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Log-Structured Merge-tree-based Key-Value Stores (LSM-KVS) have been optimized and redesigned for
disaggregated storage via techniques such as compaction offloading to reduce the network I/Os between
compute and storage. However, the constrained memory space and slow flush at the compute node severely
limit the overall write throughput of existing optimizations. In this paper, we propose O3-LSM, a fundamental
new LSM-KVS architecture, that leverages the shared Disaggregated Memory (DM) to support a three-layer
offloading, i.e., memtableOffloading, flushOffloading, and the existing compactionOffloading. Compared to the
existing disaggregated LSM-KVS with compaction offloading only, O3-LSM maximizes the write performance
by addressing the above issues.

O3-LSM first leverages a novel DM-Optimized Memtable to achieve dynamic memtable offloading, which
extends the write buffer while enabling fast, asynchronous, and parallel memtable transmission. Second, we
propose Collaborative Flush Offloading that decouples the flush control plane from execution and supports
memtable flush offloading at any node with dedicated scheduling and global optimizations. Third, O3-LSM
is further improved with the Shard-Level Optimization, which partitions the memtable into shards based on
disjoint key-ranges that can be transferred and flushed independently, unlocking parallelism across shards.
Besides, to mitigate slow lookups in the disaggregated setting, O3-LSM also employs an adaptive Cache-
Enhanced Read Delegationmechanism to combine a compact local cache with DM-assisted memtable delegated
read. Our evaluation shows that O3-LSM achieves up to 4.5𝑋 write, 5.2𝑋 range query, and 1.8𝑋 point lookup
throughput improvement, and up to 76% P99 latency reduction compared with Disaggregated-RocksDB,
CaaS-LSM, and Nova-LSM.
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1 Introduction
With the fast development of cloud computing and high-speed networks, Disaggregated Data
Centers (DDCs) have been widely adopted in the industry to address the challenges of resource
utilization, load-balancing, and scalability in traditional monolithic setups [33, 40, 48, 51, 52, 59, 60].
DDCs achieves high flexibility by decoupling compute, memory, and storage into independently
scalable resource pools, such as compute clusters, Disaggregated Storage (DS), and Disaggregated
Memory (DM). Driven by this architectural evolution, Log-Structured Merge-tree-based Key–Value
Stores (LSM-KVS) are being redesigned for DDCs, resulting in disaggregated LSM-KVS to fully
exploit the DDC model and maximize both resource utilization and performance.

In a typical disaggregated LSM-KVS, ingested Key-Value pairs (KV-pairs) are first batched into a
write buffer as memtables within one or more compute nodes (CNs). When a memtable becomes
full, it is marked as immutable and flushed from the CN to DS as a Sorted String Table (SST) file over
the network. To improve space efficiency and read performance, SST files in DS will be periodically
read back to CN, merged as new SST files, and written back to DS. The periodic merging, called
compaction, runs as a background process and is designed not to interfere with the foreground
user ingestion process. The decoupling provided by DDCs is a natural fit for this task, as it allows
compaction processes to be separated fromCNs and offloaded into DS, significantly reducing
resource contention and network traffic on CNs. As such, many state-of-the-art disaggregated LSM-
KVS – including Disaggregated-RocksDB at Meta [19], TerarkDB at Bytedance [10], IS-HBase [12],
Hailstorm [9], Nova-LSM [27], and CaaS-LSM [58] – adopt this design by offloading compaction to
DS nodes or redistributing it across CNs to mitigate write performance penalties caused by data
movement between CN and DS during compaction.

However, compaction offloading does not effectively mitigate write slowdowns and stalls caused
by limited write-buffer memory and slow flush operations. When the write-buffer limit is
reached during data ingestion, new writes are typically throttled or blocked until the memory space
is freed via flushing, which directly causes slowdowns and stalls. Given that an LSM-KVS instance
usually requires substantial memory on both the read path (i.e., block cache) and the write path (i.e.,
memtables) [13], the memory of CNs is often limited, particularly in DDC setups where a single CN
can simultaneously host tens of LSM-KVS instances and other applications. In addition to limited
memory, memtable flush also incurs heavy network I/O to DS with high latency [12, 19, 58]. This
network traffic competes with other background and foreground I/Os (e.g., WAL appends/syncs,
compaction, and SST file reads) on the CN, prolonging the flush process and leading to further write
slowdowns and stalls [45, 46, 57]. Moreover, flush operations can also be suspended if the number
of SST files at level 0 (𝐿0) reaches the predefined limit due to serial and slow 𝐿0 compactions [8, 57].
With widely deployed remote-memory technologies such as RDMA [38], DDCs can provide

shared Disaggregated Memory (DM) pools for CN as a secondary memory tier. Given this capability,
a straightforward solution to a constrained write buffer is to extend the disaggregated LSM-KVS
write buffer by offloading memtables to DM as a short-term staging area, rather than flushing them
to DS immediately. However, simply offloading memtables to DM instead leads to lower
ingestion throughput and higher read latency.
Problem 1: Costly remote memtable shipping and rebuild. Even with fast RDMA, accessing
remote memory is slower than local DRAM, so moving a memtable to DM is not a cheap memcpy.
The memtable traverses the RNIC, PCIe, and fabric, adding non-negligible transfer latency and
bandwidth consumption. Moreover, a memtable is pointer-intensive (e.g., skiplist nodes allocated
from arenas), so a raw byte copy invalidates addresses on the DM. Making it searchable on DM
requires extra updating of pointers and reconstruction of the index. Therefore, both memtable
transfer and memtable rebuild at DM will have explicit performance penalties.
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Problem 2: Inefficient memtable flush. Offloading immutable memtables to DM is only the
first step. For disaggregated LSM-KVS, memtables still need to be flushed to DS for persistence.
However, DM cannot directly flush these offloaded memtables to DS, since flush requires KV-pair
sorting and merging, compression, SST file construction, and Manifest updates, which are missing
in DM. Therefore, the memtables need to be read back to the CN and perform the flush locally
by the owning LSM-KVS. This process adds an extra network hop, reintroduces serialization and
deserialization overhead, and may be further hindered by I/O contention with other foreground
and background operations on the same CN. Meanwhile, as many DM-resident memtables are
flushed to DS, 𝐿0 SST files accumulate and exacerbate the issue of slow 𝐿0 compaction. All of these
effects degrade overall performance.
Problem 3: Slower memtable search at DM. After offloading memtables to DM, searching them
can incur significant read performance regression. On one hand, a key lookup within a single
memtable requires multiple memory accesses due to its semi-sorted, pointer-intensive structure
(e.g., skiplist or tree). When the memtable is at DM, this process will involve multiple remote
memory access round-trips and thus lead to higher lookup latency. On the other hand, a read query
may need to search all the accumulated memtables belonging to this LSM-KVS at DM. With more
memtables accumulated at DM, the read performance can be worse.

To address the aforementioned challenges of memtable offloading to DM, we propose O3-LSM, a
fundamental new LSM-KVS architecture that leverages the shared Disaggregated Memory (RDMA-
Based) to support a three-layer offloading, encompassing memtableOffloading, flushOffloading, and
the existing compaction Offloading. Compared to the state-of-the-art disaggregated LSM-KVS with
compaction offloading only, O3-LSM achieves superior performance by introducing the following
four key innovations:
• DM-Optimized Memtable: O3-LSM introduces a DM-optimized memtable that is designed
to be directly searchable on DM without heavy reconstruction. Instead of transferring and
rebuilding pointer-intensive memtables remotely at DM, O3-LSM writes memtables in a DM-
friendly, memory-contiguous layout with index-data separation so that offloading becomes a
cheap data transfer and the memtable can be queried on DM as is.

• Collaborative Flush Offloading: O3-LSM develops a lightweight, judiciously designed multi-
phase offloading protocol, which allows a memtable flush to be executed on any node with
DM access. This protocol supports multiple execution modes (Local, In-DM, Remote-CN)
and various controlling messages, providing the foundation for a contention-aware flush
scheduler. This scheduler coordinates all flush operations by dynamically adapting to workload,
data locality, and resource utilization and also by handling potential failures to maximize overall
write performance with ensuring atomicity and isolation properties.

• Asynchronous Sharding: O3-LSM also partitions each memtable into a set of non-overlapping
key-range shards by dividing the KV-block into multiple ones, enabling asynchronous, highly
parallel transfer to DM. When flushing multiple memtables, O3-LSM aggregates KV-shard blocks
of the same key range across different memtables. This approach produces non-overlapping,
shard-aligned 𝐿0 SST files, effectively breaking down a serial 𝐿0 compaction into multiple parallel
tasks, and thereby significantly reducing overall write stalls.

• Cache-Enhanced Read Delegation: O3-LSM accelerates reads by the adaptive read delegation.
Leveraging the DM-optimized memtable structure, O3-LSM maintains a small key-offset cache
at CN to decide the read path on every read. This adaptive mechanism determines whether to
retrieve data directly from DM using one-sided RDMA_READ or delegate the read to DM with
two-sided RDMA_SEND, reducing unnecessary remote network traversals and mitigating extra CN
memory usage.
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Fig. 1. Monolithic LSM-KVS Architecture.

