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ABSTRACT

Log-structured merge-trees (LSM-trees) are widely adopted in mod-
ern storage systems for high write throughput, but suffer from
significant write amplification. Key-value (KV) separation mitigates
this issue but introduces higher space overhead. To improve cost
efficiency and resource elasticity, modern storage systems increas-
ingly adopt compute-storage disaggregated architectures. However,
disaggregation increases network overhead for data access, degrad-
ing write performance. It also prolongs garbage collection (GC),
which increases the space cost of KV-separated LSM-trees.

In this paper, we propose Terark-DS, a high-performance and
storage-efficient KV separation storage engine on disaggregated
storage. To achieve both high performance and low cost, Terark-
DS employs differentiated redundancy based on LSM-tree access
patterns, adaptive write-ahead logging that switches between serial
and parallel modes for different batch sizes, and a network-efficient
GC design to accelerate GC execution. Experiments show that
Terark-DS outperforms existing disaggregated LSM-trees by 20.4%-
63.9% in write throughput while reducing total costs by 22.7%-58.6%.
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1 INTRODUCTION

LSM-trees are prevalently used in distributed databases [1-3], file
systems [4, 5], and stream processing engines [6] due to their high
write throughput, which makes them popular in write-intensive
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Figure 1: Analysis of Disaggregated LSM-trees

scenarios [7]. However, as storage scales up, write amplification
emerges as a critical bottleneck, severely limiting further perfor-
mance gains [8, 9]. For example, traditional LSM-tree implementa-
tions, such as LevelDB [10] and RocksDB [11], rely on frequent com-
pactions to maintain sorted tree structures. Nonetheless, this pro-
cess causes severe write amplification, often reaching 10X or higher,
significantly reducing write throughput by up to 90% [8, 12, 13].

To mitigate write amplification, WiscKey [12] introduced key-
value (KV) separation by storing only keys and indexes in the
LSM-tree and placing values in separate data files. This design alle-
viates write amplification by reducing the volume of data involved
in compaction and has been adopted by industrial systems such
as Titan [14], BlobDB [15], and TerarkDB [16]. As reported in a
recent study [17], these KV-separated LSM-tree systems achieve
1.73x-4.31X improvements in write throughput, but also incur
34.7%-106.3% higher space amplification due to inefficient garbage
collection (GC), which increases storage costs.

Traditional LSM-trees [10, 11] employ a monolithic architecture,
with compute and storage tightly coupled within the same physical
node, limiting their scalability as data volumes grow due to con-
strained resource elasticity and escalating compaction overhead. Re-
cently, cloud providers have increasingly adopted compute-storage
disaggregation to enhance cost efficiency and resource elasticity,
as exemplified by systems like Aurora [18] and PolarDB [19]. How-
ever, our evaluations reveal that disaggregation introduces sub-
stantial network overhead, reducing LSM-tree write throughput by
34.9%-45.5% and hindering scalability under large-scale workloads,
as shown in Figure 1(b). Although KV separation mitigates this per-
formance degradation by reducing network overhead, it exacerbates
space amplification, with storage costs increasing by up to 74.1%
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under mixed small and large KV pair workloads, further limiting
cost-efficiency and scalability in disaggregated environments.

Recent efforts have sought to optimize disaggregated LSM-trees.
Disag-RocksDB [20] focuses on compaction parameter tuning and
I/O scheduling, while Caa$ [21] mitigates performance penalties
by offloading compaction tasks to dedicated nodes, but both fail
to address write amplification, leading to resource wastage that
limits scalability under heavy workloads. As a result, they deliver
suboptimal write performance, as shown in Figure 1(a). MirrorKV
[22] integrates KV separation into disaggregated architectures to
alleviate write amplification. However, its scalability is limited by
costly value compaction and additional storage cost, which lead to
sub-optimal performance and delays space reclamation, reducing
its effectiveness in disaggregated settings.

While prior work has optimized disaggregated LSM-trees, two
fundamental challenges remain, as shown in Figure 1(b). First, dis-
aggregation severely degrades write performance due to network
overhead. On the one hand, internal compaction amplifies network
traffic. Our evaluations show that with 3-replication policy, it con-
sumes up to 87.8% of the NIC bandwidth, leaving little for user
writes. On the other hand, synchronous WAL writes to remote stor-
age introduce network latency absent in monolithic setups, and our
tests reveal this increases write latency by 44.6%. These bottlenecks
persist in existing efforts. Second, KV separation provides limited
benefits under disaggregated architecture and introduces additional
space costs. It does not alleviate network overhead caused by dis-
aggregation, and its effectiveness is further limited by inefficient
GC. Our experiments show that frequent remote accesses increase
GC latency by 2.03%, which increases storage overhead.

To address these challenges, we propose Terark-DS, a high-
performance and storage-efficient KV-separated storage engine
optimized for disaggregated architecture. Compared to existing
approaches, Terark-DS reduces network overhead and enhances
write performance through differentiated redundancy strategies
and an adaptive WAL writing mechanism. Besides, it reduces over-
all storage costs via network-efficient GC. As shown in Figure 1(b),
Terark-DS is designed to match the performance of KV-separated
LSM-trees deployed on local SSDs while reducing storage costs
close to those of vanilla LSM-trees, delivering a better performance-
cost tradeoff for LSM-trees in disaggregated architectures.

The contributions of this work are summarized as follows:

e Differentiated Redundancy Strategies: We propose a dif-
ferentiated redundancy strategy based on the access charac-
teristics of different files in KV-separated LSM-trees. To guide
design choices, we develop analytical models that quantify the
trade-off between performance and storage cost.

o Adaptive WAL Writing: We identify write-ahead logging
(WAL) as a key bottleneck in the critical write path of disag-
gregated LSM-trees and introduce an adaptive WAL writing
strategy that dynamically switches between serial and paral-
lel writes based on task granularity. This design enhances the
foreground write throughput of disaggregated LSM-trees.

o Network-Efficient Garbage Collection: We propose network-
efficient garbage collection (GC) for disaggregated environ-
ments. It reduces network overhead via three techniques: On-
Demand Value Fetching avoids transmitting redundant keys
and invalid values; Batched and Localized GC-Lookup uses Flat
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Index Cache to reduce RPCs and enable GC offloading. Adap-
tive Readahead merges fragmented data to minimize network
round-trips. Together, these techniques lower storage overhead
and improve cost-efficiency in disaggregated environments.
Comprehensive Evaluation: We implement Terark-DS based
on TerarkDB, and evaluate it on ByteDance’s disaggregated
storage system. Extensive evaluations across diverse workloads
demonstrate that Terark-DS achieves better write performance
and lower cost than other disaggregated solutions.

2 BACKGROUND
2.1 Log-Structured Merge Trees

Vanilla Log-Structured Merge Trees (LSM-trees) comprise in-memory
write buffers (Memtable), on-disk write-ahead logs (WAL), and
sorted string tables (SST), as shown in Figure 2(a). Data is first ap-
pended to the WAL for durability, then inserted into the Memtable
for fast access. When a Memtable fills up, it becomes immutable,
and a background flush thread sequentially persists it to disk as
SST files, exploiting the advantages of sequential writes. The SST
files are organized into a multi-level structure to optimize queries.
Background compactions continually merge and sort SST files into
new ones at lower levels, keeping all levels except level 0 sorted.
Queries first check the Memtable and then search for SST files in
level 0. If not found, queries proceed to lower levels (L; to Ly7). The
search terminates once the entry is located, avoiding extra lookups.

