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ABSTRACT
While ByteDance’s database infrastructure continues to serve
bursty user traffic, emerging large-scale interactive applications
generate increasingly write-intensive workloads spanning all
stages of the data lifecycle. In production environments, we
observe that these workloads are consistently bottlenecked by a
common write-path inefficiency rooted in cache-miss-induced
remote page fetches. In compute-storage disaggregated archi-
tectures, such remote page accesses introduce substantial I/O
latency that dominates write performance. To address this
bottleneck, we propose Write Operation Pushdown (WOP), a
framework that eliminates Fetch-Before-Write (FBW) from the
write path by pushing eligible writes to the storage layer for
asynchronous execution. WOP leverages the redo-flush path
to push down write operations and enhances the storage layer
for semantic-aware execution. WOP supports high pushdown
capacity with minimal memory footprint through Lightweight
Metadata Tracking. WOP preserves correctness and consistency in
distributed deployments via carefully designed mechanisms. To
prevent read stalls introduced by asynchronous execution, WOP
integrates a Fetch-After-Write (FAW) optimization with localized,
on-demand replay. Across production workloads, WOP achieves up
to 3.33× throughput improvement. On synthetic benchmarks, WOP
improves throughput by up to 6.7× and reduces average latency by
up to 85.2%. These results show that WOP significantly enhances
write efficiency in industrial-scale workloads while preserving
correctness in disaggregated deployments.
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Figure 1: Architecture of ByteNDB

1 INTRODUCTION
ByteDance operates a large ecosystem of applications—including
short-video platforms (e.g., Douyin, the Chinese version of TikTok),
news apps (e.g., Toutiao), advertising systems, e-commerce services,
and financial platforms—that require storing and accessing massive
volumes of structured data. These applications exhibit several dis-
tinctive workload characteristics: (1) rapid data growth at petabyte-
to-exabyte scale, (2) highly bursty access patterns driven by social
events and promotional campaigns (e.g., Double 11, Chinese New
Year), where traffic can surge to 10×−100× of normal volume. Such
workloads impose stringent requirements on scalability, elasticity,
and cost efficiency for the underlying Online Transactional Pro-
cessing (OLTP) database infrastructure. Similar to prior systems
such as Aurora[36], Socrates[4], and Taurus[12], we developed
ByteNDB[6][34], a shared-storage, compute-storage disaggregated
OLTP database designed to accommodate the above characteristics.
As illustrated in Figure 1, ByteNDB separates compute nodes and
storage nodes. Compute nodes process queries while storage nodes
are responsible for data persistence. The two tiers communicate
over the network. This architecture effectively accommodates ex-
plosive data growth and traffic bursts by elastically provisioning
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compute nodes, while maintaining durable and scalable storage at
the backend. We will introduce ByteNDB’s architecture design in
detail in §2.2.

In recent years, the rapid expansion of emerging businesses such
as e-commerce and live streaming[17][11] has further intensified
the demands placed on our database infrastructure. These appli-
cations generate massive volumes of fine-grained transactional
writes (e.g., order placements, payment confirmations, and gifting
events). As these services scale, such write traffic constitutes an
increasing share of the workload, making write-path efficiency a
critical requirement for the database infrastructure. However, un-
der ByteNDB’s compute-storage disaggregated architecture, we
observe that these writes suffer from severe write-path ineffi-
ciencies. The root cause lies in the traditional Fetch-Modify-Write
(FMW) paradigm used by 𝐵+ Tree-based storage engines. Specifi-
cally, upon cache miss, pages must be fetched into the buffer pool
before updates can be applied. This Fetch-Before-Write (FBW) is
particularly costly in compute-storage disaggregated architectures,
where even a small write requires synchronously fetching the en-
tire page from remote storage over the network. Consequently,
it introduces substantial network round-trip time (RTT) and I/O
bandwidth consumption.