Implementation and Overall Evaluation Results.We implemented the prototype of O3-LSM
based on RocksDB (version 8.2.0) with about 30,000 lines of code change, which is open-sourced at
Github1. Comparative and comprehensive experiments were conducted at CloudLab [21] against
state-of-the-art LSM-KVS schemes optimized for DDCs, including Disagg-RocksDB [19], CaaS-
LSM [58], and Nova-LSM [27] (requires specific RDMA-based DS) under the same maximum
memtable limit and identical total write buffer usage. Based on our evaluation, O3-LSM demonstrates
performance gains in both throughput and P99 latency across a variety of workloads. For random
write workload, O3-LSM achieves 4.5𝑋 , 3.4𝑋 , and 4.4𝑋 throughput improvements while slashing
P99 latency by up to 60%, outperforming Disagg-RocksDB, CaaS-LSM, and Nova-LSM. For random
read workload, O3-LSM continues to excel, delivering 1.8𝑋 , 0.6𝑋 , and 0.3𝑋 higher throughput
with a P99 latency reduction of up to 69% compared to these baselines. For range query workload,
O3-LSM achieves up to 5.2𝑋 throughput improvements while reducing P99 latency by up to 22%.
Even in mixed workloads (50% read and 50% write operations), O3-LSM also exhibits up to 3𝑋 ,
2.3𝑋 , and 1.9𝑋 throughput improvements while reducing P99 latency by as much as 76%. As for
the real-world application, Kvrocks [7], O3-LSM achieves up to 3.4𝑋 throughput improvements
while reducing P99 latency by up to 54%.

2 Background
2.1 LSM-based Key-Value Stores
LSM-KVS like RocksDB [18] and LevelDB [23] are optimized for high-performance writes via
log-structured storage. As shown in Figure 1, LSM-KVS appends KV-pairs to a Write-Ahead-Log
(WAL) and an in-memory active memtable. Full active memtables become immutable and are
serialized as Sorted String Table (SST) files through a flush process into 𝐿0. Consequently, each
𝐿0 SST file may contain KV-pairs spanning the entire key space. SST files are organized across
multiple levels. 𝐿0 files are compacted sequentially into 𝐿1 because their key ranges often overlap.
In contrast, levels 𝐿𝑛 (𝑛 ⩾ 1) have disjoint ranges, allowing parallel compaction with overlapping
files in 𝐿𝑛+1. To manage backpressure, LSM-KVS triggers write slowdowns or stalls if immutable
memtables or 𝐿0 files become excessive. For read queries, LSM-KVS maintains a block cache in
memory to cache the data/metadata blocks from SST files.

2.2 Disaggregated LSM-based Key-Value Stores
Disaggregated Data Centers (DDCs) have gained traction as a way to improve resource utilization
and elasticity by decoupling compute, memory, and storage into independent resource pools
interconnected by high-speed fabrics [6, 19, 40, 51, 52, 60]. Optimizing LSM-KVS for DDCs (called
disaggregated LSM-KVS), especially ones storing persistent data (e.g., SST files) at Disaggregated
1https://github.com/asu-idi/O3-LSM
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Fig. 2. Disaggregated LSM-KVS Architecture.

Storage (e.g., Tectonic [39], GFS [24], and HDFS [44]) have become popular [19, 58]. As shown in
Figure 2, a typical disaggregated LSM-KVS design keeps memtables on compute nodes (CNs) and
stores SSTables on DS, with CNs accessing DS via file or block interfaces. This separation enables
better load balancing while retaining comparable write performance to local deployments [19].
Recent work has optimized disaggregated LSM-KVS over DS, primarily focusing on remote

compaction (or compaction offloading). Disaggregated RocksDB [19], TerarkDB [10], Hailstorm
[9], and CaaS-LSM [58] propose offloading compaction tasks to DS or dynamically redistributing
them across CNs to improve throughput. Nova-LSM [27] leverages RDMA’s high bandwidth
through dynamic key-space partitioning to accelerate CN–DSN data transfers. These approaches
demonstrate that moving SSTables to DS and optimizing compaction can be highly effective.

However, several bottlenecks remain unresolved, particularly those related to CN memory. LSM-
KVS requires substantial memory for both the read path (block cache) and the write path (memtable
buffers) [13]. In practice, CNs often host tens of LSM-KVS instances, making it infeasible to allocate
large memory to each instance [3]. Insufficient memory at LSM-KVS instances triggers more
frequent flush operations to persist memtables quickly. These flushes amplify network I/O to DS,
where higher latency and shared bandwidth prolong the process and can cause write slowdowns
or stalls. The problem is further exacerbated by 𝐿0 compaction, where 𝐿0 files span the full key
space. Therefore, 𝐿0 files can only be compacted sequentially, and high writing pressure can easily
hit the 𝐿0 file cap, leading to throttle or block flushes [8, 57]. Consequently, even with compaction
offloading, memory pressure and slow flush remain core bottlenecks in current disaggregated
LSM-KVS designs.

2.3 Opportunities with Disaggregated Memory: A New Tier for Memtables
The development of ultra-high-speed remote memory access technologies such as RDMA [36]
and CXL [1] has enabled the emergence of disaggregated memory (DM) in DDCs, which provides
memory pooling and sharing capabilities. Unlike DS, DM is usually not persistent to achieve ultra-
high performance. Recently, researchers have begun to explore fully in-memory LSM-KVS on DM.
dLSM [50, 53] stores SSTables on DM nodes while caching memtables in CN memory, reporting
substantial speedups over persistent LSM-KVS such as RocksDB. However, dLSM does not provide
data persistence guarantees, and its design objective is fully different from other disaggregated
LSM-KVS like Disaggregated-RocksDB, Nova-LSM, and CaaS-LSM. In general, DM is a promising
substrate for alleviating write-path memory pressure and improving performance in persistent,
DS-based disaggregated LSM-KVS.
DM also differs from local memory on the read path. In RDMA-based DM, reads are typically

issued in two ways: 1) one-sided RDMA_READ, the compute node pulls bytes directly from DM using
a remote address and rkey, which avoids using the remote CPU but may incur a network round trip
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Table 1. Impact of DM-offloaded memtables on write stalls

Metric K=2 K=4 K=8 K=16 K=32

Memtable-induced write stalls (count) 737 614 268 115 34
Share of total stalls (%) 96 85 60 30 11
Write-stall latency P99 (ms) 2 6 10 14 18

per read. 2) two-sided RDMA_SEND/RDMA_RECV, where the compute node sends a request to a thread
at DM that reads local DRAM and replies in a single request/response exchange, which reduces
round-trips but consumes remote CPU and is typically slower than one-sided RDMA_READ due to
RPC overheads. In practice, one-sided reads trade more network round-trips for zero remote CPU,
while two-sided reads trade remote CPU for fewer round-trips.

3 Motivations and Challenges
Disaggregated storage (DS) offers elastic storage capacity for persistent LSM-KVS, but compute-
node memory remains a bottleneck, especially with many co-located instances. Disaggregated
memory (DM) can act as a low-latency, high-bandwidth tier between compute-node memory and
DS. Therefore, leveraging a DM tier to cache additional memtables while retaining the durability of
SST files on DS is a promising way to relieve per-instance memory pressure for high performance
without sacrificing persistence.

3.1 A Naive Solution
A straightforward approach to relieve local memory pressure at compute nodes (CNs) is to offload
immutable memtables to DM, making DM a fast, scalable extension of CN memory. As shown in
Figure 3, this design allows more memtables to reside in memory across local memory and DM tiers,
making local memory the fast tier and remote memory the slow tier. To evaluate this approach, we
modified Disaggregated RocksDB [19] to transfer immutable memtables from CN to a DM node
over RDMA. At the same time, to ensure data persistence, we maintain WAL at CN’s local file
system and store all the SST files at HDFS [44], a well-known distributed file system. We use the
default db_bench "randomwrite" to write KV-pairs (16B key size and 100B value size).

As shown in Table 1, increasing the maximum number (𝐾 ) of transferred memtables (64MB each)
of remote memory from 2 to 32 resulted in a substantial reduction in memtable-induced write
stalls by up to 95% (from 737 to 34). At first glance, this decrease in write stalls appears to suggest
improved overall write performance. However, we observe a throughput drop (from 119 kop/s to
87 kop/s) and a rise in write-stall p99 latency (from 2 ms to 18 ms) when moving memtables to DM,
indicating that the naive approach introduces new performance issues. To explore the root cause,
we analyzed the write process and broke down the time spent in each stage. We find that although
the number of memtable-induced write stalls is reduced, transferring and rebuilding memtables
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on DM consumes a large portion of total time (roughly 18.7%). Moreover, the memtable retrieval
process (i.e., flush operations requiring retrieval of memtables from DM back to the CN, and then
flushing the memtable to DS) adds extra time (7.8%) compared to local flushes to DS (detailed in
Section 5.3). As a result, write stalls last longer.

We also observe that read queries complete in 4.7 us on average at CN local memory, while reads
served from DM incur about 29 us. Most of this gap comes from RDMA control and data exchange:
approximately 12 us to send the request (RDMA_SEND) and 11 us to receive the reply (RDMA_RECV),
plus about 6 us for the remote search on DM, which is slightly slower than a local search due to
extra copying. These observations indicate that while moving memtables to DM reduces memtable-
induced write stalls, the additional overhead in transfer, rebuild, and flush operations can outweigh
the benefits, and read performance suffers as well.