2.2 Key-Value Separation

LSM-trees enable high write performance via append-only writes
but require frequent compaction to maintain read efficiency, caus-
ing write amplification [8, 12, 23]. To address this, WiscKey [12]
introduced key-value separation, storing values separately while re-
taining keys and indexes in the index LSM-tree. This design reduces
the size of the LSM-tree and alleviates compaction-induced write
amplification. Due to its simplicity and effectiveness, KV separation
has become a widely adopted optimization for LSM-trees [17, 24~
28], with implementations including Titan [14] and BlobDB [15].
ByteDance has also successfully deployed the KV-separated storage
engine, TerarkDB [16, 29], at scale, providing high-performance and
cost-effective key-value storage service for cloud-native databases
and large-scale stream processing engines [29, 30].

TerarkDB. We use TerarkDB [16, 29] to elucidate key-value
separation, as it outperforms both vanilla LSM-trees (e.g., RocksDB)
and KV-separated alternatives (e.g., Titan [14]) in write perfor-
mance. As shown in Figure 2(b), TerarkDB selectively separates
large KV pairs (> 512B). Small pairs and indexes of large KVs reside
in the Key SSTs, while large values are stored in Value SSTs. Key



Table 1: Tradeoffs of Different Redundancy Strategies

Fault Tolerance
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Performance (T better, | worse)

Redundancy Strategy
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Replication (N) N-1 N N T T
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SSTs store the <Key, File Number> mapping to reference large
KVs in Value SSTs, with both SSTs structured as ordered tables with
internal indexes for efficient reads. Compared to vanilla RocksDB,
TerarkDB limits compaction to smaller Key SSTs, reducing write
amplification and achieving higher write throughput [17, 31].

For Value SSTs, space reclamation relies on garbage collection
(GC). This process frequently relocates valid data, which can in-
validate file number references in Key SSTs. To minimize index
update overhead during GC, TerarkDB maintains an inheritance
tree of file numbers to track relationships between old and new
Value SST identifiers. This design enables efficient data redirection
with minimal interference to foreground writes. It avoids the re-
source competition between GC and foreground writes that affects
KV-separated alternatives like Titan, ensuring more stable write
performance under heavy GC load [17, 32]. While KV separation
alleviates write amplification, it introduces higher storage costs
than vanilla LSM-trees due to delayed value space reclamation, as
shown in Figure 1(a). Approaches such as HashKV [24], DiffKV
[25], BlobDB [15], and Scavenger [17] optimize GC to reduce space
amplification but remain less space-efficient than vanilla RocksDB.

2.3 Disaggregated Storage

Before exploring the challenges of building storage engines based
on disaggregated storage, we first discuss its key characteristics.

2.3.1 Better Scalability and Elasticity. Disaggregated architecture
decouples computation and storage resources, enabling dynamic
resource allocation and independent scaling.

Efficient and Flexible Data Partitioning. Independent scal-
ing enables dynamic partitioning of storage based on workload
characteristics, reducing unnecessary data migration overhead [33].
Computing resources can be dynamically allocated to partitions,
improving load balancing and mitigating data hotspots [34, 35].

Elastic and Rapid Deployment. Stateless computing reduces
inter-node coordination overhead, enabling rapid demand-driven
instantiating and reclaiming of compute nodes to improve elasticity
[36]. Disaggregation naturally supports serverless models with
stateless, on-demand execution and efficient resource usage [31, 37].

2.3.2  Higher Bandwidth but Increased Latency. Disaggregated stor-
age improves aggregate I/O throughput by allowing multiple com-
pute nodes to access a shared pool of SSDs. This architecture re-
moves the bandwidth constraints of traditional monolithic LSM-tree
deployments, where each instance typically uses a single local SSD
through a kernel file system. With sufficient network provisioning,
disaggregated storage can achieve higher I/O bandwidth by en-
abling parallel access to more storage devices. Optimizations such
as SPDK [38, 39] can further reduce software overhead of I/O stack.
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Disaggregated storage incurs unavoidable latency penalties due
to the network hops between compute and storage nodes. High-
speed network technologies like RDMA and InfiniBand alleviate
communication overhead [40], but fail to eliminate remote round-
trip costs. Moreover, when nodes span RDMA-inapplicable regions,
aggravated network overhead further increases latencies.

2.3.3  Reduced Hardware Cost and Flexible Redundancy Strategies.
Disaggregated storage reduces hardware costs through optimized
resource allocation and enables flexible redundancy strategies to
balance performance and cost, as summarized in Table 1.
Reduced Hardware Cost. By decoupling compute and stor-
age, resource provisioning becomes more efficient. Storage nodes
are typically configured with high-capacity and high-bandwidth
drives while relying on modest CPU and memory resources, thereby

improving resource utilization and reducing hardware costs [41].
Flexible Redundancy Strategies. To ensure data reliability,

disaggregated storage systems commonly adopt either Replication

or Erasure Coding (EC), each offering distinct trade-offs.

o Storage and Network Overhead. Replication maintains N
full copies of the data across N failure domains. As shown
in Table 1, it incurs NX storage overhead and requires Nx
the original data volume in network bandwidth during data
transfer. In contrast, erasure coding (EC) splits the data into
M blocks and generates N—1 parity blocks, distributing them
across M+N—1 domains. Both storage and network overhead

are thereby reduced to M+AI>I] =L the original data size.

e Performance Trade-offs. Replication enables low-latency
access via ready-to-use full copies, with minimal computational
overhead. In contrast, EC introduces computational costs from
encoding/decoding, increasing access latency, particularly for
small objects. During recovery, replication fetches data directly
from a surviving copy, whereas EC must reconstruct it from
multiple blocks, resulting in higher latency.

3 MOTIVATION

Disaggregation enhances scalability and cost-effectiveness but in-
curs performance degradation due to network overhead. KV separa-
tion mitigates this by reducing compaction-related NIC bandwidth
contention, though its benefits are limited and increase storage over-
head. To understand these challenges, we analyze the performance
impact of disaggregation and the trade-offs of KV separation.

3.1 Disaggregation: Hurting Performance

We evaluate disaggregated LSM-trees using RocksDB [11], a popular
LSM-tree implementation, on ByteDance’s disaggregated storage
system with six storage nodes and 3-way replication. Compute
nodes hosting RocksDB instances access remote storage via a 25
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Gbps network, forming the RocksDB-RS configuration (remote
storage, WAL enabled), compared against a local instance with
synchronous WAL writes (RocksDB-LS). To isolate WAL’s impact,
we add WAL-disabled variants: RocksDB-LD (local) and RocksDB-
RD (remote). The workload uses a realistic mix of small and large
KV pairs, reflecting data patterns in cloud-native databases [17]
where small values derive from incremental updates and large
values from data pages. The benchmark loads a 100 GB dataset,
followed by 300 GB of continuous updates to simulate sustained
write pressure, and measures read latency under varying thread
counts. Additional experimental settings are detailed in Section 5.1.

Figure 3(a) presents the write performance of RocksDB across
configurations. Specifically, RocksDB-RS exhibits 34.9% lower
throughput than the local baseline RocksDB-LS. While WAL dis-
ablement improves performance, yielding 38.4% higher throughput
than RocksDB-RS, it still lags RocksDB-LS by 45.5%, indicating
a persistent network-induced performance gap. For read perfor-
mance, as shown in Figure 3(c), RocksDB-RS shows 1.21X to 1.68X
higher latency than RocksDB-LS with fewer than 16 threads. As
thread count reaches 32, RocksDB-LS saturates local SSD band-
width, causing a sharp latency spike. In contrast, RocksDB-RS
maintains more stable latency due to the greater aggregate band-
width of disaggregated storage. These results confirm that disag-
gregation imposes significant penalties on both write throughput
and read latency. We further analyze the root causes below.

