.
Table 2 summarizes key statistics of the above datasets.

Table 2. Datasets Statistics

Dataset Year Records Features
BoTIoT [26] 2019 > 72M Dozens
EdgelloT [19] 2022 ~ 21M 61
ToNIoT [10] 2020 ~30k/device | Varies
CitiBike [17] | 2013-2025 > 300M 15+

7.1.2  Benchmark Workload. To demonstrate practical impact with realistic deployment scenar-
ios from production, workloads are generated using two established benchmarking frameworks:
YCSB [8] for TiDB and iot-benchmark [6] for IoTDB. For instance, Apache IoTDB is deployed in
the urban rail vehicle monitoring system where each train is equipped with tens of thousands of
sensors - such large-scale workloads can be accessed using iot-benchmark. Here, LSM-Raft’s ability
to cut overhead and adaptively reduce redundant data transmission can significantly improve
system responsiveness (about 5%-9% in Figures 6) and resource efficiency (over 30% reduction in
Figures 11, 12, 13).

To evaluate performance across a range of ingestion intensities, we vary the number of concurrent
clients from 1 (light-ingestion) to 1024 (heavy-ingestion). Clients continuously issue append-heavy
write operations targeted at the leader node, which replicates all writes synchronously to follower
replicas.

7.1.3  Evaluation Metrics. We use several key metrics to assess system performance. System
throughput (points/sec) measures the number of data points processed per second, reflecting
the system’s overall data ingestion capability. CPU utilization monitors the resource usage of
each server node under varying workloads. Compaction cost records the number of data points
involved in the compaction process, reflecting the overhead introduced by internal data merging.
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Fig. 7. System throughput in TiDB.

Network cost measures the bandwidth consumed during data replication and synchronization
across servers, representing the communication overhead of the consensus protocol.

7.2 Overall Throughput

7.2.1  System Throughput. As described in Section 6, we implement LSM-Raft in both TiDB and
Apache IoTDB. To validate its effectiveness across different database systems, we conduct exper-
iments illustrated in Figures 6 and 7. Results show that LSM-Raft consistently improves system
throughput about 3% to 10% in both TiDB and IoTDB.

7.2.2  High Ingestion. To further highlight the throughput gains, we set the client number range
to [1, 1024]. As shown in Figures 6 and 7, when the number of clients is small (e.g., 1), the write
pressure is low, and vanilla Raft can already achieve optimal performance. Hence, the throughput
of Raft and LSM-Raft are nearly identical under light ingestion. As the number of clients increases,
both systems demonstrate similar trends: with increasing concurrency, the throughput improves
continuously, and the performance benefits of LSM-Raft become more pronounced. At 256 clients,
throughput improvements reach 9.2% for IoTDB and 6.6% for TiDB. When client count reaches
1024, no further significant gains are observed, indicating that the system reaches an upper bound
in I/O throughput, and additional clients no longer yield improvement.
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Optimizing end-to-end throughput is inherently difficult in systems already optimized for high
write performance. Throughput is influenced by factors such as flush intervals, memory manage-
ment, and client-side buffering [34, 41], many of which lie beyond the scope of LSM-Raft. We
argue that the observed 3-10% throughput improvement is meaningful in consensus-based systems,
especially considering the difficulty of further optimizing already mature Raft implementations,
while prior work such as NB-Raft reports comparable gains, e.g., 5% with 64 clients [24].

On one hand, as Figure 6 and 8 indicate, the higher the workload is, the more improvement
LSM-Raft achieves in system through- put. On the other hand, LSM-Raft delivers more substantial
gains in other resource dimensions. As shown in Figures 11, 12, and 13, our measurements show
consistent reductions of over 30% in compaction, network and compcation cost.

7.2.3 Ablation Study. To evaluate the contributions of individual optimizations such as log gen-
eralization or the cost-based SSTable selector, we conduct an ablation study of component-wise
comparisons. These include comparisons between: (1) vanilla Raft, (2) our LSM-Raft without cost-
based SSTable selector, and (3) full LSM-Raft with both log generalization and cost-based SSTable
selector. This breakdown clarifies the significance of both log generalization and cost-aware selector
proposed in Section 3.1 and 5.4.

As shown in Figure 8, we examine performance across four datasets with varying client counts.
We observe that the selector consistently yields additional throughput gains, typically between 1%
and 3%, indicating its necessity even when raw SSTable transmission is already beneficial.

7.2.4  Parameter Tuning. In addition to evaluating client count and dataset type, we further inves-
tigate internal parameters such as flush frequency and compaction concurrency, both of which
significantly influence performance.