3.2 Issues and Challenges
As discussed in Section 3.1, offloading memtables from CN local memory to DM may improve the
performance. However, addressing performance issues, including 1) slower write from memtable
transfers and rebuilding latency, 2) delayed flush due to memtable retrieval from DM, and 3) read
performance regression from searching memtables at DM, is challenging.

How to efficiently transfer and rebuild memtables from CN to DM? Since the remote
memory access latency can potentially be multiple times higher than local DRAM access [5, 22, 43],
transferringmemtables fromCN toDM can lead to high latency andmay block subsequentmemtable
writes. The situation can be even worse under highly write-intensive workloads. Additionally, due
to the memtable data structure design (e.g., widely used skiplist-based memtable), the memtable
consists of a large number of pointers. When the memtable is transferred to DM, all the pointers
become invalid and require re-allocation at DM, which can be slow.

How to speed up thememtable flush fromDMtoDS?When immutablememtables are offloaded
to DM, flushing them can become even slower when using the original flush logic. Directly creating
SST files from memtable at DM is difficult, which involves flushing in-memory data to persistent
storage while performing key sorting, value serialization, block and index building, compression,
metadata management, WAL handling, and snapshot control. Since DM itself does not have flush
execution logic, LSM-KVS must read the memtables back from DM to CN to flush the KV-pairs. This
read-back process can introduce additional latency and may be further hindered by I/O contentions
with other foreground and background I/O operations on the same CN. Furthermore, when a large
number of accumulated memtables at DM are flushed to DS, the issue of slow 𝐿0 compaction (a
well-known problem in LSM-KVS due to the need to handle the entire key-space coverage of each
𝐿0 SST file [57]) is exacerbated due to the 𝐿0 SST file accumulation. This can result in increased
write slowdown or write stall and can significantly impact overall performance.

How to mitigate read performance regression caused by slow memtable search at DM? All
the memtables are accessed during each read query due to the key-range overlaps. When one key
is searched in a memtable (e.g., widely used skiplist-based memtable), multiple memory accesses
are needed to finally pinpoint the KV-pair (or confirm NotFound). When memtables are maintained
in DM, due to the relatively slower memory access via RDMA, searching one memtable can cause
explicitly high latency. Even worse, one read query needs to search multiple memtables until the
KV-pair is found (or NotFound in all memtables), which further amplifies the high read latency.
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4 O3-LSM
4.1 Architecture Overview
The overall architecture of O3-LSM is shown in Figure 4. Similar to existing designs (e.g., Disag-
gregated RocksDB [19], and CaaS-LSM [58]), O3-LSM instances are deployed on CNs and store all
SST files on DS. O3-LSM employs a two-layered write buffer architecture, integrating limited local
DRAM at CNs with large-capacity DM. Throughout the memtable lifecycle, new active memtables
are first cached in CN’s local memory to support fast KV-pair insertions. Then, the active memtables
are offloaded to DM as immutable memtables, which are eventually flushed to DS.
First, to tackle the performance challenge of transferring and rebuilding memtables in DM,

O3-LSM introduces a novel DM-Optimized MemTable (detailed in Section 4.2) at both CNs and
DM nodes. The DM-Optimized MemTable redesigns the skiplist structure with a pointer-based
index-block (containing the linked list nodes of the skiplist) and the one KV-block (KV-block will
be further divided into multiple KV-shard blocks if shard-level optimization is applied, as in Section
4.4 for more details). The KV-block stores KV-pairs sequentially, and KV-pairs are referenced by
their offsets within the KV-block stores by the skiplist index nodes in the index-block. Therefore,
KV-block can be directly transferred to DM without pointer reconstruction.
Second, to speed up memtable flushes, we introduce Collaborative Flush Offloading (Sec-

tion 4.3), which decouples the flush path from the LSM-KVS instance and makes the flush job
remotely executable. We propose a flush offloading protocol to transfer the metadata between
the memtable owner and the flush executor. Since DM is shared by all CNs, rather than reading
immutable memtables from DM back to the owning CN for flush, memtables at DM will be collabo-
ratively flushed by any selected CN or DM nodes. We introduce a collaborative flush scheduler,
which monitors resource information (i.e., I/O bandwidth, CPU utilization) and collects flush job
metadata (i.e., memtable offset at DM nodes, original CN). The scheduler will select one CN or DM
node with spare CPU and I/O to execute the memtable flush by using the flush offloading protocol,
improving resource utilization and speeding up flush.
Third, to further improve scalability and parallelism, as well as 𝐿0 compaction, we propose the

Shard-Level Optimizations, which partition one memtable table into multiple shards based on
the pre-defined key-ranges (the same key-range partition will be applied to all memtables). Thus,
one KV-block is partitioned into multiple KV-shard blocks. In this way, multiple KV-shard blocks of
one memtable can be transferred asynchronously with high parallelism, which further improves the
memtable transferring efficiency. At the same time, instead of flushing each memtable separately,
we propose to flush the same key-range from all memtables (i.e., merging all the KV-shard blocks
of the same key-range) belonging to the same LSM-KVS at the DM together. The shard-based flush
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Fig. 5. DM-Optimized SkipList-Based MemTable

actually combines flush and 𝐿0 compaction in a fine-grained way, which significantly reduces the
number of SST files in 𝐿0 with key-range overlap. O3-LSM thus breaks down flush offloading from
coarse-grained, memtable-level tasks to fine-grained, shard-level tasks, enabling greater scalability
and parallelism, avoiding the 𝐿0 penalties, and significantly improving overall performance.

Finally, to mitigate the high overhead of searching immutable memtables in DM through multiple
RDMA accesses, O3-LSM employs a Cache-Enhanced Read Delegation (detailed in Section 4.5).
Hot KV-pairs in memtables at DM are cached in a small key-offset cache at CN (caching the key
and its DM offset), and one-sided RDMA_READ fetches the corresponding KV-pair. On cache miss,
O3-LSM initiates a read delegation request to DM via two-sided RDMA_SEND, where DM-side CPU
(read thread) searches the memtables to significantly reduce round trips. O3-LSM also incorporates
well-known RDMA optimizations (e.g., doorbell batching and inlining) to improve efficiency.

While 𝑂3-LSM is evaluated on RDMA due to its maturity, availability, and interconnect-agnostic
design [11, 28, 31, 50, 53]. The core principles of 𝑂3-LSM remain essential even with the cache-
coherent, low-latency access provided by emerging technologies like CXL [14, 37]. Specifically,
a DM-friendly layout is still essential to mitigate costly remote pointer chasing, and our shard-
level offloading and read delegation provide critical orchestration layers to balance flush-intensive
workloads and maximize throughput. Thus, 𝑂3-LSM remains both applicable and beneficial in a
CXL-based disaggregated infrastructure.

4.2 DM-Optimized MemTable
Similar to most LSM-KVS implementations [10, 18, 19, 23, 50, 53, 58], O3-LSM uses the skiplist data
structure to implement memtables due to its efficient concurrency, fast point lookup, and range
queries. The most widely used skiplist in LSM-KVS (e.g., in RocksDB [18]) is composed of a linked
list of 𝑛 nodes, where each node occupies a contiguous memory segment, with 𝑘 pointers stored at
lower memory addresses, followed by the encapsulated KV-pair. The first 𝑘 − 1 pointers form 𝑘

levels of indexes, with the pointer 0 pointing to the next node. Pointer 1 skips a fraction of nodes,
creating a sparse index, and so forth. The query process typically has a complexity of O(log𝑛).

However, transferring and rebuilding the current skip-list-based memtable to DM are slow and
inefficient. First, transferring the entire memtable to DM requires traversing all skiplist nodes at
CN and reconstructing them with pointers in DM, which can slow down the memtable offloading
process. Second, during the rebuilding process, we need to dynamically allocate the DM memory
space for skiplist nodes. Thus, those nodes are scattered in the whole DM memory space, which
incurs both space and performance overhead. A straightforward solution is to preallocate a suf-
ficiently large contiguous memory block in DM (e.g., 64MB) for dynamic node allocation in one
memtable. However, this strategy can lead to memory fragmentation and space wasting.
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To address these, we proposed a DM-Optimized MemTable, as shown in Figure 5. We separate
the memtable into a pointer-based index-block containing the linked list nodes and one KV-block
that stores all the KV-pairs without pointers. Each node in the index block holds: 1) 8(𝑛 + 1) bytes
for the next node pointers, 2) a KV pointer with 8 bytes pointing to the corresponding KV-pair
offset in the KV-block, and 3) a shard_id with 𝑘 bits (if shard-level optimization is applied). In
KV-block, KV-pairs are appended sequentially in a contiguous memory block and organized as
tuples (<key, value, offset>). This separation allows the memtable to be stored in different, smaller
contiguous memory blocks. The KV-block can be directly transferred and stored at a pre-allocated
contiguous memory block in DM without further processing. Reconstruction is only needed for
the index-block to correct the pointers with the new memory addresses of KV-pairs.
When a memtable becomes immutable, we enqueue it into an asynchronous transfer queue. A

background worker first serializes the index-block into a compact, contiguous buffer, registers this
buffer as a single RDMA memory region, and issues a one-sided RDMA_WRITE to a pre-allocated
region on DM. KV-pairs do not need to be serialized, since they are length-prefixed in the KV-block
as strings. The worker registers the KV-block and transfers it to its designated DM region with one-
sided RDMA_WRITE. During the transfer, we maintain a small metadata record (114 bytes) containing
the start addresses of the index-block and KV-block on both the CN and the DM. This compact
record ensures the metadata overhead remains below 0.0002% for a 64 MB memtable. After writes
are complete, the DM side reconstructs the index-block by refreshing the pointers of the skiplist
nodes. The memtable is then marked searchable on DM, and the transfer job completes.
Note that the offset information of each KV-pair stored in the index-block does not need to be

updated at DM. O3-LSM will correct these fields in the index by adding the appropriate memory
offset of the KV-block at query time. Also, KV-block does not need to be updated/reconstructed at
DM since all KV-pairs are appended sequentially with length-prefix encoded. For example, suppose
the starting memory address of one KV-block on the CN is 𝐴. After the KV-block is transferred to
DM, the starting memory address is 𝐵. The offset of one KV-pair in the KV-block is 𝐶 , which is
stored in one index node at the index-block. Therefore, the correct DM address of the KV-pair can
be determined by adding the offset within the KV-block to the offset of the KV-block at DM address
(i.e., 𝐶 + 𝐵 −𝐴), which can be corrected during memtable search in time complexity of O(1).