3.1.1 Disaggregation Introduces Network Bottlenecks. Disaggre-
gated storage adds a network layer absent in local SSD access.
While local NVMe SSDs communicate directly over PCle, disaggre-
gated storage incurs network overhead due to remote data access.
Advanced technologies such as RDMA and InfiniBand can signifi-
cantly reduce latency, but they cannot fully eliminate the cost of
network round-trips. In practice, the adoption of RDMA is often
constrained by cross-datacenter or cross-rack network topologies.

Redundancy strategies further exacerbate network overhead. In
ByteDance’s disaggregated storage systems, a multi-replica policy
is typically enforced, and a star-topology write strategy is adopted
to minimize write latency. In this strategy, clients concurrently issue
RPCs to multiple storage nodes without dependencies. However,
individual clients are often limited by their NIC bandwidth (e.g., 25
Gbps), which restricts the efficiency of user data transfer. As shown
in Figure 3(b), under I/O-intensive workloads, the surge in RPC
traffic from replicated writes rapidly saturates the available band-
width of NICs. This saturation leads to increased queuing delays
for subsequent requests, ultimately degrading system throughput.

3.1.2  LSM-Tree Limitations Aggravated by Disaggregation. LSM-
trees achieve high write throughput by leveraging sequential writes
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and accelerating WAL operations through the page cache. Typi-
cally, WAL data is first buffered in the page cache, enabling fast
write acknowledgments while preserving crash consistency. Data
persistence is enforced via sync operations during user writes, sig-
nificantly increasing write latency. In disaggregated architectures,
managing page cache behavior becomes infeasible. As a result, ev-
ery WAL record must be persisted via remote procedure calls (RPCs)
to the disaggregated storage to guarantee durability. This enforces
sync-level durability semantics without explicit synchronization in
write options, but it also introduces substantial network overhead.
The resulting latency increase on the critical write path limits the
effective utilization of disaggregated storage bandwidth.
Moreover, frequent compactions aggravate write amplification,
resulting in I/O contention in local deployments and excessive RPC
traffic in disaggregated environments. Compaction competes for
bandwidth with user requests over limited network bandwidth. As
shown in Figure 3(b), write amplification in disaggregated RocksDB
drives network utilization close to the 25 Gbps limit. This not only
prolongs compaction duration but also intensifies LSM-tree throt-
tling, leading to write stalls and degraded foreground performance.
While disabling WAL can relieve network pressure and temporarily
boost foreground throughput, delayed compactions still cause write
stalls. Consequently, disaggregated deployments continue to suffer
inferior performance compared to their local counterparts.

3.2 Separation: Limited Benefits, Higher Costs

Key-value separation has proven effective in local SSD deployments
by reducing write amplification [12, 24]. However, its effectiveness
in disaggregated storage remains uncertain, as it introduces new
trade-offs between performance gains and storage efficiency.

3.2.1 Limited Performance Benefits. To evaluate the performance
benefits of KV separation in disaggregated architectures, we assess
disaggregated TerarkDB (TerarkDB-RS) with the same setups. As
shown in Figure 4(a), KV separation improves write throughput by
3.8X%, partially offsetting the performance degradation caused by
disaggregation. Nonetheless, a 44.9% gap persists compared to local
TerarkDB (TerarkDB-LS). This is because KV separation does
not eliminate the inherent network overhead of disaggregation.
Frequent RPCs for user writes introduce additional latency, and
NIC bandwidth limitations further constrain throughput. While
KV separation alleviates write amplification, its benefits are partly
negated by remote access costs and network bottlenecks.

3.2.2 Higher Space Costs. KV separation imposes additional stor-
age overhead [17], which becomes particularly problematic in dis-
aggregated environments. Space amplification arises from ineffi-
cient garbage collection (GC) constrained by network latency and
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bandwidth limitations, leading to excessive storage consumption.
Moreover, redundancy mechanisms such as multi-replica storage
further exacerbate the overall storage cost. To quantify these ef-
fects, we preload a 100 GB dataset and apply a rate-limited 200
MB/s update workload over 1800 seconds to simulate sustained
and consistent write pressure. As shown in Figure 4(b), TerarkDB
exhibits a space amplification factor of 1.51% under local configura-
tions (TerarkDB-LS), which increases to 1.96x in disaggregated
deployments (TerarkDB-RS). In contrast, RocksDB maintains a
consistently lower amplification of 1.12X across both environments.
To further understand the causes of space amplification, we
conduct a fine-grained latency breakdown of the key steps in GC.
As shown in Figure 4(c), network overhead accounts for 28.4% and
22.2% of the total GC latency in the read and lookup phases during
GC, respectively. This additional latency extends the duration of GC
cycles, delays space reclamation, and results in the accumulation of
obsolete data, ultimately increasing the overall storage footprint.

4 DESIGN

Terark-DS is a high-performance, storage-efficient key-value engine
that adapts LSM-trees to disaggregated architectures by mitigating
network-induced performance and storage overheads.

4.1 Architecture of Terark-DS

Terark-DS addresses performance and cost challenges in disaggre-
gated LSM-trees by optimizing redundancy, write-ahead logging
(WAL), and garbage collection (GC), as shown in Figure 5. Storage
nodes manage WALS, key SSTs (kSSTs), and value SSTs (vSSTs),
with compute nodes determining data transmission methods.
Built on KV separation, Terark-DS mitigates the network band-
width amplification of traditional LSM-trees by restricting com-
paction to smaller kSSTs. As shown in Figure 5, it employs a dif-
ferentiated redundancy strategy tailored to access patterns of
different files: storage nodes apply quorum-based replication for
WALs, 3-replication for kSSTs, and erasure coding (4:2) for vSSTs,
guided by compute nodes. This design balances performance and
cost by minimizing redundancy-induced transmission overhead.
With bandwidth bottlenecks alleviated, latency becomes a criti-
cal factor limiting LSM-trees’ write performance. Since WAL writes
are serialized, network latency exacerbates write delays. Terark-DS
introduces an adaptive WAL writing strategy, where compute
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nodes dynamically adjust modes based on write group size at com-
mit time, processing small groups sequentially and large groups in
parallel, as shown in Figure 5. This approach improves user-facing
write throughput by parallelizing WAL writes.

Storage cost remains a critical concern for KV-separated LSM-
trees. Terark-DS proposes a network-efficient garbage collec-
tion mechanism, depicted in Figure 5, where compute nodes mini-
mize RPC overhead by reducing round-trips and optimizing data
transfer granularity, accessing storage nodes with on-demand reads,
request batching, and adaptive readahead. This design lowers GC
latency during read and lookup phases, accelerating space reclama-
tion and reducing overall storage consumption.

4.2 Differentiated Redundancy Strategy

Most disaggregated systems adopt a single redundancy strategy. As
discussed in Section 2.3.3, replication and erasure coding (EC) each
offer tradeoffs between performance and cost. Figure 3 shows that
disaggregated RocksDB with 3-way replication suffers severe per-
formance degradation due to write amplification and redundancy-
induced traffic, which saturates the NIC. KV separation alleviates
bandwidth contention but still incurs high storage overhead. EC
can improve space and bandwidth efficiency but undermines query
performance due to its decoding overhead (as Figure 14 shows).