This inefficiency manifests across all stages of the data lifecycle
(§3.2). In the write-heavy ingestion and archiving stage, the high
volume of writes forces the system to fetch a large number of re-
mote pages, amplifying network overhead. In the online serving
stage, the problem is exacerbated by schemas with many secondary
indexes, where a single logical transaction may trigger multiple
independent, non-contiguous page fetches. To further validate the
pervasiveness of this inefficiency, we conducted an extensive anal-
ysis of production workloads that exhibit performance degradation
and found the same FBW amplification pattern. There are a few
existing approaches that attempt to mitigate FBW overhead in the
monolithic databases[24]; however, they exhibit inefficiency under
ByteDance’s extremely high-QPS workload scenario and struggle
to guarantee consistency in distributed deployment (§3.3, §3.4).
Our Approach. To solve the write-path inefficiency, we propose a
Write Operation Pushdown (WOP) framework for shared-storage,
compute-storage disaggregated databases. WOP redesigns the write
path by pushing eligible writes to the storage layer and executing
them asynchronously, thereby removing FBW from the critical
path of write operations. WOP reuses ByteNDB’s redo-flush path
to push down write operations and enhances the storage layer for
semantic-aware execution. To enable effective pushdown, we intro-
duce a Lightweight Metadata Tracker (LMT) that maintains only
the minimal metadata required for eligibility checks. To guarantee
data consistency, we design a set of consistency-preserving mecha-
nisms in both single-node and distributed settings. Finally, to avoid
introducing read stalls from asynchronous execution, we integrate
a Fetch-After-Write (FAW) optimization mechanism. Even in adver-
sarial scenarios where a page is accessed right after a pushed-down
write, FAW optimization preserves the performance of that access.
Results.We evaluate WOP using both production and synthetic
workloads, reporting end-to-end throughput and latency. On pro-
duction workloads, WOP achieves up to 3.33× throughput improve-
ment. On four representative synthetic write workloads, WOP im-
proves throughput by up to 6.7× and reduces average latency by

up to 85.2%. Our results further show that LMT enhances push-
down effectiveness by enabling more eligible writes to be pushed
down. WOP remains robust across varying memory configurations
and index counts, effectively mitigates Fetch-After-Write stalls, and
preserves—often slightly improves—concurrent read performance.
Contribution. This work makes the following contributions:

• We identify the pervasive write-path inefficiencies under the
compute-storage disaggregated architecture, and quantify their
impact on end-to-end performance. (§3.2)

• Write Operation Pushdown (WOP) Framework. We re-
design the write path in disaggregated databases and build the
first end-to-end WOP framework (§4.1, §4.2).

• Lightweight Metadata Tracking. We design a lightweight
metadata tracker that records only the minimal metadata
needed for eligibility checks. (§4.3)

• Consistency Safeguards for Asynchronous Pushdown.We
design a set of consistency-preserving mechanisms for WOP in
both single-node and distributed settings. (§4.4)

• Fetch-After-Write (FAW) Optimization. We introduce an
FAW optimization that targets the worst-case Fetch-After-Write
scenarios, which significantly reduces read stalls. (§4.5)

• We conduct comprehensive experiments on both synthetic and
production workloads and demonstrate up to 6.7× throughput
improvement and 85.2% average latency reduction on write-
intensive workloads. (§5)

2 BACKGROUND
2.1 Shared-nothing and shared-storage

architectures
In the landscape of distributed database systems, two primary ar-
chitectural paradigms have emerged: shared-nothing and shared-
storage architectures. In Shared-nothing databases (e.g., Google
Spanner[10], TiDB[14], CockroachDB[35]), data is horizontally par-
titioned (sharded) across nodes using hash or range strategies,
with each node maintaining full authority over its respective par-
titions. Their performance is highly sensitive to the partitioning
scheme; suboptimal sharding can trigger expensive cross-partition
operations and complex distributed transactions. Shared-storage
databases (e.g., Amazon Aurora[36], ByteNDB[6][34], PolarDB[8]),
conversely, share data storage across compute nodes. The stor-
age tier remains largely semantic-oblivious, acting as a persistent
provider of physical pages. Under this architecture, compute nodes
must fetch required pages from remote storage into a local buffer
pool for computation. Consequently, network I/O becomes the pri-
mary bottleneck, particularly under write-heavy or random-access
workloads where frequent page transfers significantly limit system
throughput. In this paper, both the problem we study and the solu-
tion we propose are based on a shared-storage, compute-storage
disaggregated database architecture.

2.2 ByteNDB architecture
ByteNDB is a high-performance, disaggregated relational database
developed by ByteDance, specifically optimized for cloud-native
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Figure 2: Shared storage vs Shared nothing architecture

environments and OLTP workloads. Following the ‘Log is the Data-
base’ paradigm[36], ByteNDB employs a shared-storage architec-
ture (Figure 1) where only the redo log—representing physical data
changes—is materialized. This design minimizes the need for fre-
quent full-page flushes and significantly reduces network I/O load.