4.3 Collaborative Flush offloading
In traditional LSM-KVS designs, the flush process is coupled to the LSM-KVS instance that created
the flush job. This coupling causes two drawbacks when DM is used as an external write buffer:
(1) since DM lacks flush execution logic (e.g., key sorting and flush-metadata management), the
initiating LSM-KVSmust fetch immutable memtables back from DM and flush them to DS, incurring
transfer and (de)serialization overheads; and (2) memtable flush might still contention for network
I/O with foreground reads and background compactions. As DM accumulates memtables, these
costs grow and may throttle foreground reads/writes.

To address these challenges, we propose Collaborative Flush Offloading (Figure 6). The flush
control plane is decoupled from the LSM-KVS and can be executed remotely on any node with DM
access. The design has two components: 1) a lightweight flush-offloading protocol that prepares,
coordinates, and conveys all required metadata, orchestrates workflow and failure handling, and
finalizes job state, and 2) a logically centralized flush scheduler that assigns flush jobs to CNs or
DM nodes based on load and locality. As shown in Figure 6, O3-LSM offloads flush in four phases,
supports three execution modes (local, in-DM, and remote-CN), and uses six control messages.

Phase 1: Preparing.When a memtable flush is invoked, the owning LSM-KVS snapshots its DB
state under fine-grained locks, records the sequence-number bounds of the memtable to be flushed,
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and ensures the WAL is persisted up to that sequence before offloading the flush. Then, the owning
LSM-KVS builds a compact flush-metadata package (572 bytes in total), which includes options (e.g.,
compression and block settings), file metadata (e.g., target level, file-number), KVS status metadata
(e.g., column-family ID and sequence watermark), and WAL status (e.g., log file ID and persisted
offset). The package also encodes DM locations for the index-block and KV-shard blocks. Since
many metadata objects are shared in LSM-KVS, we precompute a small dependency graph and
traverse it in a fixed order during packing to eliminate duplicates. Finally, the owning LSM-KVS
sends a PREPARE message with the flush-metadata package to the scheduler.
Phase 2: Assigning. Upon receiving PREPARE message, the scheduler pushes the flush job into a
FIFO queue and dispatches jobs in arrival order to ensure fairness. For each job, it consults its active
executor pool and chooses an execution mode: local (the owning LSM-KVS executes the flush),
in-DM (a DM node executes in place without reading back to a CN), or remote-CN (a different
CN executes the flush job by reading the memtable from DM). After selecting a target node, the
scheduler sends an ASSIGN message to the selected executor and starts a timeout. The executor
responds with ACCEPT or the scheduler reassigns the job to another eligible executor at a different
node when the timeout happens. Upon ACCEPT, the scheduler transmits the flush-metadata package
and waits for COMMIT or ABORT from the executor.
Phase 3: Executing. After the executor receives the flush-metadata package, it fetches the ref-
erenced memtable data from DM using one-sided RDMA_READ. The executor directly reads the
KV-block without pointer reconstruction, and the minimal in-memory index is re-anchored via
base-address relocation. The executor (flush thread) merges records in sequence-number order,
builds the required index and filter blocks, applies compression if configured, and writes 𝐿0 SST files
to DS as specified by the flush-metadata. If a failure occurs before completion, the executor aborts
the job and sends an ABORT message to the scheduler so it can be safely reassigned (no state has
been published). When the flush outputs are durable in DS, the executor sends a COMMIT message
to the scheduler with the produced file metadata for the owning LSM-KVS to update flush state.
Phase 4: Finalizing. After receiving COMMIT, the scheduler forwards the produced file metadata to
the owning LSM-KVS. The owning LSM-KVS validates the metadata, installs the new DB state into
the Manifest, and removes the memtable from its metadata under the DB mutex before notifying
the DM to reclaim space, ensuring in-flight reads either find the data or fall back to the DS reads.
The owning LSM-KVS then sends ACK to the scheduler. The scheduler marks the job complete,
removes it from the queue, and releases its tracking state and timers. This phase publishes results
safely and frees resources promptly.
Flush Scheduler. The scheduler maintains a dynamic pool of flush executors across CNs and DM
modes to balance flush loads and mitigate write bursts in certain CNs. The scheduler uses heartbeats
for node registration and liveness monitoring. To balance the offloaded flush tasks, a deterministic
cost model where each node 𝑖 is assigned a load factor load𝑖 = 𝑤cpu𝑢

cpu
𝑖

+𝑤io𝑢
io
𝑖 +𝑤queue𝑢

queue
𝑖

. Here,
the weights (𝑤 ) are pre-configured scaling factors that prioritize resources based on the hardware
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bottleneck (e.g., higher𝑤io for I/O-bound environments). The utilization metrics (𝑢) are normalized
values:𝑢cpu

𝑖
is the ratio of active flush threads to the total thread pool size,𝑢 io𝑖 represents the current

storage write throughput relative to the node’s peak calibrated bandwidth, and 𝑢queue
𝑖

measures the
current number of pending shards against the maximum allowable queue depth.
Based on these signals, the scheduler calculates the estimated cost of assigning a flush job of

size bytes to node 𝑖 using the formula cost𝑖 = bytes · (1 + load𝑖 ). We apply a greedy policy to select
the node with the lowest cost to execute the flush job. For example, if Node A has a low load
of 0.1 and Node B is heavily congested at 0.9, a 64 MB shard would result in costs of 70.4 and
121.6, respectively, leading the scheduler to select Node A. To ensure robustness, the scheduler
recomputes load𝑖 from fresh telemetry signals upon the completion of each shard, preventing
transient mispredictions from accumulating. Multiple scheduler instances can be deployed for
scalability, while more complex scheduling strategies are left for future work.

4.4 Shard-Level Optimizations
Sending 64MB blocks in single RDMA_WRITEs can cause bursty bandwidth contention, especially
with other RDMA traffic [34]. Transferring such large blocks also limits parallelism and does not
resolve the slow 𝐿0 compaction problem. To address this, we propose sharding the memtable. Each
memtable is partitioned into non-overlapping key ranges (called shards). The single KV-block is
thus divided into multiple contiguous KV-shard blocks. Further, we propose flushing multiple
shard blocks in the same key-range from different memtables together, effectively combining 𝐿0
compaction with flush. This can improve flush parallelism and address 𝐿0 compaction penalty.
Memtable Sharding.We partition the memtable key space into 2𝑘 non-overlapping key ranges
(shards) using the first𝑘 bits of each key.Within each shard, KV pairs are appended into a contiguous
region, forming a KV-shard block. Each index-block node stores a k-bit shard_id alongside the
KV pointer, and KV pairs are addressed by their offsets within the KV-shard block. Once a shard
block becomes immutable, it is transferred to DM independently, so we do not wait for the entire
memtable to seal, which shortens wait time and increases concurrency. With this design, smaller
KV-shard blocks can be transferred asynchronously and in parallel without pointer reconstruction,
fully utilizing RDMA bandwidth. During pointer correction on DM, we use the starting address of
the KV-shard block rather than the whole KV-block for base-address relocation.
Shard-Level Flush Offloading. To further improve scalability and parallelism, as well as 𝐿0
compaction efficiency, O3-LSM uses shard-level flush. O3-LSM materializes shard-level flush meta-
data (e.g., shard ID and KV-shard blocks offsets on DM) and redesigns flush to aggregate multiple
KV-shard blocks from the same key range of different memtables at DM into a single flush job. This
shifts from coarse memtable-level flushing to fine-grained shard-level operations, enabling flush
and 𝐿0 compaction to be executed together. Unlike traditional designs that trigger a flush when
accumulated memtables reach a size limit, the shard-level flush is triggered only when the total size
of its KV-shard blocks across immutable memtables exceeds one memtable size limit (e.g., 64 MB).
This keeps the generated 𝐿0 SST files approximately the same size as the memtables, with minimal
key-range overlap, thereby mitigating the 𝐿0 compaction penalty. The shard-level optimization
also handles workload skew. The scheduler provides fine-grained control by assigning hot shards
to the most suitable nodes, balancing CPU and network load across the cluster.