A uniform redundancy strategy overlooks workload heterogene-
ity and fails to exploit the distinct access patterns across LSM-tree
components. KV separation further amplifies these differences: Key
SSTs are small, frequently accessed, and latency-sensitive, whereas
Value SSTs are large, infrequently accessed, and throughput-oriented.
To better balance performance and storage efficiency, we advocate
for a differentiated redundancy design. We begin by characterizing
the access behaviors of each file type in KV-separated LSM-trees.

4.2.1 Access Pattern Analysis. A KV-separated LSM-tree organizes
data into three distinct file types: (1) Write-Ahead Logs (WAL)
for crash consistency, (2) Key SSTables (kSSTs) storing small key-
value pairs and the indexes of large key-value pairs, and (3) Value
SSTables (vSSTs) storing the large key-value pairs. These files
exhibit heterogeneous access patterns:

o WAL Files ensure write durability via append-only logging.
Reads of WAL files are rare and occur only during crash re-
covery via large and sequential I/Os. Once the corresponding
Memtable is persisted, WALs are promptly deleted, resulting
in short lifespans and negligible storage overhead.

o Key SST Files handle fine-grained point reads on cache misses,
covering both small KVs and index lookups for large KVs. They
are also essential for compaction, which involves large sequen-
tial I/Os, and participate in GC validity checks (GC-Lookup),
exhibiting read patterns similar to user queries. Their storage
overhead remains significantly lower than that of Value SSTs.

e Value SST Files store large values, with lower access frequency
and coarser read granularity than Key SSTs. While Value SSTs
are involved in GC with large sequential I/Os, the lower fre-
quency of GC than compaction reduces overall accesses. For
instance, under the YCSB-A workload with a 1:1 mix of small
and large values, Key SSTs are accessed 46.8% more frequently
than Value SSTs. As primary storage for large KV pairs, Value
SSTs dominate total storage usage in KV-separated LSM-trees.
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Distinct access patterns across these file types enable differenti-
ated redundancy strategies, allowing more adaptive trade-offs.

4.2.2  Differentiated Redundancy Strategy. To balance performance
and cost, we apply differentiated redundancy to WALs, Key SSTs,
and Value SSTs based on their distinct access patterns (Figure 6(c)).
Redundancy Strategy for WAL. WAL resides on the critical
write path, with reads occurring rarely during recovery. Given its
small footprint and critical role, Terark-DS employs a quorum-based
replication strategy with star-topology writes for reliability and
performance. In a three-replica setup, a write is committed once per-
sisted on two replicas, with the third updated asynchronously. Read
requests query two replicas for consistency. Unlike leader-based
consensus protocols requiring synchronous majority coordination,
Terark-DS reduces write latency by avoiding centralized control,
while ensuring strong consistency, ideal for write-heavy WALs.
Redundancy Strategies for Key SST and Value SST. Key
SSTs and Value SSTs exhibit different access patterns, necessitating
distinct redundancy policies. We consider three combinations:

o All Replication: Provides optimal read and write performance
due to fast replica access, but incurs high storage costs. The
additional write traffic may saturate the NIC’s bandwidth and
degrade performance in resource-constrained environments.

o All Erasure Coding: Reduces storage cost and network over-
head during write operations, but increases read latency due
to cross-node access and decoding overhead.

e Mixed Replication-EC: Balances performance and cost by
replicating Key SSTs for low-latency lookups while applying
erasure coding to Value SSTs to reduce storage overhead with
slightly higher read latency for infrequent large-value reads.

Key SSTs are involved in every point query, making low-latency
access the primary concern. Given their small storage footprint, 3-
way replication (R3) offers fast access with minimal overhead. In
contrast, Value SSTs store large values, are accessed less frequently,
and typically involve large reads, where storage efficiency is more
critical. Erasure coding (EC) significantly reduces storage over-
head while maintaining acceptable performance for large values.
By applying R3 to Key SSTs and EC to Value SSTs, our design
achieves a principled balance between performance and cost.

Although different redundancy strategies enable flexible trade-
offs between performance and cost, their effectiveness depends
on workload characteristics. Erasure coding suits storage-heavy
workloads with infrequent reads, while replication benefits latency-
sensitive ones with ample resources. As empirical evaluation cannot
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Table 2: Used Notations

Notation Description

Dy Total storage size of Key SST files.
D, Total storage size of Value SST files.
a Key-to-Value SST size ratio (Dy/Dy).
L} Read latency of small I/O under 3-replication (R3).

L£ Read latency of large I/O under 3-replication (R3).
L Read latency of small I/O under EC.
Lé Read latency of large I/O under EC.

K Ratio of EC to R3 read latency for small I/O (L /L}).
K; Ratio of EC-large to R3-small read latency (LL/LS).
p Fraction of queries accessing only Key SSTs.

S Cost-effectiveness of redundancy strategy.

cover the full spectrum of workloads, we develop a quantitative
model to systematically analyze the performance-to-cost efficiency
of various redundancy strategies and guide strategy decisions.

4.2.3 Modeling and Analysis. We define Queries Per Second
(QPS) as the number of read operations completed per second.
To evaluate the cost-effectiveness (S) of a redundancy strategy, we
introduce the QPS-to-storage ratio model:

QPS

5= _ 1/Average Latency
"~ Storage Cost

<7 (1)
orage Cost
We assume sequential request processing (e.g., single-threaded sce-
narios) where QPS is inversely proportional to average latency.
This model focuses on read throughput because SST writes in LSM-
trees are typically large and sequential, resulting in similar write
latencies for erasure coding (Reed-Solomon, RS=4:2) and 3-way
replication (R3). Since query latency dominates strategy selection,
the model incorporates Key/Value SST size ratio, small/large KV
access proportion, and corresponding read latencies for EC- and
R3-based configurations. Table 2 summarizes the model variables.
We evaluate three redundancy configurations, applying 3-way
replication (R3) and erasure coding (RS=4:2) for Key and Value
SSTs. Table 3 summarizes their storage cost, average read latency
(Latgs, Latgc, Latpiy), and cost-efficiency (Srs, Sec, Smix)- Each
latency metric is derived from the weighted sum of small-KV access
latency (from the index LSM-tree) and large-KV access latency
(from separated values), with p denoting the proportion of small-
KV queries. Latencies differ between R3 and EC configurations for
different I/O sizes, with latency terms defined in Table 2.