Compute Layer. The compute layer consists of database engine
instances responsible for SQL execution, transaction management,
and buffer pool maintenance. ByteNDB distinguishes between Read-
Write (RW) and Read-Only (RO) compute nodes. The RW node han-
dles all write transactions; when all redo logs of a transaction have
been persisted to the Log Store, the transaction can be successfully
committed. RO nodes maintain local consistency by subscribing to
the redo log stream (either from the shared storage or directly from
the RW node) and replaying logs to refresh their local buffer pool
state. To guarantee reliability, ByteNDB utilizes a hybrid replication
scheme: intra-datacenter nodes that share a single storage volume
utilize redo-based replication (physical replication), while inter-
datacenter standbys utilize logical binlog replication to provide
cross-region high availability.

Storage Layer. To address the diverging I/O characteristics of
log records and data pages, ByteNDB physically decouples its stor-
age layer into two specialized components: (1) Log Store: A high-
throughput, distributed append-only system built on blob storage. It
serves as a durable source of truth for all system changes, ensuring
low-latency persistence for incoming redo logs. (2) Page Store: A
versioned page management system that continuously accepts redo
logs from the Log Store. It performs ‘log-to-page’ materialization,
applying incremental changes to maintain up-to-date versions of
data pages. The Page Store is optimized for random page access,
supporting efficient reads for compute nodes.

3 MOTIVATION
3.1 Limitations of conventional write path for

B+ tree-based systems
Conventional write path in MySQL-like systems typically follows
a Fetch-Modify-Write (FMW) pattern: to update a data page
that does not reside in the buffer pool, the system first fetches
the full page into the buffer pool (Step 1○ in Figure 3), applies in-
place changes and generates a redo log (Step 2○), and subsequently
writes the redo log back to persistent storage (Step 3○). When the
storage acknowledges the write, the transaction is committed (Step
4○). While effective in monolithic databases, this pattern incurs
high overhead in disaggregated architectures due to remote page
accesses. Key limitations include:

Page Store #1 Page Store #2 Page Store #N
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Log Store
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Replica DB 
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Figure 3: Conventional write path in MySQL-like systems

(1) Firstly, remote page reads introduce high latency. As Figure 3
shows, every write that targets a page that does not reside in the
buffer pool requires the full page (16KB for MySQL[26], 8KB for
PostgreSQL[29]) to be fetched over the network. This remote
access latency can potentially become a dominant performance
bottleneck, especially under write-intensive workloads.

(2) Secondly, full-page reads are often unnecessary. Many
workloads—such as fine-grained Data Manipulation Language
(DML) operations or metadata updates (e.g., transaction
commit number updates)—modify only a small fraction of
a page. Nevertheless, the system must fetch the entire page.
We quantify this mismatch by comparing the redo log (which
carries the modifications) bandwidth to the write throughput.
For example, when redo traffic sustains 10 MB/s under 5K write
operations per second, each write generates approximately
2KB modifications on average. Given a 16KB page size, this
corresponds to updating only about 12.5% of a page per
operation. Across different workload stages (Ingestion, Serving,
Archiving, §3.2), the average modification ratio remains
similarly low, approximately 29% during ingestion, 25% during
serving, and 31% during archiving, indicating that a substantial
portion of fetched page data is never modified. Furthermore,
these full-page fetches are particularly wasteful when modified
pages exhibit low temporal locality, as commonly observed in
archival workloads.

(3) The page loaded by the Fetch-Before-Write (FBW) pollutes the
buffer pool and may trigger repeated I/O. Under the FMW para-
digm, each write operation brings its target page into the buffer
pool; such pages pollute the buffer pool and displace other use-
ful pages that would otherwise benefit from caching. When
these evicted pages are accessed, they must be re-fetched from
the storage layer, triggering additional remote I/O.

(4) Finally, compute nodes waste substantial memory, CPU cycles,
and I/O bandwidth waiting for pages to be fetched, instead of
executing user queries, causing significant resource inefficiency.
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3.2 Data Lifecycle
In modern Cloud-Native Database Management Systems (DBMS),
data typically undergoes a lifecycle that consists of three stages:
Ingestion stage: Large volumes of data are ingested into the DBMS
from heterogeneous external sources. This phase requires massive
batch writes to establish the initial state. Serving stage: Data is
actively accessed by different user applications. To meet stringent
latency requirements for downstream queries, a space-for-time
strategy is usually adopted by maintaining numerous secondary
indexes for user queries[28]. Archiving stage: To prevent un-
bounded storage growth and optimize storage costs, we employ
a data archival strategy in which obsolete data are periodically
permanently deleted or offloaded from high-performance online
storage to low-cost, high-latency media (e.g., object storage). This
archival process generates deletion-heavy workloads that trigger
extensive page updates. All three stages are affected by the write
inefficiency rooted in the FMW pattern.