4.5 Cache-Enhanced Read Delegation
In the original LSM-KVS design, read queries (e.g., Get and Scan) can require traversing one or
more memtables. Performing multiple one-sided RDMA_READs to traverse the memtable at DM
involves: 1) dereferencing to obtain the key, 2) dereferencing to obtain the next node address based
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Fig. 7. The workflow of Cache-Enhanced Read Delegation.

on key comparison results, and 3) repeating this process iteratively until the KV-pair is found (or
NotFound), which can slow down read performance by an order of magnitude or more [56].

To address this multi-round traversal problem, two main optimization approaches can be consid-
ered: 1) reading data back from DM to CN and conducting searching locally on the CNs (faster local
processing, but searching the remote index-block can be slow), or 2) offloading searching tasks to
the remote DM (asynchronized DM local search, but the computing resource might be limited).
We combine those two approaches and propose Cache-Enhanced Read Delegation across local
DRAM and remote DM. As shown in Figure 7, for frequently accessed KV-pairs, we implement a
local key-offset cache in O3-LSM at CN, reducing the round-trip needed for memtable lookups. For
less frequently accessed or newly accessed KV-pairs, we leverage the read delegation approach to
utilize DM’s computational capabilities for DM-local lookup, thereby reducing the multiple RDMA
round-trip for searching the index-block. This method effectively combines the benefits of both
one-sided and two-sided RDMA operations within a multi-tier architecture.
Local key-offset cache.We designed a small, local key-offset cache for 𝑂3-LSM. It uses an LRU-
based policy to cache hot entries, mapping keys to their specific DM memory offsets. We cache
offsets rather than full KV-pair values to minimize CN memory usage, and the value will be fetched
at cache hit with a single one-sided RDMA_READ. The key-offset entries are inserted via the following
two scenarios: 1) When an active memtable is cached in local DRAM, O3-LSM tracks the read access
frequency of each KV-pair, represented by Freq using 3 bits, which allows for 8 different frequency
levels. When iterating the memtable during the transfer, key-offset entries are created for hot
KV-pairs that meet a predefined frequency threshold (e.g., 4 or higher) and inserted into the cache.
This approach enables one-sided RDMA_READ to fetch the target KV-pair using the cached DM offset
directly without searching the index-block. 2) When there is a lookup miss in the local key-offset
cache, the KV-pair will be retrieved from DM via read delegation. The corresponding key-offset
entry will be created and cached to expedite future requests for the same KV-pair. Additionally,
O3-LSM creates and caches a Bloom filter for each KV-shard block of the memtables stored in DM.
This filter is used to validate whether a read delegation is needed or not, effectively reducing the
average number of remote accesses.
Read delegation at DM. If a miss occurs in the local key-offset cache, we leverage DM’s com-
putational resources to delegate the search task. O3-LSM first traverses the Bloom filters of the
corresponding KV-shard blocks based on the lookup_key’s shard_id. If any Bloom filter returns
positive, O3-LSM packages the lookup_key along with the set of memtable IDs into a read dele-
gation request. Then, O3-LSM executes an RPC call to DM using two-sided RDMA_SEND. On the
DM side, we maintain a worker pool with multiple polling threads that receive and process these
read delegation requests. Upon receiving a request from CNs, a worker thread polls and performs
the local lookup on the targeted memtables based on the request (delegated Get operations) and
transmits the result until the KV-pair is found (or NotFound if absent in all memtables). Once
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O3-LSM receives the results from DM, we cache the key and its remote offset as a key-offset entry
in the local key-offset cache.
Other optimizations.We proposed several RDMA optimizations: 1) Doorbell batching.We post
8–16 one-sided RDMA_READs at a time and ring the NIC doorbell once, which amortizes setup costs.
2) Adaptive inlining for delegation replies. For delegated lookups, the DM node returns small
values directly within the RDMA reply. For larger values, it returns the metadata to perform a
single one-sided follow-up read, effectively minimizing round-trips.

4.6 Fault Tolerance
𝑂3-LSM ensures consistency by treating the CN’s WAL as the authoritative state and the Manifest
as the sole visibility boundary.
Job-Level Failures. These are transient errors affecting individual operations: 1) Memtable Offload-
ing: If an offload to DM fails, the CN releases the allocated DM region and rebuilds the memtable
locally based on the WAL. No incomplete remote memtable is ever registered. 2) Shard-Level Flush:
If a task fails during Flush execution, the scheduler discards partial SSTables and reschedules the
shard using the immutable memtable on DM. Data only becomes visible after a successful Manifest
update. 3) Read Delegation Failures: If a delegated read to DM fails or times out, the CN retries the
request or, if the data has already been persisted, reads directly from the DS layer. This ensures
that transient DM or network issues do not result in request failure.
Node-Level Failures. These involve the crash of entire system components: 1) CN Failure: On
restart, the CN replays its local WAL to reconstruct memtables and re-offloads them to DM. The
scheduler purges stale DM state associated with the failed CN. 2) DM Failure: The scheduler aborts
all active jobs involving the failed DM. CNs rebuild the offloaded memtables from WAL locally. 3)
Scheduler Failure: The scheduler recovers its state from a persistent log. It either resumes a recorded
COMMIT or discards incomplete jobs, forcing CNs to retry. 𝑂3-LSM maintains an all-or-nothing
guarantee at the Manifest boundary. Partial outputs from failed jobs or nodes may necessitate
retries, but they never result in partially installed SSTables or inconsistent metadata states.

5 Evaluation
We implement O3-LSM based on RocksDB v8.2.0 and Disaggregated RocksDB. The source code is
available on GitHub [2]. We conduct comprehensive evaluations to answer the following questions:
1) Does O3-LSM achieve explicit higher performance than state-of-the-art disaggregated LSM-KVS?
2) What is the performance breakdown of each major design? And 3) How about the performance
with real-world applications, and scalability?

5.1 Experimental Setup

Hardware Platform. We conduct our evaluation on CloudLab’s [21] c6220 instances, each
equipped with 2 × Xeon E5-2650v2 CPUs (8 cores each), 64 GB of memory, and a 1 TB hard
disk. To emulate the disaggregated setup, CNs are configured to use all available cores but only
2 GB of memory, whereas the DM node are configured to use 4 cores while utilizing 64 GB of
memory. All CNs and the DM node are connected via Mellanox FDR ConnectX-3 NICs (40 Gbps
connections). We deploy HDFS on the storage nodes as TCP-based DS (the same DS configuration
as that in CaaS-LSM).
Baselines. To demonstrate the effectiveness of our designs, we use RocksDB optimized for DS [19]
as our baseline (Disagg-RocksDB). We also include CaaS-LSM [58] (a state-of-the-art LSM with
remote compaction on DS) and Nova-LSM [27] (a disaggregated LSM-KVS with RDMA for DS
accesses). All three baselines configure up to 8 local memtables at CN (totaling 512 MB). In contrast,
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Fig. 8. Microbenchmark performance under a 1 Gbps DS connection

our design, O3-LSM, uses only 2 local memtables (128 MB) and up to 6 memtables at the remote
DM node. In addition, we also evaluate dLSM [53] (a fully in-memory LSM-KVS on RDMA-based
DM) and use it as a performance upper-bound baseline (i.e., it is non-persistent and expected to
achieve the best performance with RDMA-based DM).
Workloads.We use db_bench and YCSB [15] to evaluate O3-LSM. For db_bench, we use fillrandom,
readrandom, and readrandomwriterandom benchmarks. For YCSB, we use workloads with 4 types
of read-write ratios and 2 types of key-value distributions (Uniform and Zipfian). In Zipfian, keys
are selected according to a Zipfian distribution, with skewness set to 0.99. Unless otherwise stated,
all experiments are conducted with 1 DM node, 1 CN, and 3 DS nodes. Scalability and breakdown
evaluations will use more CNs. We use the same configuration for O3-LSM and other baselines. For
memory components, the Memtable size is set to 64 MB, the block cache size is 512 MB, and the
local Key-offset cache size is 64 MB. max_background_jobs for compaction and flush is set to 4. The
slowdown_writes_trigger for 𝐿0 is set to 32, and the stop_writes_trigger is set to 48. The scheduling
weights𝑤cpu,𝑤io, and𝑤queue are all set to 1.0. For NovaLSM, we configure num_memtable_partitions
to 12 to maximize parallelism and fully utilize RDMA bandwidth. We perform 50 million operations
for each benchmark, with key/value sizes set to 16 bytes and 64 bytes, respectively. All evaluations
are executed 3 times, and we present the average number.