Flush frequency controls how often data is flushed from memory to disk. Higher frequency (i.e.,
lower flush thresholds) results in smaller SSTables. As shown in Figure 9, when the flush threshold
is set to 10,000 or 1,000, LSM-Raft yields 9% improvement over baseline Raft. However, when the
threshold drops to 100, the generated SSTables are too small, and their transmission becomes as
costly as raw entries. Conversely, at high thresholds (e.g., 100,000), many raw entries are sent before
flushing occurs, undermining the benefits of SSTable-based transmission.

Compaction concurrency refers to the number of compaction threads running in parallel. At
concurrency level 1, the system fails to keep up with the compaction load, degrading performance.
Increasing concurrency to 16 allows the system to fully utilize its compaction capacity, leading to
a 9% throughput gain with LSM-Raft. Beyond that, further increasing concurrency to 64 yields no
noticeable benefit, indicating saturation of the compaction pipeline.
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7.2.5  Fault Injection. To evaluate fault tolerance, we simulate a replica crash at 2s and monitor
throughput recovery as shown in Figure 10(a). Both Raft and LSM-Raft exhibit an immediate
drop, followed by rapid stabilization within 0.5 seconds, confirming their fault-tolerant capabilities.
Notably, LSM-Raft maintains higher throughput throughout the experiment. Before the crash,
it achieves 4.3M pt/s versus Raft’s 3.9M pt/s; after recovery, it stabilizes at 4.0M pt/s while Raft
remains at 3.6M pt/s. This demonstrates that LSM-Raft maintains fault-tolerant properties similar

to Raft, quickly recovering to a stable throughput after the failure while still outperforming vanilla
Raft.

7.2.6  Cost Profiling. We incorporate explicit runtime profiling of I/O latency and network band-
width into our design. This enables feedback-driven adaptation of the synchronization strategy.
Note that such profiling may incur additional overhead. The results in Figure 10(b) show that
real-time cost profiling provides no significant improvement over log dispatcher heuristics. This
suggests that follower log advancement implicitly reflects runtime conditions, supporting our
choice of using a lower-overhead, dispatcher-based estimation strategy for dynamic adaptation.

7.3 Resource Utilization

To demonstrate LSM-Raft’s improvements in resource utilization, we deploy a physical Raft cluster
with 5 heterogeneous nodes, designed to emulate heterogeneous deployment scenarios. The het-
erogeneous hardware setup is characterized by two key aspects First, in terms of CPU resources,
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replicas F1 and F3 (where F1 denotes Follower 1, etc.) are provisioned with 8-core Intel Xeon CPUs,
whereas F2 and F4 are limited to 2-core CPUs. Second, in terms of network latency, F1 and F2
experience lower transmission delays than F3 and F4.

7.3.1 CPU Utilization. Figure 11 reports the CPU utilization of each node (leader and four followers)
under a high-ingestion workload(client number equals 256) for both BoTIoT and EdgelloT datasets.
For the BoTIoT dataset, LSM-Raft reduces the average CPU usage across the cluster from 40% to
35%, a relative reduction of approximately 11%. Notably, the follower replicas benefit the most: F3
from 19% to 13%, and F4 from 52% to 36%. The leader’s CPU load increase slightly approximately 1%,
as it is responsible for SSTable decision. The savings are more pronounced in the EdgelloT dataset,
where follower nodes show reductions of up to 30%. This result reinforces that the performance
advantages of LSM-Raft are not solely due to better throughput but are also backed by improved
resource efficiency at the server level.

7.3.2 Network cost. Network overhead is another critical factor influencing replication efficiency
and overall system scalability. Figure 12 presents the per-replica network transmission cost for both
Raft and LSM-Raft under the BoTIoT and EdgeloT. For BoTIoT, Leader’s network usage drops from
440 MB to 304 MB (a 31% reduction), while F3/F4 achieves an even more pronounced reduction,
from 110 MB to 59/23 MB (a 46%/79% reduction). This improvement is attributed to the protocol’s
ability to transmit pre-compacted SSTables, which encapsulate multiple log entries into a single
file. This reduces the number of AppendEntries RPCs and avoids redundant transfer of overlapping
entries.