Remote page reads dominate ingestion latency. During the
initial data ingestion phase, the system must establish a large per-
sistent state through sustained batch insertions. In our experiments,
importing 1 billion records into a table with 2 secondary indexes
required several days, leading to a poor user experience. As shown
in Table 1, each INSERT statement (3,180 records, average record
size 0.3KB) exhibits a latency of 290–790 ms. A detailed breakdown
reveals that only 120–140 ms is spent on computation, whereas
170–650 ms is attributed to page I/O, indicating that ingestion is
predominantly network-I/O bound. Further analysis of network
I/O shows that each INSERT triggers 500–1500 page reads. The
base table accounts for only about 60 page reads, while secondary
index maintenance contributes 450–1400 page reads, dominating
the I/O footprint. These results indicate that remote page reads—
particularly those caused by scattered secondary index pages—
constitute the primary bottleneck during ingestion.

These excessive page reads arise from the FMW paradigm (§3.1).
During each insert, the engine must fetch each target page into the
compute node before applying modifications. In a compute–storage
disaggregated architecture, this requirement translates into a large
number of remote page fetches over the network. The effect is
amplified for secondary indexes, whose entries are physically scat-
tered across the key space, causing a single INSERT to touch many
independent pages, thus bottlenecking the performance.

Table 1: Breakdown of execution of one INSERT statement.

Metric Value
Number of Records 3,180
Average record size 0.3 KB
Secondary index entry size (2 indexes) 0.05 KB
End-to-end latency 290 ms – 790 ms
Non-I/O latency 120 ms – 140 ms
Total I/O latency 170 ms – 650 ms
Single page read latency 300 𝜇s – 500 𝜇s
Total page read count 500 – 1,500
Base table page reads ≈ 60
Secondary index page reads 450 – 1,400

Secondary index multiplicity makes writes network-I/O
bound during serving. User-facing workloads usually impose
strict latency requirements for the serving phase. To meet these
requirements, systems aggressively deploy multiple covering sec-
ondary indexes to eliminate base-table lookups, thus accelerating
critical query paths. For example, an advertising delivery system
may need to support more than 10 multidimensional queries
over campaign data, including filtering by time range, advertiser,
campaign status, marketing objective, or associated product
ID. Supporting these access patterns efficiently often requires
maintaining several specialized secondary indexes. While effective
for reads, this design substantially increases write-path complexity.
Each update now must propagate to all relevant secondary indexes
and thus touch multiple independent pages across the storage
layer. Consequently, the performance of write operations scales
with index multiplicity and becomes increasingly dominated by
network I/O.

Archival deletes trigger a surge of network I/O and increase
primary-standby replication lag. During the archiving phase,
the periodic cleanup of obsolete data triggers bulk delete operations
on the primary node. Because archived records are typically cold,
their corresponding pages are rarely resident in the buffer pool. As
a result, delete operations must first fetch both the primary index
pages and numerous scattered secondary index pages before apply-
ing the deletions. This access pattern sharply increases storage-layer
page reads, triggering a surge in network I/O. Standby nodes are
particularly vulnerable to this effect. During binlog replay, standbys
must preserve transactional order and provide limited replay paral-
lelism, which constrains their ability to handle the additional page
read pressure. Consequently, deletion-induced I/O amplification
can translate into pronounced primary-standby replication lag.

Production Analysis. To further validate the pervasiveness
of the write-inefficiency, we conducted an extensive analysis of
production incidents involving performance degradation. Across
38 reported instances, we find that 27 exhibit symptoms consistent
with FMW amplification: the onset of performance degradation
aligns with a near-synchronous rise in both write QPS and storage-
side read-page QPS. Therefore, all those instances can benefit from
write pushdown. Among those 27 pushdown-applicable cases, 11
arise from data ingestion dominated by sustained inserts, 14 occur
during serving, and 2 are triggered by archiving workflows with
deletion-heavy traffic. This evidence confirms that the same write-
path inefficiency manifests across all stages of the data lifecycle.