5.2 Overall Performance Evaluation
We use db_bench micro-benchmark to compare the overall performance of O3-LSM with three
baselines under limited network I/O (1 Gbps) and abundant I/O (2.5 Gbps) for accessing DS, as
shown in Figure 8 and Figure 9 respectively. Also, we assess the performance of O3-LSM with
varying read-write ratios, key-value distributions via YCSB micro-benchmarks, and range queries.
Write Performance. We first focus on intensive random write benchmarking with varying
value sizes. We use Operations Per Second (Ops/s) to measure the throughput. As shown in
Figure 8, under 1 Gbps network bandwidth, O3-LSM achieves up to 4.1𝑋 throughput improvement
over Disagg-RocksDB, 3.2𝑋 improvement over CaaS-LSM, and 3.9𝑋 improvement over Nova-LSM
(up to 6.4𝑋 , 4.6𝑋 , and 5.6𝑋 , respectively, for using 96 memtables in total). The P99 latency is
also reduced by approximately 32% to 59%, demonstrating the significant write performance
improvement of O3-LSM. Disagg-RocksDB suffers throughput drops with larger value sizes due
to increased write pressure, straining network I/Os to DS, and 𝐿0 compaction. Similarly, O3-LSM
shows greater throughput improvement over CaaS-LSM as value sizes grow. This is because as
value sizes increase, O3-LSM’s Shard-Level Flush Offloading results in lower write amplification
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Fig. 9. Microbenchmark performance under a 2.5 Gbps DS connection

and finer-grained scheduling, enhancing overall performance. For Nova-LSM, throughput drops
as value sizes increase, while P99 latency escalates sharply. Despite using RDMA to interconnect
compute and storage clusters, the overhead of managing larger data blocks across the network
eventually outweighs the bandwidth benefits provided by its sharded architecture. Notably, O3-LSM
outperforms Nova-LSM in both throughput and P99 latency with much slower TCP-based DS.

Figure 9 shows the random write performance evaluation under abundant bandwidth (2.5 Gbps
DS connections). All four disaggregated LSM-KVS achieve better performance compared to the
limited 1 Gbps network bandwidth. As the value size increases, O3-LSM achieves up to 4.5𝑋 , 3.4𝑋 ,
and 4.4𝑋 throughput improvements over Disagg-RocksDB, CaaS-LSM, and Nova-LSM, respectively
(up to 6.9𝑋 , 5.7𝑋 , 6.2𝑋 for using 96 memtables in total). Additionally, by increasing the CN to DS
network bandwidth from 1 Gbps to 2.5 Gbps, the P99 latency of O3-LSM decreases by approximately
37% to 60%, indicating that O3-LSM can deliver better performance under abundant bandwidth. As
a high-throughput, non-persistent LSM reference, dLSM reaches 1.23 million ops (Mops) at 64B
value size and is omitted from the figure for clarity. As value sizes increase from 64B to 1024B,
OPS across all baselines drops because the fixed network bandwidth creates a direct trade-off with
payload size; similarly, dLSM’s throughput scales from 1.23 to 0.58 Mops. Against this reference at
64B, O3-LSM attains 0.415 Mops (34% of dLSM), whereas other persistent LSM-KVS baselines only
achieve up to 0.09 Mops (7% of dLSM).
Read Performance.We evaluated the point lookup performance using the readrandom benchmark
from db_bench. First, we loaded 50million records andwaited for all compactions to complete before
conducting the readrandom test. As shown in Figure 8 and Figure 9, all systems achieved slightly
better read throughput under abundant bandwidth compared to limited bandwidth. For P99 latency,
both CaaS-LSM and Nova-LSM showed significant reductions of 35% and 33%, respectively, under
abundant bandwidth with large value sizes. O3-LSM reduced P99 latency by up to 69% compared
to the other baselines under limited bandwidth. O3-LSM demonstrated up to 1.8𝑋 , 0.6𝑋 , and 0.3𝑋
read throughput improvements over Disagg-RocksDB, CaaS-LSM, and Nova-LSM, respectively (up
to 2.2𝑋 , 1.8𝑋 , 1.5𝑋 for using 96 memtables in total). However, as the value size increases, the
performance of all systems declines, particularly for O3-LSM. This is because, although Cache-
Enhanced Read Delegation accelerates read performance when accessing memtables stored on DM,
larger value sizes consume more RDMA bandwidth, leading to a performance drop. Compared
with dLSM, O3-LSM achieves up to 11% of the upper bound (2.24 Mops at 64B and 1.25 Mops at
1024B) . Other baselines can achieve only 0.2 Mops (8.9% of dLSM). In general, Cache-Enhanced
Read Delegation effectively mitigates remote-memory access overhead for memtable hits at DM
in O3-LSM. More importantly, Shard-Level Flush Offloading produces much fewer 𝐿0 SSTables
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Fig. 11. Range query performance.

with key-range overlaps. Since most of the data has already been flushed to DS, most of the read
queries are responded to by DS. Therefore, the current 𝐿0 of O3-LSM turns DS lookups from probing
multiple overlapping files into a much fewer 𝐿0 probes for point queries and significantly reduces
iterator fan-in for scans. This structural reduction in read amplification eliminates redundant
Bloom/metadata checks, lowers CPU and I/O overhead. Therefore, this design effectively achieves
better read performance than other baselines due to fewer DS reads.
Read-Write Mixed Workload. We use the readrandomwriterandom benchmark. We evaluate
a 50:50 read–write ratio under varying bandwidth pressure. As shown in Figure 8 and Figure 9,
O3-LSM achieves the best performance in both cases. Compared to Disagg-RocksDB, CaaS-LSM,
and Nova-LSM, O3-LSM achieves up to 3𝑋 , 2.3𝑋 , and 1.9𝑋 overall throughput improvements,
respectively (up to 3.9𝑋 , 3.6𝑋 , 3𝑋 for using 96 memtables in total), and reduces the P99 latency up
to 76%. O3-LSM achieves up to 16.5% of the dLSM throughput (1.53 Mops at 64B and 0.82 Mops at
1024B) while other baselines only achieve lower than 10% of dLSM.
Micro-benchmark.We used YCSB, a widely adopted benchmark, in this evaluation. We employed
Uniform and Zipfian key distributions and evaluated 4 different read-write ratios. We focused on
four workloads: 1) RW50 (50% read and 50% write), 2) R95 (95% read and 5% write), 3) R100
(100% read), 4) W100 (100% write) with a value size of 64 bytes and 2.5Gbps sufficient bandwidth.
Figure 10 shows that O3-LSM achieves the best performance across all evaluations. We draw
two main conclusions: First, the optimizations in O3-LSM are more effective under the Zipfian
distribution compared to the Uniform distribution, particularly for read-intensive workloads (R95
and R100). Zipfian generates hot KV-pairs, and the Key-offset Cache can effectively cache them in
CN local memory, which significantly reduces the latency of accessing DS compared to the other
three baselines. Second, O3-LSM shows a slight performance drop in write-intensive workloads
(W100) under the Zipfian distribution. The skew concentrates most inserts into a small set of shards,
which impacts the shard-level parallelism and causes a lot of key-range overlapped SST files in 𝐿0.
Range Query. We evaluate the performance of range queries using different range sizes. As
shown in Figure 11, O3-LSM outperforms both Disagg-RocksDB and CaaS-LSM. As the range size
increases (e.g., from 10 to 1000), the throughput of all three systems decreases. Differently, O3-LSM
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Fig. 12. Ablation study on the fillrandom workload.

Table 2. Write Amplification Analysis (Data written in GB).

Workload System L0 Comp. L1 Comp. L2 Comp. Total

Random Write 𝑂3-LSM 12.6 18.4 19.1 50.1
(50M, 256B) Disagg-RocksDB 12.7 22.4 24.2 59.3

Mixed (50/50) 𝑂3-LSM 6.3 9.2 16.4 31.9
(50M, 256B) Disagg-RocksDB 6.4 12.1 21.3 39.8

achieves significantly better throughput improvements with up to 5.2𝑋 and 4.6𝑋 compared to
Disagg-RocksDB and CaaS-LSM, respectively. This improvement is due to two key factors: 1) O3-LSM
performs shard-level flush, which benefits range queries by assigning many consecutive keys to the
same shard, significantly reducing prefetch time when reading SST files from DS. And 2) O3-LSM
saves the local memory for a larger block cache, which further reduces the DS I/Os.

5.3 Performance Breakdown Analysis

Write Performance. As shown in Figure 12a, simply enabling disaggregated memory (+DM) to
extend the write buffer does not alleviate the write slowdown problem caused by the limited write
buffer. In fact, it has about 18% throughput decrease and slight latency increase compared to Disagg-
RocksDB (Default), due to its slow memtable transfer/rebuild and explicit flush operation delay.
The performance can be even worse when flushing more memtables concurrently in DM. When the
number of memtables to be flushed exceeds 10, flushing memtables at DM is slower than Disagg-
RocksDB. However, when the proposed Flush Offloading (+FO) is integrated, flush throughput
increases 34.6𝑋 , from 5MB/s to 178MB/s (100 memtable limit). More importantly, collaborative flush
offloading can achieve high scalability (i.e., as the number of memtables increases, the aggregated
flush throughput also increases almost linearly). Furthermore, by breaking down Flush Offloading
into shard-level operations (+Shard), we achieve even better overall write throughput (652K Ops/s)
and higher flush throughput (15% improvement compared with +FO).
Write Amplification Analysis. Table 2 provides a breakdown of data written during compaction
across different LSM levels. 𝑂3-LSM consistently achieves lower total write amplification (WA)
compared to the Disagg-RocksDB. Specifically, for the 50M randomwrite workload,𝑂3-LSM reduces
the total data written by approximately 15.5%. This reduction is primarily observed in 𝐿1 and 𝐿2
compaction. By utilizing shard-level flush offloading and memtable offloading, 𝑂3-LSM generates
fewer overlapping 𝐿0 SST files, which significantly reduces the overlapping key ranges during
subsequent compaction levels, thereby mitigating the overall WA.
Flush Performance Breakdown. As shown in Table 3, compared with directly flushing the
memtable from local memory to DS (Local Baseline), O3-LSM’s Shard-Level Flush Offloading adds
only 7% average end-to-end latency. In the overall timeline, transferring a memtable to DM con-
tributes 18.7% of total time, but our asynchronous memtable transfer design decouples this cost from
the flush critical path by overlapping transfer with execution. Within the Flush Offloading critical
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Table 3. Flush latency breakdown analysis.