Table 3: Storage Cost, Average Read Latency and Cost-Efficiency of three redundancy strategies

Strategy Key SST Value SST  Storage Cost Average Read Latency Cost-Efficiency
All Replication R3 R3 3(Dr+Dy)  Latgs=p-LS+(1-p)- (Lﬁ + Lﬁ) Sg3 = m
All Erasure-Code EC EC 15(Dp +Dy) Latpe=p-LE+(1—p) - (Lg + Lé) SEC = A DT
Mixed Replication-EC R3 EC 3Dy +1.5D, Latyix =p-Li+(1—-p)- (Lﬁ + Lé) SMix = m

@ (0=0.05, p=0.5)
A (a=0.001, p=0)
(a=1, p=1)
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Figure 7: Cost-effectiveness Ratio of Mixed R3-EC and All-EC

Mixed R3-EC vs. All-R3. To investigate the advantage of the
Mixed R3-EC strategy over All-R3, we compute the cost-effectiveness
ratio R = Spfix/Srs (Where R > 1 indicates that Mixed R3-EC is
more efficient) based on Equation 1. The ratio is defined as:

l
o Latg 3(0geDy) PP (B1) a4,
Latpgiy 3Dy +1.5Dy pLS+(1-p)- (Lﬁ +L£) 2Dy + Dy

@
Empirical results suggest that large I/O read latencies are compara-
ble under EC and R3 (L. ~ L.). Substituting this into Equation (2),
we simplify R with the Key-to-Value SST size ratio @ = Dy /Dy:
_2(Dg+Dy) _2a+2 3
T 2Dp+D, 2a+1 ®)
Since R > 1holds for Vo > 0, the Mixed R3-EC strategy consistently
outperforms All-R3 in terms of cost-effectiveness. When the Key-
to-Value SST size ratio a approaches zero (i.e., when Key SSTs incur
negligible storage cost), the cost-effectiveness ratio R approaches 2,
indicating that Mixed R3-EC achieves nearly twice the efficiency
of All-R3. Although the benefit diminishes with increasing « (as
storage overhead of Key SSTs increases), Mixed R3-EC remains
strictly more cost-effective than All-R3 for Vo > 0.
Mixed R3-EC vs. All EC. To compare the All-EC and Mixed
R3-EC strategies, we compute the cost-effectiveness ratio R as:

_ Latpe 15(Dg+Dy) L+ (1-p) L) D +D,

" Latyix 3Dk +1.5Dy  [$+(1-p)-LL 2D +Dy

©

We further simplify R using the latency ratios of different I/O
sizes under EC and R3, denoted as K; (Ks = Lj/L}) and K (K; =
Lé /L), along with the Key-to-Value SST size ratio a:

K+ (1-p) K} 1+a
T 1+ (1-p)- K 1+2a

®)
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Although this ratio depends on multiple factors, both K and K;
can be empirically measured. In our setup, we observe Ks = 1.3 and
K; = 1.5. Using these values, we simplify R and visualize the param-
eter space in Figure 7. When the SST size ratio « is small (e.g., below
0.1), common in KV-separated systems, R consistently exceeds 1, in-
dicating that Mixed R3-EC outperforms All-EC in cost-effectiveness.
Figure 7 also presents two representative cases: systems like Wis-
cKey with full KV separation exhibit small ¢ and benefit signifi-
cantly from Mixed R3-EC, while systems like RocksDB, with large
Key SSTs, favor All-EC due to greater storage savings.

Summary. Our analysis demonstrates that Mixed R3-EC gen-
erally achieves superior cost-effectiveness over All-R3 and All-EC,
especially in typical KV separation scenarios with small Key SSTs.

4.3 Adaptive WAL Writing

WAL (Write-Ahead Logging) is essential to LSM-trees and directly
affects write latency. While vanilla LSM-trees buffer WAL writes
for performance, each batch still requires synchronization to ensure
crash consistency [42]. In disaggregated storage, stateless compute
nodes must persist WALs remotely via RPC, incurring higher la-
tency and limiting throughput. To address this, we propose an
adaptive WAL strategy that optimizes batching and dynamically
adjusts parallelism based on workload characteristics, reducing
network overhead while preserving consistency.

4.3.1 Batching and Parallel Execution. The conventional group
commit mechanism amortizes persistence overhead by batching
multiple WAL writes. We enhance this approach by increasing the
batch size (e.g., 512 KB), which reduces the frequency of sync writes
and improves remote bandwidth utilization. This optimization is
particularly effective in KV-separated LSM-trees, where key-value
pairs are inherently larger and more amenable to batching. However,
larger batches alone cannot fully saturate the available bandwidth,
as each commit remains time-consuming and limits throughput.
To address this, we introduce parallel WAL writing by partition-
ing each batch into multiple segments and leveraging client-side
thread pools for concurrent writes. Unlike conventional single-
threaded WAL designs, our approach exploits compute-side abun-
dant CPU resources and the inherent concurrency of disaggregated
storage to accelerate log persistence. However, disaggregated sys-
tems typically enforce single-writer semantics per file to prevent
write conflicts. To overcome this, we introduce sub-WALSs, where
each thread writes its segment to a dedicated file identified by
the parent WAL number and segment ID. Finally, the parent WAL
merges and persists segment metadata to ensure crash consistency.
As shown in Figure 8, the parent WAL maintains a segment map-
ping table recording each segment’s Group ID, Segment ID, Offset,
and Length. Each segment is written to a corresponding sub-WAL
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Figure 8: Adaptive WAL Writing

file by individual threads, enabling parallel writing and expediting
recovery by allowing parallel access to data. It accelerates the write-
critical path and maximizes storage-side parallelism, effectively
reducing the WAL writing latency for disaggregated systems.

4.3.2  Log Buffering and Adaptive Write. For workloads that do
not require persisting WAL synchronously (e.g., MyRocks [43]),
Terark-DS employs a log buffer (default size: 1MB) to hold WAL
writes temporarily. WAL data is persisted only upon buffer overflow
or an explicit flush request, reducing remote I/Os. The log buffer
accumulates more WAL data, making it easy to generate large I/O
writes that are more friendly to remote storage bandwidth. However,
small I/O writes cannot be avoided due to the explicit flush request.

Terark-DS adaptively chooses between serial and parallel WAL
writes based on buffered data size. Our evaluation identifies 16KB as
a practical per-segment threshold that balances remote bandwidth
utilization and thread-scheduling overhead. As shown in Figure 8,
small batches (e.g., Group 1, <64KB) are written sequentially to
minimize latency, while larger batches (e.g., Group 0 and Group
2) are split into four segments and written in parallel to three
sub-WALs and the parent WAL. This mechanism also applies to
synchronous WAL writes, enabling dynamic mode selection even
under consistency constraints. As batch sizes fluctuate, Terark-DS
selects the optimal execution mode, ensuring write latency and
improving storage bandwidth utilization for large groups.

By adapting to workload characteristics at runtime, Terark-DS
achieves low write latency for small-KV workloads and high through-
put for large-KV workloads. In mixed scenarios, it dynamically
balances these objectives, effectively leveraging clients’ parallelism
to ensure both performance and efficiency.

4.3.3  Parallel Recovery and Overhead Analysis. During recovery,
Terark-DS first locates the parent WAL via the MANIFEST file, as
in RocksDB. When encountering partitioned WALs generated by
parallel WAL writes, the process explicitly switches to a parallel
replay mode. Each partitioned record in the parent WAL contains a
segment mapping table with Group ID, Segment ID, offset, and length.
Using this metadata, Terark-DS assigns different segments to multi-
ple workers, which concurrently retrieve their designated sub-WAL
data ranges. Retrieved segments are reassembled in memory accord-
ing to their original order (via Segment ID sequence), reconstructing
the write batches in parallel and accelerating recovery.

The metadata required for parallel replay is minimal. Each seg-
ment mapping entry consists of 2 bytes for the Group ID and Seg-
ment ID, as well as 8 bytes each for the Offset and Length, resulting
in negligible overhead relative to the WAL file size. Since WAL
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files are short-lived and removed once their data is persisted to
disaggregated storage, this metadata does not accumulate.

Summary. Terark-DS reduces WAL write latency through batch-
ing, parallel execution, log buffering, and adaptive writes. Its design
also enables parallel WAL replay during recovery, accelerating sys-
tem restart with negligible runtime overhead.