3.3 Existing Solution: Change Buffer
The most prominent industry solution for mitigating Fetch-Before-
Write (FBW) is the Change Buffer[24] (originally called the Insert
Buffer in InnoDB).

3.3.1 Change Buffer overview. In traditional single-node MySQL
deployments, the Change Buffer optimizes write performance for
non-unique secondary indexes. Its core insight is to defer the modi-
fication of secondary index pages that are not currently resident in
the buffer pool, thereby avoiding synchronous disk I/O in the write
path. Instead of fetching the target page, the engine caches the
modification as ibuf_entry in a specialized system-wide 𝐵+ tree
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Table 2: SMO-Safety Checks for different types of write operations

Operation SMO Risk Safety Condition (Without Page Fetch)

Insert May trigger page split if insufficient
free space.

DB engine uses a 2-bit bitmap to estimate page free space (𝑆free). Insert is buffered-safe only if:∑︂
Size(buffered writes) + Size(current insert) < 𝑆free .

Otherwise, fall back to conventional page fetch to avoid split.

Delete-Mark No immediate SMO risk (logical
mark-delete).

Always considered buffered-safe since deletion is implemented as a mark operation and does not
physically reorganize the page.

Delete May create empty page after physi-
cal record removal.

Delete operation is buffered-safe only if

𝑁 (buffered inserts) − 𝑁 (buffered deletes) > 1

Otherwise, fall back to conventional page fetch to avoid merge .

known as the ibuf_tree. These changes are subsequently merged
when the page is loaded into the buffer pool for a read request or
when processed by a background ibuf merge thread. By transform-
ing random I/Os into deferred, potentially batched operations, the
Change Buffer significantly improves throughput on high-latency
storage media (e.g., HDDs) and write-intensive workloads.

3.3.2 HowMySQL decides whether to apply or buffer the change. To
determine whether a write operation can be safely buffered or must
trigger a page fetch, Change Buffer relies on a set of conservative
heuristics and per-page metadata. This logic prevents 𝐵+ tree Struc-
tural Modification Operations (SMO) when the page is not resident
in memory; buffering an SMO can redirect subsequent writes to
stale page locations, causing page-access inconsistencies. Currently,
the change buffer supports 3 types of write: Insert, Delete-Mark,
and Delete. Table 2 summarizes the safety checks. Specifically, it
maintains a 2-bit bitmap to approximate each page’s free space. The
bitmap categorizes free space into four coarse-grained levels: (i) 00,
indicating no free space (page nearly full); (ii) 01, approximately
512 bytes; (iii) 10, approximately 1024 bytes; and (iv) 11, at least
2048 bytes of free space. Delete-Mark operations are always con-
sidered safe for buffering because they are implemented as logical
mark deletions that do not alter page structure. In contrast, insert
and delete operations physically modify page contents and may
trigger SMOs; therefore, their buffering eligibility must be carefully
determined. Once the data page is fetched into the buffer pool, its
free-space information in the bitmap is updated based on the page’s
actual state, and all ibuf_entries for this page will be merged into
the target page and removed from the ibuf_tree.

3.3.3 Status of Change Buffer. Change Buffer was effective in the
HDD era, where random I/O dominated latency. With the adop-
tion of SSDs, the gap between random and sequential I/O nar-
rowed, reducing the benefit of buffering. At the same time, Change
Buffer adds implementation complexity and has been associated
with correctness and stability issues[20]. As a result, recent stan-
dalone RDBMS versions disable (e.g., MySQL 8.4[25]) or remove
it by default (e.g., recent MariaDB versions[20]). Change Buffer is
potentially more beneficial in compute-storage disaggregated ar-
chitectures. However, few systems have revisited or redesigned the
Change Buffer for this context. Amazon Aurora does not employ
Change Buffer and instead requires all secondary index updates to

be fully written through[2]. As a consequence, performance bottle-
necks have been observed in workloads with heavy secondary index
usage[1]. In contrast, Alibaba presents a design to integrate Change
Buffer with physical replication; but it requires a complex protocol
to guarantee consistency, which is a performance bottleneck[23].

3.4 Limitations of Change Buffer techniques
While Change Buffer is effective in monolithic architectures, its
design principles face significant consistency and efficiency chal-
lenges in a large-scale distributed deployment.