Method MP Flush IF FM/Other Total (ms)

Disagg-RocksDB 3.2 877 2.5 N/A 882.7
CaaS-LSM 3.1 874 2.6 N/A 879.7
Nova-LSM 1.9 852 2.1 N/A 856.0

Naive DM Solution 3.2 877 2.5 286.0† 1168.7
O3-LSM 4.7 875 3.2 54.0 936.9
† Includes Transfer and rebuild (218 ms), and Retrieval (68 ms) from the naive implementation.

Table 4. Read performance breakdown (Uniform & Zipfian).

P50 Latency (µs) Throughput (KOps/s)

Baselines Uniform Zipfian Uniform Zipfian

One-side Read 547.369 501.327 8.426 11.265
Disagg-RocksDB 37.465 31.129 296.975 325.315
RD 5.425 6.941 366.975 414.791
RD+LC 5.370 5.597 424.460 559.711

path, flush metadata packaging/parsing (MP) averages 4.7ms, install/finalization (IF) averages
3.2ms, and the executor’s fetch of metadata and memtable blocks (FM) accounts for 5.7% of total
execution time (54ms), the remainder is spent on merge/serialize/write to DS (Flush). These results
indicate that the proposed collaborative flush offloading protocol overheads are modest and largely
hidden by overlap, while the dominant costs lie in data movement and DS I/O.
Read Performance. As shown in Table 4, we compare O3-LSM with several baselines to highlight
the effectiveness of its read performance optimizations. First, we introduce a straightforward
approach that O3-LSM uses multiple one-sided RDMA_READ operations to search memtables at
DM (One-side Read). One-sided read can only achieve 8,426 Ops/s and cause extremely high
latency (547 us), which is even significantly worse than Disagg-RocksDB. It shows that directly
using one-sided RDMA_READ operations to search memtables at DM can lead to extremely high
overhead. Second, when we enable Read Delegation (RD) in O3-LSM, it outperformsDisagg-RocksDB,
delivering 0.23X and 0.27X higher throughput and 80% and 85% lower P50 latency under Uniform
and Zipfian distributions, respectively. Finally, with the addition of a local key-offset cache (RD+LC)
as the complete cache-enhanced read delegation design, compared with RD only scheme, RD+LC
achieves a 15% and 35% improvement in throughput, along with a 2% and 19% reduction in latency,
under Uniform and Zipfian distributions, respectively.
Key-Offset Cache Size. To analyze the impact of the key-offset cache size on the read performance,
we conducted experiments using Uniform and Zipfian readrandom workloads. As shown in Fig-
ure 13a, the performance of O3-LSM improves as the key-offset cache capacity increases. Specifically,
for the Zipfian distribution workload, increasing the cache size from 64 MB to 512 MB resulted in
a 67% throughput improvement. In contrast, for the uniform distribution workload, throughput
increased by 32%. This shows that our design can significantly improve read performance with a
larger key–offset cache and is more effective for skewed workloads.
Read Time Breakdown. As shown in Figure 13b, we present three read cases. The first scheme
looks up memtables at local memory (Local) and costs 4.7us. The second and third correspond to
our Cache-Enhanced Read Delegation. On a cache hit (Cache Hit), a single one-sided RDMA_READ
completes in 6.8us (RRead). On a cache miss (Cache Miss), the pipeline performs a Bloom-filter
check (BF, 1.89us), then RDMA_SEND to the DM node (RS, 7.8us), followed by the remote search on
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Table 5. Network I/O Breakdown (Data volume in GB).

Workload / System CN→DM DM→CN CN→DS DM→DS

Random Read (𝑂3-LSM) 1.1 6.7 4.2 0.0
Random Read (Disagg-RocksDB) N/A N/A 10.7 N/A

Random Write (𝑂3-LSM) 12.6 8.4 46.1‡ 4.3
Random Write (Disagg-RocksDB) N/A N/A 59.3 N/A

Mixed (𝑂3-LSM) 6.3 5.2 29.6‡ 2.4
Mixed (Disagg-RocksDB) N/A N/A 39.8 N/A
‡ Traffic is split between two CNs: RandomWrite (25.36/20.74 GB), Mixed (19.5.2/10.1 GB).

DM (RGet, 5.6us, higher than local due to extra copies), and finally RDMA_RECV of the result (RR,
8.6us), for a total of 23.9us. Both two-sided RDMA operations are amortized via doorbell batching,
which lowers effective cost. Relative to the naive solution at 29us, the miss path reduces latency by
17.6% (5.1us), and the cache-hit path reduces latency by 76.6% (22.2us).
Performance Influence of Different Maximum Memtables. Figure 14 shows the performance
of various maximum numbers of memtables allowed in O3-LSM (2 at most in CN and the rest will
be transferred to DM). As more memtables can be stored in DM, O3-LSM demonstrates improved
performance across different workloads. This outcome aligns with our motivation: caching more
memtables in the write buffer enhances overall performance. This result highlights the success of
our design in overcoming the new challenges by extending the write buffer with DM. For a fixed
maximum number of memtables in the write buffer (in our tests, this was set to 10 memtables),
the ratio of local to remote memtables also impacts overall performance. As shown in Figure 14,
increasing the percentage of local memtables improves read performance since more KV-pairs can
be searched in the local memtables. However, write performance declines due to inefficiencies in
leveraging other nodes (CNs or DM nodes) to flush local memtables to the DS, leading to lower
performance. Exploring automatic memtable ratios between local and DM will be our future work.
Network I/O Breakdown. As shown in Table 5, we analyze how 𝑂3-LSM redistributes network
traffic across different nodes. In Disagg-RocksDB, the CN (owning LSM-KVS) handles all I/O for
flushing data to DS. In contrast, 𝑂3-LSM can offload a significant portion of this traffic to other
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Table 6. Shard-Level Optimization on Network Traffic (MB/s).

System Metric CN→DM DM→CN CN→DS DM→DS

𝑂3-LSM w/ Shard Peak 146.2 86.7 265.0 42.3
Average 58.4 34.2 234.0 40.2

𝑂3-LSM w/o Shard Peak 963.2 216.5 297.0 259.0
Average 39.2 24.6 214.0 36.8
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Fig. 15. Throughput Stability over Time.

available CNs or DM nodes. In our 2-CN evaluation of a 50M random write workload, although
we introduce 12.6 GB of traffic for memtable offloading (CN→DM), we successfully reduce the
direct CN→DS pressure from 59.3 GB to 46.1 GB. This traffic is effectively rebalanced across the
two CNs and the DM node, with the two CNs contributing 25.36 GB and 20.74 GB respectively,
while the DM node handles the remaining 4.3 GB. These results validate the effectiveness of our
proposed scheduling algorithm in redistributing network I/O across components. This shift is
critical during write-intensive bursts, as it prevents the network interface of a single node from
becoming a bottleneck by distributing the network I/Os across all available resources.
Shard-level optimization. Table 6 demonstrates the critical role of shard-level partitioning in
smoothing network traffic. Without shard-level optimization, the system experiences massive
traffic spikes, with peak CN→DM throughput reaching 963.2 MB/s against an average of only
39.2 MB/s. This bursty behavior leads to severe network congestion. By partitioning memtables
into shards and scheduling their transfer and flush in parallel, 𝑂3-LSM reduces peak CN→DM
traffic by 6.5× (from 963.2 to 146.2 MB/s), while increasing the average throughput. These results
illustrate how sharded flush mitigates bandwidth bursts and smooths network traffic across nodes.
Consequently, sharding boosts W100-Uniform throughput from 268.1 to 428.9 kops (1.6×). Even
under W100-Zipfian skew, 𝑂3-LSM achieves 409.5 kops, which is a 1.7× gain over the non-sharded
baseline (241.2 kops). This demonstrates that parallelizing shard flushes mitigates hotspots and
maintains high performance by allowing independent flush tasks to proceed concurrently.
Performance Stability. As illustrated in the time-series analysis (Figure 15), 𝑂3-LSM exhibits
high stability compared to other baselines. Disagg-RocksDB and Nova-LSM suffer from frequent
throughput dips and wide variance. In contrast, 𝑂3-LSM maintains a consistently high and smooth
throughput profile. This robustness is further confirmed by the box plots in Figure 16, where
𝑂3-LSM displays the most compact distributions and minimal outliers across all workloads and
value sizes. This stability stems from replacing coarse-grained flushes with fine-grained shard-level
offloading. By partitioning data into small shards and scheduling parallel transfers, O3-LSM avoids
the queuing delays and write stalls typical of traditional architectures. This resilience to latency
fluctuations makes O3-LSM ideal for latency-sensitive cloud applications.
Portability of𝑂3-LSMOptimizations. To evaluate the generalizability of our design, we integrate
𝑂3-LSM memtable and flush offloading mechanisms into CaaS-LSM, a representative compaction
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Fig. 16. Performance Variance and Outlier Analysis.