4.4 Network-Efficient Garbage Collection

While KV separation and prior work enhance write performance,
space amplification remains a critical issue, particularly in disaggre-
gated settings (see Section 3.2). Prior work on TerarkDB targeted
local LSM-trees, reducing GC-induced index rewrites to mitigate
contention with user writes and minimize I/O overhead [17]. In
contrast, our study targets network overhead unique to disaggre-
gated systems, addressing excessive data transfers and round-trips
in GC. We analyze GC communication and data flows, proposing
optimizations tailored for the disaggregated environment.

GC Execution Flow Analysis. Figure 9(a) illustrates the GC
thread execution flow in disaggregated TerarkDB, with three steps:

e GC-Read: Candidate KV pairs (e.g., K1 V1 to K4Vy) are batch-
read from disaggregated storage for validation.

e GC-Lookup: Each candidate is validated by querying its ver-
sion from the remote index LSM-tree. If the version matches,
it is marked as Valid; otherwise, it is considered Invalid.

o GC-Write: Validated pairs (e.g., K1 V1, K3V3, K4Vy) are batched
to new remote storage files, maintaining old-to-new mappings.

Original GC faces two network-specific challenges:

(1) GC-Read transfers excessive invalid KV pairs, with high garbage
ratios exacerbating network bandwidth waste.

(2) GC-Lookup incurs numerous round-trips with per-key probes,
while network latency prolongs the execution time.

Therefore, reducing both network bandwidth waste and round-trips
is critical for efficient GC in disaggregated environments.
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4.4.1 On-Demand Value Fetching. To reduce bandwidth waste of
invalid KV pair transfers (Challenge 1), we propose On-Demand
Value Fetching, which extends prior local GC techniques to dis-
aggregated storage. By further separating keys and values within
each value SST, we aggregate keys in the index block naturally,
enabling GC-Read to batch-load candidate keys directly without
redundant key storage. GC-Lookup then validates these keys and
fetches values of valid entries, avoiding unnecessary transfers for
invalid values. As Figure 9(b) shows, it reduces bandwidth waste
but introduces a new challenge: each valid key necessitates an RPC
to retrieve its value, significantly increasing round-trips.

To reduce network round-trips during on-demand value fetch-
ing, batch loading is essential. However, the original GC-Lookup,
tailored for local storage, issues independent per-key queries in
a serialized fashion. This serialization leads to strictly sequential
value reads, significantly increasing the network round-trips of GC-
Read under disaggregated environments. We address this limitation
by enabling batched and localized GC-Lookup, allowing batch value
retrievals that reduce round-trips and mitigate Challenge 2.

4.4.2  Batched and Localized GC-Lookup. To minimize network
overhead in GC-Lookup, we propose Batched and Localized GC-
Lookup, which executes index queries on compute nodes without
maintaining persistent state. As index data is typically small, it
can be fully cached in memory, enabling GC-Lookup to execute
locally without network round-trips and also accelerating large-
KV foreground queries. To enable efficient batched execution of
GC-Lookup, we introduce the Flat Index Cache to reduce cache
contention and improve CPU cache locality under heavy load. It
organizes keys and index entries for large KVs into separate con-
tiguous memory regions, allowing GC-Lookup to first scan the key
region to collect all offsets and then fetch index entries in bulk,
improving spatial locality and cache efficiency. The cache shares
allocated memory with the native block cache and remains read-
only; thus, node failures only cause warm-up delays commensurate
with existing cache capacity, consistent with general scenarios.
For GC executed by dedicated workers, Terark-DS maintains an
auxiliary LSM-tree, the Invalid Tree, which records keys deemed
obsolete during compaction. Unlike the full index LSM-tree that
serves live queries, the Invalid Tree contains only a small subset
of keys with no associated values and is updated exclusively by
background compaction. GC-Lookup uses this structure to verify
validity via a single RPC request, substantially reducing network
overhead. By restricting the query scope to a compact metadata
index, the Invalid Tree is well-suited for offloaded GC operations.

4.4.3 Adaptive Readahead. Building on batched and localized GC-
Lookup, we propose Adaptive Readahead to further reduce net-
work round-trips during the value retrieval phase of GC-Read.
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Terark-DS loads candidate keys in batch and determines their valid-
ity via GC-Lookup, producing a global validity bitmap. This bitmap
enables efficient identification of contiguous valid data regions.
However, fragmentation may still increase the IOPS during value
fetching, which results in numerous network round-trips.

Adaptive Readahead incrementally merges adjacent valid data
intervals, coalescing those separated by less than 16KB when the
resulting window maintains at least 80% valid entries. These merges
generate aggregated request windows that expand until reaching a
2MB upper bound, chosen both to provide a bandwidth-efficient
access granularity for remote storage systems and to align with
the default compaction readahead size [44]. Although most win-
dows are smaller in practice, this cap balances network efficiency
and retransmission overhead. By consolidating fragmented regions
into larger contiguous blocks, Adaptive Readahead decreases the
number of network round-trips required during GC-Read.

Figure 10 illustrates an example. The client or worker initiates
GC-Read by retrieving candidate keys (K;-K3), transmitting only
keys to conserve bandwidth. Validity is resolved via localized GC-
Lookup using compute-side Flat Index Cache or the compact Invalid
Tree, with remote accesses incurred only on cache misses or initial
loads. Batched and localized GC-Lookup yields a validity bitmap,
which guides the merging of adjacent data regions. In Figure 10,
K;-K5 is merged due to a high post-merge validity ratio, avoiding
a separate request for fragmented K; V7. Consequently, two value-
fetch requests are issued, V1 -V5 and V;-V3, eliminating unnecessary
transfers (e.g., V) and substantially reducing network overhead.

Summary. As Figure 9(c) shows, network-efficient GC mini-
mizes per-GC overhead by transmitting only necessary data and
reducing round-trips during GC-Read and GC-Lookup, collectively
accelerating execution of GC and enhancing storage efficiency.

5 EVALUATION

5.1 Setup

Testbed. We deploy ByteDance’s disaggregated storage system
across six storage nodes, each with dual Intel Xeon Platinum 8336C
CPUs, three Intel SSDs (SSDPF2KX019T1M), and one 25 Gbps Mel-
lanox ConnectX-5 IB RNIC. All nodes run Debian 10 with Linux
kernel 5.4. Among them, three nodes act as MetaServers responsible
for metadata management, while all six nodes serve as ChunkServers
handling data reads and writes. The workload generator is deployed
on a separate node with identical hardware specifications.

Workloads. We evaluate three representative workloads: (1)
Mixed-8K: a 1:1 mix of small and large key-value pairs, where
small values (100-512B, uniformly distributed) stem from incremen-
tal updates and large values (16 KB) correspond to data pages. It
aligns with practical cloud-native database scenarios at ByteDance
[29]. (2) Fixed-16K: uniformly large KV pairs (e.g, fixed 16KB),
typical of feature store and state storage workloads [6]. (3) Pareto-
1K: variable-length values following a generalized Pareto distribu-
tion [45, 46], dominated by small and medium sizes, representative
of filesystem metadata workloads [47]. Unless otherwise stated,
each experiment initializes a 100 GB dataset, followed by 300 GB
of UPDATEs, 100 GB of READs, and 40 million SCANs with scan
lengths uniformly distributed between 2 and 1000.
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Parameters. Following the tuning guide [48], we standardize
configurations across all evaluated systems. The key-value sep-
aration threshold is 512 B. Each instance maintains up to four
Memtables (128 MB each). Value SSTs are capped at 256 MB, and
Key SSTs at 128 MB. Bloom filters use 10 bits per key, with a 1 GB
block cache (1% of dataset size). Systems are provisioned with 32
foreground threads for user operations and 16 background threads
for internal tasks. All other LSM-tree parameters remain default.