3.4.1 Inconsistency in Distributed Environments. When the primary
buffers a write in the ibuf_tree, replicas cannot guarantee read
freshness. If the target page is already in a replica’s buffer pool,
reads return a stale cached version because change-buffer merging
is triggered only on page fetch and therefore is not invoked. If the
page is absent, the replica fetches it from storage, but as a read-
only node, it cannot perform Change Buffer merging locally, so the
fetched page is still stale. In both cases, reads can miss committed
updates, violating data consistency.

3.4.2 Buffering Overhead. As illustrated in Figure 4(a), ibuf_entry
is a structured record composed of metadata fields (e.g., space iden-
tifier, page number, offset counters, flags) followed by the full sec-
ondary index payload (IBUF_REC_FIELD_USER). Buffering the com-
plete payload is necessary because the ibuf_tree is the only place
where the modification is stored before the merge. Consequently,
the storage cost of each buffered entry scales with the size of the
secondary index record itself. This design fundamentally constrains
buffering capacity. A large index payload directly leads to more
buffer space consumption and reduces the number of operations
that can be buffered, thereby limiting the performance benefits. By
default, the ibuf_tree can occupy up to 25% of the buffer pool.
In our experiments, increasing this allocation from 25% to 50% im-
proved throughput from 4,000 to 6,000 QPS, demonstrating the
strong sensitivity of performance to buffering capacity. Moreover,
as the ibuf_tree approaches its capacity, the engine must trigger
merge processes that fetch the corresponding pages and apply all
accumulated buffered operations. Under sustained write intensity,
the merge occurs frequently, diminishing the intended advantage
of Change Buffer.
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Figure 4: Metadata format

4 WRITE OPERATION PUSHDOWN
FRAMEWORK

The core philosophy of the Write Operation Pushdown (WOP)
framework is to eliminate the prohibitive overhead of the Fetch-
Modify-Write (FMW) pattern by encapsulating the modification as
a logical redo log and pushing it directly to the storage layer for
asynchronous execution.

4.1 Overview
WOP consists of four key designs:

PushLog-Based ExecutionWOP encapsulates eligible write
operations into a specialized log record format, termed PushLog,
flushed directly to the storage layer for asynchronous execution.

Lightweight Metadata Tracking This module determines the
pushdown-eligibility of a write operation. The performance of the
WOP framework is highly sensitive to how many eligible writes
can be pushed down to the storage layer. We design a lightweight
metadata tracker to maintain only minimal metadata required to
evaluate the eligibility of subsequent writes targeting the same page,
so that theWOP framework allows pushing downmorewrites while
minimizing buffer pool footprint at the compute layer.

Consistency Safeguards Maintaining data consistency is para-
mount in both standalone and distributed database deployments.
The framework implements a suite of consistency safeguards to
ensure that WOP does not violate transaction isolation levels. These
safeguards manage the visibility of "in-flight" pushdown operations
and ensure that the distributed state remains consistent, even in
the event of partial failures or crashes.

Fetch-After-Write (FAW) Optimization In fetch-immediately-
after-write scenarios, reads can be blocked while waiting for the
storage layer to complete the execution of the pushed-down write.
To address this performance degradation, we introduce a specialized
FAW optimization. The framework retains the "stale" version of a
page before its eviction and attaches the corresponding redo logs
to its dummy block. Upon a subsequent read request, the system
performs on-demand log replay to reconstruct the most recent
version of the page.
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Figure 5: Architecture of Write Pushdown Framework

4.2 PushLog-Based Execution
TheWrite Operation Pushdown (WOP) framework circumvents the
physical page-load requirement by encapsulating write operations
into specialized Redo logs, termed PushLogs. These logs are dis-
patched to the storage layer for asynchronous execution, effectively
decoupling the compute node from the I/O latency associated with
traditional page fetching.

4.2.1 Pushdown Write Path. As shown in Figure 5, the detailed
workflow of the pushdown write path is:

(1) Buffer Pool Lookup and Dummy Block (§4.4.1) Allocation: The
system searches for the target (space_id, page_no). If a cache
hit occurs, the system defaults to the conventional write path
(modify, write-back). Upon a cache miss, the system allocates
a dummy block that does not contain any actual data in the
buffer pool.

(2) Latch Acquisition: The system acquires an exclusive latch on
the dummy block to ensure mutual exclusion for concurrent
writes to the same logical page.

(3) Eligibility Check: The lightweight metadata tracker performs
the eligibility check to confirm the operation is pushdown-safe
based on the metadata of the same page.

(4) Metadata Update: The system registers the write’s metadata to
the lightweight metadata tracker.