7.3.3  Compaction cost. Compaction overhead directly reflects the system’s internal I/O pressure
and CPU usage during log maintenance. Figure 13 shows the total number of data points compacted
by each replica under the BoTIoT dataset. Across all replicas, LSM-Raft significantly reduces
compaction cost. For BoTIoT, the number of compacted points in F3 drops from 351 million to 247
million, representing a 29% reduction. F4 sees a larger reduction of 84.3% due to the transmission
of higher level SSTables These gains are a direct result of LSM-Raft’s design: by transmitting
pre-compacted SSTables from the leader, follower nodes can avoid redundant local compaction.
Together with reduced CPU and network cost (Figures 11 and 12), the results show that our proposed
SSTable replication adaptively replaces the raw entry transmission for lower cost in a follower with
limited resources. It is exactly one of the motivations in this study, cooperating LSM with Raft.
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8 RELATED WORK

We review related work from two perspectives: Raft-based consensus protocols and LSM-tree
storage engines.

8.1 Raft Consensus

Unlike Byzantine Fault Tolerant (BFT) consensus protocols [11, 12, 18], which are designed to
tolerate arbitrary and potentially malicious behavior in adversarial environments, Crash Fault
Tolerant (CFT) protocols such as Paxos [27, 28] and Raft [35, 36] focus on ensuring strong consistency
under fail-stop failures while maintaining high availability and low operational complexity.

In distributed systems, ensuring strong consistency while maintaining low latency has long been
a central challenge. To address this, many real-world systems adopt partial quorum strategies and
accept eventual consistency as a trade-off. Standard Raft requires the leader to wait for a quorum to
acknowledge each log entry before committing, which limits parallelism and throughput in high-
ingestion scenarios. To mitigate this, Non-Blocking Raft [24] decouples log persistence from log
commitment and allows ingestion to proceed before replication is complete. By tolerating limited
inconsistency, it significantly improves throughput in IoT workloads with many sensors. Still, this
approach introduces possible data loss and undermines Raft’s original safety guarantees. Other work
has focused on out-of-order execution to improve consensus efficiency. For instance, PolarFS [14]
implements ParallelRaft to allow state machines to apply log entries out of order. However, this
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design may encounter the “ghost entry” problem. These explorations reveal limitations in traditional
Raft’s linear log assumption, particularly for replication where logical equivalence and compacted
state should be leveraged as first-class constructs.

8.2 LSM Storage Engines

The Log-Structured Merge-tree (LSM-tree) [32, 34] is the backbone of modern write-optimized
databases, including time-series and key-value stores. It organizes data as a series of immutable
sorted string tables (SSTables), which are periodically compacted to reduce storage redundancy
and query overhead.

While LSM-trees excel at write throughput, they introduce unique challenges in distributed
environments. Since compactions are executed independently across replicas, the same logical
dataset may be encoded as different SSTables. This lack of byte-wise equivalence complicates log
replication and increases recovery overhead. Raft’s strict log matching requirements fail to exploit
the semantic equivalence between compacted states, causing redundant computation and I/O.

LSM-trees require careful coordination of flush and compaction operations to maintain write
efficiency under such conditions like Apache IoTDB [25, 47]. L-Store [37] is a unified engine for
transactional and analytical processing. However, it does not use distributed consensus protocols
like Raft, as it is designed for single-node setups. Other recent works such as Diff-Index [40]
explore index structures that adapt to LSM-based update patterns, while systems like CRaft [43] and
ECRaft [45] apply erasure coding to reduce replication cost. Yet none fully address the opportunity
to generalize Raft’s log model to accommodate the compaction semantics of LSM.

In this work, we extend these efforts by proposing a novel Raft variant that unifies compaction-
aware storage and consensus replication. Our LSM-Raft protocol integrates log equivalence into the
consensus model, enabling efficient transmission of SSTables while maintaining safety guarantees.

9 CONCLUSION

In this paper, we present LSM Raft, a generalized consensus protocol that adapts the traditional
Raft algorithm to better align with the storage characteristics of Log Structured Merge (LSM) trees.
By redefining log entries as generalized elements including compacted SSTables, and modeling the
state machine as an LSM compaction function, LSM Raft enables more efficient replication without
compromising consistency or fault tolerance.

We formally generalize Raft safety properties under the new log semantics, and verify them
using TLA+, ensuring correctness even in the presence of out-of-order arrivals and overlapping
SSTables. Furthermore, we propose a cost-aware log synchronization strategy that dynamically
selects the optimal form of data transmission based on equivalence and replication cost.

Our implementation in Apache IoTDB demonstrates that LSM Raft can improve overall through-
put by more than 20% and significantly reduce system overhead in real-world time series workloads.
We believe LSM Raft bridges the semantic gap between log-based consensus and compaction-
based storage engines, offering a promising direction for future consensus systems in high-ingest,
storage-efficient environments.
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