Baselines. For fairness, all evaluated systems are deployed
atop ByteDance’s disaggregated storage. We modify RocksDB
to support the disaggregated environment and integrate BlobDB
[15] to evaluate KV separation. Additionally, we compare against
the unoptimized version of TerarkDB. Unless otherwise stated, all
baselines adopt 3-way replication (R3). Configurations suffixed
with -EC employ Reed-Solomon (RS=4:2) erasure coding.

5.2

We first evaluate the throughput of fundamental operations, includ-
ing Insert, Update, Read (point query), and Scan (range query),
across various workloads, as shown in Figure 11.

Insert. Terark-DS exhibits the most significant improvement in
insert operations, achieving 2.72x-6.70x the throughput of RocksDB.
Its performance benefits stem from two factors: (1) KV separation
reduces write amplification, also boosting the write throughput
of BlobDB and TerarkDB by 2.19x-4.31X. (2) Optimized redun-
dancy and adaptive WAL writing further improve Terark-DS by
20.4%—-63.9% over other KV-separated LSM-trees.

To further investigate the performance gains of Terark-DS, we
profile network bandwidth usage for insert operations under the
Mixed-8K workload, as shown in Figure 12. KV-separated BlobDB
reduces average network bandwidth by 28.3% compared to vanilla
RocksDB. By breaking down outbound traffic into foreground and
background operations, we observe that KV separation shifts band-
width usage from compaction to user requests. Terark-DS exhibits
37.6% higher flush bandwidth than TerarkDB under similar overall
network usage, contributing to its higher throughput.

Update. Terark-DS achieves significant improvements for up-
date operations, delivering 2.10x-6.02X the throughput of RocksDB
and outperforming other KV-separated LSM-trees by 21.3%-62.6%.

Microbenchmark
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Compared to Insert operations, the benefits are partially offset by
increased GC activity in update-intensive workloads, which com-
pete for network bandwidth with foreground writes. Despite this
contention, Terark-DS maintains a stable performance advantage.

Across workloads, Terark-DS achieves the largest performance
gains under Fixed-16K, while improvements under Pareto-1K are
less pronounced. In Fixed-16K, large KV pairs fully exploit the ben-
efits of KV separation, redundancy optimization, and adaptive WAL
writing, maximizing disaggregated bandwidth utilization and accel-
erating writes. In contrast, Pareto-1K, characterized by small I/O
sizes and higher write amplification, sees diminished advantages.

Read. For point queries, RocksDB, BlobDB, and TerarkDB show
comparable performance. Though Terark-DS stores Value SSTs
with erasure coding, it offsets potential network and I/O overhead
through differentiated redundancy and index caching, eliminating
extra RPCs for index lookup. As a result, Terark-DS improves read
throughput by 32.1% under Mixed-8K and 25.7% under Pareto-1K.

Scan. For range queries, KV-separated LSM-trees perform simi-
larly to RocksDB in large-value workloads (Mixed-8K, Fixed-16K).
However, in small-value Pareto-1K, weakened value locality from
KV separation results in degraded scan performance, as reported
[25]. Nevertheless, Terark-DS introduces no additional regressions
and performs comparably to other KV-separated LSM-trees.

5.3 YCSB

To evaluate performance across diverse workload patterns, we em-
ploy YCSB [49], a widely adopted framework for benchmarking
key-value stores, covering a range of read-write distributions and
access patterns. The results are shown in Figure 13.

Large-Value Workloads (Mixed-8K and Fixed-16K). Terark-
DS delivers the highest throughput under large-value workloads,
especially in write-intensive cases like YCSB-A and YCSB-F. Under
Fixed-16K, Terark-DS outperforms unoptimized TerarkDB by 45.2%
and shows far greater advantages over BlobDB under YCSB-A. No-
tably, BlobDB experiences severe foreground stalls in YCSB-A due
to blob rewrites during compaction, reducing its throughput to the
level of RocksDB. In read-intensive workloads, Terark-DS enhances
point query performance via index caching while maintaining sim-
ilar range query performance to other baselines.
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Small-Value Workloads (Pareto-1K). For small-value work-
loads, Terark-DS achieves 14.4%-44.1% higher throughput than
other KV-separated LSM-trees on most workloads, except for the
scan-intensive YCSB-E. AWhile the gains are smaller than in large-
value workloads, Terark-DS consistently leads KV-separated base-
lines. In YCSB-E, its throughput falls behind non-separating RocksDB
but remains competitive with other KV-separated designs, consis-
tent with our earlier microbenchmark analysis of scan performance.

5.4 Features

To validate the effectiveness of each optimization proposed in
Terark-DS, we evaluate their individual contributions.

5.4.1 Differentiated Redundant Strategy. To validate the effective-
ness of the differentiated redundancy strategy, we evaluate Ter-
arkDB under three redundancy configurations: All-R3 (TDB-R3),
All-EC (TDB-EC), and the proposed differentiated redundancy
strategy (TDB-DR). The results are presented in Figure 14.

Write (Insert and Update). TDB-DR improves throughput by
22.7%-32.0% over TDB-R due to two key factors: (1) using EC for
Value SSTs reduces network overhead (as in TDB-EC), contributing
12.0%—-21.7% improvement; and (2) quorum-based WAL replica-
tion accelerates user writes. These benefits are more evident in
large-value workloads where EC reduces more network traffic. The
corresponding bandwidth trends are illustrated in Figure 17(a).

Read. TDB-EC suffers 12.9% and 15.2% throughput degradation
under Mixed-8K and Pareto-1K due to high small-KV ratios, where
EC introduces higher latency for small I/Os. In contrast, TDB-DR
preserves read performance by applying R3 to Key SSTs, which hold
latency-sensitive small KVs, maintaining throughput close to TDB-
R. These findings align with our analysis in Section 4.2.3. As further
shown in Figure 17(b), EC also incurs additional CPU overhead and
increases network bandwidth usage due to read amplification.

Scan. While TDB-DR maintains stable scan performance under
large-value workloads (Mixed-8K and Fixed-16K), it degrades under
Pareto-1K due to EC overhead on small-value scans. Fortunately,
Terark-DS mitigates this limitation with the dedicated Flat Index
Cache, yielding moderate improvements in both microbenchmarks
and YCSB-E, as shown in Figure 11 and Figure 13.

5.4.2  Adaptive WAL Writing. To evaluate the impact of adaptive
WAL writing, we conduct experiments focusing on insert opera-
tions, as WAL write latency directly influences write throughput,
with update operations exhibiting similar behavior. All experiments
build upon the TDB-DR configuration discussed previously.

As shown in Figure 15(a), adaptive WAL writing improves write
throughput by 6.1%-19.6% under large-value workloads, with the
most notable gains observed in Fixed-16K. For small-value work-
loads (Pareto-1K), throughput shows negligible changes as WAL

Insert Update Read
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writing automatically falls back to serial mode. Meanwhile, WAL
latency is reduced by 5.1%-17.4% under large-value workloads, and
by 3.1% for small ones. A breakdown of batch sizes reveals that
larger average batch sizes (263 KB in Fixed-16K vs. 135 KB in Mixed-
8K) correlate with higher performance benefits, whereas 16.9KB
batch size under Pareto-1K explains its limited improvements.