(5) PushLog Construction and Flush: The system constructs a
PushLog representing the operation and flushes it to the
storage layer.

(6) Asynchronous Execution: The storage layer receives the opera-
tion and executes the physical modification locally.

When the read request targets the page that has pushed-down
writes, the pagewill be fetched, and themetadata trackerwill update
the page map and delete all pushdown entries in the pushdown
tree to reflect the actual state of the page. In this way, the metadata
tracker always reflects the correct states of the page.
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4.2.2 PushLog Format. InnoDB employs a technique known as
physiological logging to construct its redo log. Under this model,
each log record captures a logical modification and the physical
location it targets within a specific page. Concretely, a redo record
consists of Space ID, Page ID to locate the page, Record Offset to
locate the target record within the page, enabling direct in-place
modification without a full page search. Record Data contains the
actual modification data. To enable write pushdown, we introduce a
new logical Redo type, MLOG_PUSHDOWN_INSERT. This format
omits precise physical offsets, containing only the operation type
and record payload (Space ID, Page ID, Op Type, Record Data),
where the Op_Type can be INSERT, DELETE_MARK, or DELETE.

4.2.3 On-Storage Execution. Unlike physiological redo records,
which specify precise physical offsets for direct in-place modifi-
cation, PushLogs describe updates at the logical level. To support
this model, we extend the storage layer to interpret and apply logi-
cal PushLogs. Firstly, we equip the storage layer with schema and
page-format awareness, including key encoding rules, record lay-
outs, and page organization metadata to parse the page structure.
Secondly, we implement page-level lookup logic (e.g., binary search
in 𝐵+ Tree pages) to determine the correct modification position.
Importantly, this additional logic does not make storage-side CPU
a bottleneck: the binary search incurs only lightweight overhead
and mainly exploits the relatively abundant, often underutilized
CPU cycles at the storage layer.

4.3 Lightweight Metadata Tracker
Lightweight Metadata Tracker (LMT) is responsible for the eligibil-
ity check of the write operation and keeps track of the metadata of
the data page.

4.3.1 Eligibility Criteria. A two-tier validation process governs the
eligibility of a write operation for pushdown: Content-Dependency
Analysis and SMO Prediction. First, the framework performs a
content-dependency check to ensure the operation does not require
immediate, synchronous validation—for example, uniqueness con-
straint checking for primary key or unique secondary index. This
is determined via schema-level metadata. Second, the system must
guarantee that the modification will not trigger an SMO on the tar-
get 𝐵+ tree. Our SMO prediction logic builds upon the foundational
principles of the vanilla InnoDB Change Buffer (Table 2), but intro-
duces a specialized optimization to overcome the memory-density
limitations of traditional implementations.

4.3.2 The Lightweight Metadata Tracker. Our framework trans-
forms the role of the ibuf_tree from a data cache into a metadata
tracker (termed pushdown_tree). For each pushed-down write, it
stores a pushdown_entry that records only the metadata needed
to track pending changes per destination page (e.g., page ID, record
size, and operation type). Because the full operation payload is en-
capsulated in PushLog and flushed to the storage layer, the compute
node no longer needs to retain the index record itself. We redesign
pushdown_entry into a fixed-length 39-byte format (Figure 4(b)).
This format discards the payload and retains only compact fields,
including a 4-byte record size and an 8-byte hash for verification. By

tracking only minimal metadata, the pushdown_tree avoids the ca-
pacity bottleneck of the native ibuf_entry format, where buffering
full index records reduces entry density and limits throughput.

Case Study: Space Efficiency. To illustrate the efficiency of this
compacted format, consider the (𝑐, 𝑝𝑎𝑑) index on a standard sys-
bench table, as defined in Listing 1. A vanilla ibuf_entry for this
index typically requires approximately 215 bytes (comprising head-
ers, field metadata, and the 184-byte payload containing the 3 fields
c, pad, id). In contrast, our framework reduces this to a fixed 39
bytes, representing an 81.8% reduction in memory overhead per
entry. This optimization allows the system to buffer significantly
more write operations within the same memory budget.

4.4 Consistency Safeguards
The Write Operation Pushdown (WOP) framework implements
consistency guarantees in both single-node and distributed settings
to ensure that pushdown writes to the storage layer do not violate
the transactional or physical integrity of the database.