Table 7. CaaS-LSM w/ and (w/o) 𝑂3-LSM Optimizations.

Workload Throughput (kops/s) P99 Latency (𝜇s)

Random Write 265.8 (60.1) 82.4 (169.1)
Random Read 255.4 (189.1) 210.1 (440.8)
Read-Write Mixed 272.5 (84.8) 215.8 (528.0)

Table 8. Performance Comparison on KVrocks. Metrics are Throughput (kops/s) / P99 Latency (ms).

Workload Disagg-RocksDB CaaS-LSM O3-LSM

SET-only 86.3 / 391 105.9 / 287 381.2 / 177
GET-only 125.9 / 823 159.4 / 751 272.9 / 476
Mixed 10/90 (Get/Set) 92.5 / 450 115.2 / 320 355.4 / 195
Mixed 50/50 (Co-Located) 102.1 / 610 132.8 / 510 315.6 / 310
Mixed 50/50 (Remote) 72.4 / 1250 98.6 / 980 285.4 / 480
Mixed 90/10 (Get/Set) 118.4 / 780 148.6 / 680 285.2 / 410
Pipelined SET (16 Threads) 185.2 / 1250 235.4 / 980 720.5 / 420

offloading LSM-KVS [58]. As shown in Table 7, the integrated system achieves a Random Write
throughput of 265.8 kops/s (a 4.4× improvement over CaaS-LSM’s 60.1 kops/s) with a P99 latency
of 82.4 𝜇s (a 51% reduction from 169.1 𝜇s). This demonstrates that memtable and flush offloading
provide portable benefits. 𝑂3-LSM effectively mitigates write stalls and I/O contention within
compaction-offloading frameworks. These results underscore 𝑂3-LSM’s potential as a portable
component that maximizes disaggregated LSM-tree efficiency through three-layer offloading.

5.4 Analysis of Real-World Application
We use Kvrocks [7] (a Redis-compatible distributed KVS that uses RocksDB as its storage engine)
to evaluate the end-to-end performance. Kvrocks integrates three different disaggregated LSM-KVS
solutions as its storage engine: Disagg-RocksDB, CaaS-LSM, and O3-LSM. We use Redis benchmark
and measure throughput and P99 latency for GET-only, SET-only, and mixed GET/SET with 10/90,
50/50, and 90/10 ratios, plus pipelined variants, and we also run both co-located and remote clients.
The benchmark issues 40 million queries by 16 threads. As shown in Table 8, O3-LSM consistently
outperforms Disagg-RocksDB and CaaS-LSM across all Redis-benchmark workloads. In SET-only
and Mixed 10/90 scenarios, it achieves up to 4.4× higher throughput and 54% lower P99 latency.
Even under remote client configurations and pipelined workloads, O3-LSM leads CaaS-LSM by
2.9× and 3.0× respectively. These gains stem from offloading memtables and parallelizing shard-
level flushes, which prevents write stalls and I/O imbalances. These results demonstrate O3-LSM’s
efficiency in real-world applications.
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Fig. 17. Scalability and memory elasticity of O3-LSM.

Table 9. Performance with varying numbers of DM nodes.

Configuration RandomWrite (kops/s) RW-Mixed (kops/s)

3 CN + 1 DM 1,786 1,805
3 CN + 2 DM 1,920 1,950
3 CN + 3 DM 1,980 2,020

Table 10. Write stall mitigation: Fixed vs. Shared DM Pool.

Setting (5 CNs) Tput (Mops) Write Stalls P99 Latency (ms)

Fixed Pool (0.5GB×5) 1.85 840 240
Shared Pool (2.5GB) 2.62 65 45

5.5 Scalability
Scalability with Multiple CNs. We incrementally add CNs under Random Write and Read-Write
Mixed workloads to evaluate 𝑂3-LSM scalability. Benchmarks were initiated at different time
intervals, and we measured the total aggregate throughput across all active CNs. Figure 17a shows
the throughput comparison as the number of CNs increases. For both workloads, we observed a
consistent increase in throughput, demonstrating good scalability. Adding 4 more CNs improved
total throughput by up to 2.9𝑋 compared to a single CN. As shown in Figure 17b, with 5 CNs
sharing the DM, the total memtable counts demonstrate small fluctuations over an extended period.
This stability reflects improved memory utilization and high efficiency, aligning with modern DDC
objectives. By balancing flush operations across CNs, 𝑂3-LSM prevents simultaneous I/O pressure
on any single node, ensuring stable flushes.
Scalability with Multiple DM Nodes. We evaluated 𝑂3-LSM with multiple DM nodes serving a
CN cluster (3 CNs). As shown in Table 9, performance gains scale with the number of DM nodes.
Upgrading from 1 to 3 DMs boosts the total aggregate throughput by 10.8% for Random Writes and
11.9% for RW-Mixed workloads. Each CN independently selects a target DM for offloading and stores
the location (Node ID and memory address) within its local memtable metadata. By maintaining
this tracking information locally, CNs can concurrently perform tasks (such as memtable offloading
and read delegation) across multiple DM nodes. This design parallelizes the offloading overhead
and prevents single-node bottlenecks for network I/O or CPU-intensive tasks. Such architectural
flexibility allows 𝑂3-LSM to linearly expand its memory-tier resources to support increasing
concurrent requests and larger working sets in disaggregated environments.
Write Stall Mitigation via Shared DM Pool. In the fixed partitioning configuration, each of 5
CNs is assigned a 0.5 GB memory quota at DM (2.5 GB in total). Under this setup, individual CNs
frequently exhaust their quotas during write bursts, triggering 840 total stalls and a high P99 latency
of 240 ms. Conversely, the shared DM pool configuration utilizes the aggregate 2.5 GB (the same
memory budget) capacity to elastically absorb skewed write traffic across the 5 CNs. This collective
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buffering reduces the total stall count by 92.2% (from 840 to 65) and slashes P99 latency by over
5×, as shown in Table 10. By decoupling memory resources from specific compute instances and
organizing them as a shared memory pool, 𝑂3-LSM allows instances with high write intensity to
borrow idle capacity from the pool. This elasticity, paired with parallelized shard flushes, maintains
a high aggregate total throughput of 2.62 Mops/s (524 Kops/s per CN), a 41.6% improvement over
the 1.85 Mops/s (370 Kops/s per CN) achieved by the fixed configuration.

6 Related Work

Persistent Disaggregated LSM-KVS. Currently, there are a number of studies focusing on
optimizing persistent LSM-KVS on disaggregated storage, including Kemme et al [4], Hailstorm
[9], Nova-LSM [27], IS-HBase [12], RocksDB-Cloud [41], TerarkDB [10], and DisaggreRocksDB
[19]. Compaction offloading or remote compaction (first proposed in [4]) is mainly used in those
studies to reduce the network I/Os between storage and compute nodes. Compared with existing
studies of optimizing LSM-KVS for DS, O3-LSM leverages the DM to achieve memory extension
and explicit performance improvement.
In-memory Key-Value Store for Disaggregated Memory. Several in-memory KV store designs
have been optimized for DM. Sherman [49] is a B+Tree-based KVS that places all tree nodes in DM
while maintaining metadata and index caches locally at CNs, achieving high-performance lookups
through designed RDMA access patterns. PolarDB Serverless [11] uses a multi-tenant memory
pool over DM to cache data pages, while hash-based systems such as Clover [47], FUSEE [42], and
Dinomo [30] store all KV-pairs and indexing structures entirely in DM. Some studies have also
explored selective RDMA offloading to balance between one-sided and two-sided RDMA operations.
Distributed tree-based indexes [25, 61] use this to accelerate traversal, and DEX [35] adopts a
similar approach for range indexing on disaggregated memory. 𝑂3-LSM uniquely integrates this
mechanism within the LSM-tree lifecycle, read delegation is co-designed withWAL-based durability
and shard-level flush semantics to ensure consistency across the three-layer offloading architecture.
LSM-KVS Write Bottleneck. Several studies aim to address the write performance bottleneck
of LSM-KVS. [20, 29] add an NVM layer to the storage end of LSM-KVS, avoiding serialization
overhead and mitigating write amplification by supporting faster flushing. O3-LSM proposes remote
flush to address the bottleneck caused by the slow DM. Some works [27, 55] have different designs
for parallelizing 𝐿0-L1 compaction. MatrixKV [55] maintains a specially partitioned 𝐿0 layer on
NVM, aiming to fully utilize NVM’s high throughput and byte-addressable features. O3-LSM actively
merges the KV range of a single node in the cluster, offloads the memtables on DM and fully utilizes
the compute resources of compute cluster. Other optimizations propose offloading compaction to
other compute resources like DS node CPUs [4, 12, 19, 27, 32, 41], FPGAs [26] or other compute
unit [17, 54] to mitigate compaction overhead, or maintaining stability [8, 16, 57].

7 Conclusion
In this paper, we propose 𝑂3-LSM, the first LSM-KVS leveraging DM as a write buffer extension
for DS. We address DM performance challenges via DM-optimized memtables while introducing
cache-enhanced read delegation and shard-level flush offloading. Future work includes fine-grained
DM memtable management, automated memory ratios, and advanced flush scheduling.
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