We further evaluate performance under log buffering, as shown
in Figure 15(b). Compared to group commit, it improves write
throughput by 29.8% for large-value workloads and up to 134% for
small-value workloads. Moreover, enabling adaptive WAL writing
further yields an additional 9.5% improvement, even under Pareto-
1K. However, its relative benefit is smaller than group commit, as
WAL latency becomes a less dominant factor.

5.4.3 Network-Efficient Garbage Collection. To evaluate the effec-
tiveness of network-efficient GC, beyond the read performance
optimizations discussed in the microbenchmarks, we primarily fo-
cus on its impact on storage efficiency. To ensure a fair comparison,
we first load a 100 GB base dataset and then perform continu-
ous throttled update operations, limiting 200 MB/s for large-value
workloads (Mixed-8K and Fixed-16K) and 100 MB/s for small-value
workloads (Pareto-1K) to maintain stable pressure. Each experi-
ment runs for 1800 seconds, after which we measure the actual
storage consumption. We evaluate these metrics across various KV
sizes under both R3 and EC redundancy strategies. Additionally,
we introduce DR+AW, which represents TerarkDB with differenti-
ated redundancy and adaptive WAL writing enabled, but without
network-efficient GC. By comparing DR+AW with Terark-DS, we
isolate and quantify the contribution of network-efficient GC.
Figure 16 illustrates the actual storage usage of three baselines
(RocksDB, BlobDB, and TerarkDB) under R3 and EC redundancy
strategies. Under the R3 strategy, Terark-DS achieves the lowest
storage usage across all workloads, reducing storage by 30.4%-40.1%
compared to non-separated RocksDB and 51.9%-77.3% compared
to KV-separated BlobDB and TerarkDB, benefiting from EC for
Value SSTs and network-efficient garbage collection, which also
reduces storage by 12.0%-28.1% compared to Terark-DS without
GC optimization (+DA+AW). Under the EC strategy, Terark-DS
reduces storage overhead by 7.9%-28.4% compared to BlobDB-EC
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and TerarkDB-EC, while delivering superior performance. Com-
pared to RocksDB-EC, Terark-DS incurs higher storage usage due to
delayed value data reclamation, but this tradeoff yields significant
performance gains, such as 3.43X Insert and 1.43x Read throughput
under Mixed-8K, enhancing overall cost-effectiveness.

5.5 Cost Analysis

CPU and Network Overhead. We evaluate the network and CPU
overhead of key features using TerarkDB with different redundancy
strategies (R3, EC, and DR), TDB-DR-AW (+AW, with adaptive
WAL writing), and Terark-DS (+NG, with Network-efficient GC),
under the Mixed-8K workload. CPU usage encompasses both com-
pute and storage nodes, where storage node utilization ruled out
I/O polling threads per disk. As shown in Figure 17, DR incurs
lower CPU overhead than EC while maintaining similar network
usage. Combined with the Figure 14(a) results, it provides a better
cost-performance trade-off as a compromise between EC and R3.
Adaptive WAL writing leverages abundant client-side CPU to ac-
celerate foreground writes, adding 0.41 cores of overhead on the
client with minimal impact on storage nodes. Network-efficient
GC reduces overall CPU overhead by 0.54 cores compared to AW
under update workloads owing to diminished GC costs. Conversely,
it incurs an extra 0.97 cores under read workloads, trading off for
improved read performance via enhanced index caching.

Cost Summary. As shown in Table 4, we summarize storage
and computational costs across all evaluated systems. Storage cost
is calculated based on the pricing of local SSDs (as actually used in
ByteDance’s disaggregated storage) [50], assuming data is retained
for one month and charged per GB. Computational cost is measured
by profiling CPU usage during 300GB of update (Put) and read (Get)
operations via our microbenchmark setup. Terark-DS incurs only
slightly higher storage cost than EC-based RocksDB, outperform-
ing all other systems thanks to its differentiated redundancy and
network-efficient GC. It also achieves the lowest compute cost for
both Put and Get due to KV separation, adaptive WAL writing,
and differentiated redundancy strategy. Overall, Terark-DS demon-
strates the lowest total cost, effectively reducing the combined cost
by 22.7% to 58.6% compared to other LSM-tree designs.

6 RELATED WORK

Disaggregated databases. Disaggregation addresses limitations
of monolithic databases by decoupling storage and computation re-
sources. Systems such as Snowflake [51], Aurora [18], and PolarDB
[19] utilize disaggregation to achieve improved scalability, elasticity,
and resource efficiency. These systems primarily focus on architec-
tural optimizations, employing techniques such as log-structured
storage, multi-version concurrency control, and fine-grained data
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Table 4: Cost Summary (USD)

Redundancy KVS Storage  Put Get Total
RocksDB 0.3788 0.5760 0.0364 0.9912

R3 BlobDB 0.7323  0.1933 0.0368 0.9625
TerarkDB  0.6749  0.1830 0.0361 0.8940

EC RocksDB 0.1920 0.3822 0.0460 0.6202
(RS-4:2) BlobDB 0.3253  0.1582 0.0479 0.5313
TerarkDB  0.3250 0.1627 0.0480 0.5358

DR Terark-DS  0.2329  0.1453 0.0323 0.4106

access to improve compute-storage interactions, while leaving stor-
age engine-specific challenges less explored. Nevertheless, the ar-
chitectural principles and lessons learned from these disaggregated
database systems provide valuable insights for building efficient
disaggregated LSM-tree storage engines.

Disaggregated LSM-trees. Recent efforts extend disaggregation
to storage engines by decoupling computation from storage while
retaining the core benefits of LSM-trees. RocksDB-Cloud [52] and
Disaggregated RocksDB [20] adapt RocksDB for multi-tiered cloud
storage through parameter tuning and policy refinement but retain
the monolithic LSM-tree design without KV separation, leading to
severe write amplification and network overhead. NovaLSM [34]
and HailStorm [53] target multi-instance scalability and load bal-
ancing via partitioning and remote compaction. However, their
client-side partitioning and reliance on local file systems may com-
plicate deployment and limit optimization in fully disaggregated
storage. Terark-DS, by comparison, optimizes a single LSM-tree
instance for performance and cost efficiency on disaggregated stor-
age. MirrorKV [22] incorporates KV separation and partitioning
but fails to adequately address write amplification and storage cost.
In contrast, Terark-DS employs KV separation to reduce write am-
plification, differentiated redundancy strategy to lower network
cost, adaptive WAL writing to improve write performance under
diverse workloads, and network-efficient GC to control storage
overhead. Caa$ [21] and SAS-Cache [54] address cache persistence
and remote compaction scheduling, which are orthogonal to our
objectives of improving write efficiency and reducing storage cost.

7 CONCLUSION

We present Terark-DS, a high-performance and storage-efficient KV-
separated storage engine tailored for disaggregated architectures.
Terark-DS mitigates write amplification through KV separation,
reduces network overhead and enhances write performance via
differentiated redundancy strategies and adaptive WAL writing,
and lowers storage costs with network-efficient garbage collection.
By balancing performance and storage efficiency in disaggregated
LSM-trees, Terark-DS consistently outperforms existing solutions.
Experimental evaluations demonstrate its effectiveness as a robust
and cost-efficient solution for disaggregated storage engines.
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