4.4.1 Single-Node Consistency.

Physical Data Consistency. Traditional physiological redo is gen-
erated based on the page’s current physical layout—record offsets
must be determined before logging the update. Without coordi-
nation, concurrent operations may compute offsets based on in-
consistent page versions, leading to structural corruption during
asynchronous execution. For example, consider two concurrent
transactions inserting 𝑎1 and 𝑎2 into the same page. Suppose 𝑎1 is
pushed down and generates a PushLog record, while 𝑎2 follows
the traditional path, generating a physiological redo record. If 𝑎1’s
PushLog has not yet been persisted when 𝑎2 computes its physi-
cal offset, 𝑎2’s redo log is generated based on a stale page version
(𝑃𝑎𝑔𝑒0). If the storage layer later replays 𝑎1 followed by redo of
𝑎2, the page state will be corrupted. To eliminate this hazard, we
introduce the Dummy Block as a metadata-only placeholder in the
buffer pool. For each page with pending pushdown operations, all
subsequent writes—whether pushed down or executed convention-
ally—must acquire an exclusive latch (X-Latch) on the correspond-
ing Dummy Block. In this way, we preserve the mutual-exclusion
semantics of the traditional write path.
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Crash Recovery and Atomicity. Assume that data page P1 initially
had 2,400 bytes of free space (represented as 11 in the bitmap page).
Subsequently, two records, (key1, value1) and (key2, value2), of
sizes 500 bytes and 900 bytes respectively, have been pushed down
and successfully applied to P1 within the storage layer. When P1
is loaded into the buffer pool at 1○, as shown in Figure 6, the cor-
responding metadata entry must be removed from the Metadata
Tracker at 2○ and free space size of this page in the bitmap page
must be updated at 3○, changing the value from 11 to 10 (indicat-
ing that the remaining free space on the page is now 1,000 bytes).
The final two steps are referred to as post-I/O metadata update. If a
server crash occurs just before point 3○, the free space recorded in
the bitmap page for this page deviates from the actual free space
of the page. To address this issue, we implement a Bitmap-based
Marking strategy. Before the post-I/O metadata update begins, the
system clears the corresponding bit (sets to 0) in the target page’s
free space bitmap. This proactive marking ensures the correctness
of subsequent operations after the crash recovery:

• For writes that go through the traditional write path, the sys-
tem will load the page from the storage layer and update the
metadata tracker to reflect the actual free space of the page.

• For pushdown-safe inserts, the system sees the bitmap bit is 0
and goes through the traditional write path.

• For pushdown-safe delete-mark operations and pushdown-safe
deletes, their correctness is not affected by the potential incon-
sistency of the free space information.

4.4.2 Distributed Consistency.

Physical Replication Compatibility. Change Buffer mechanisms
often struggle with physical replication, potentially leading to di-
vergence between the primary and the replica. As discussed in
(§3.4.1), the root cause is that read-only replicas do not perform
Change Buffer merge into data pages, so reads may observe stale
state. WOP avoids this pitfall. In our design, ‘merging’ does not in-
volve modifying data pages; it only updates compute-side metadata
in LMT. Replicas always obtain a consistent page state either by (i)
applying the pushdown logs propagated from the primary when
the page is already resident in the buffer pool, or (ii) fetching the
latest page directly from the storage layer, which always holds the
ground-truth page contents.

Failover Safety. Eligibility checks can fail during failover. On the
primary node, LMT is updated on page fetch and accurately records
each page’s free-space metadata. Moreover, pushdown_entries
exist only for pages not resident in the buffer pool: when a page
is fetched, any corresponding pushdown entries are cleared, so
buffer-resident pages and pushdown entries never coexist. This
invariant can be violated when a read-only replica is promoted to
primary during failover. Replicas do not execute any writes; they
primarily replay redo logs from the primary and do not maintain
pushdown metadata in the same way as the primary does. As a
result, after promotion, the new primary may have pages resident
in the buffer pool while stale pushdown entries for those pages still
remain. If a write targets such a cached page, it updates the page
and its free-space bitmap, but does not clear the stale pushdown
entry. The bitmap now reflects the latest free space, whereas the

pushdown tree still has leftover entries. Subsequent pushdown-
eligibility checks may therefore compute an incorrect free-space
estimate and make wrong pushdown decisions.

To solve the problem, we introduce a pushdown_ready state.
Upon promotion, the new primary starts in a restricted mode and
immediately launches a background reconciliation task that re-
claims all pushdown entries and updates the bits in the bitmap for
corresponding data pages. Only after this process completes does
the system enter pushdown_ready and start to serve write requests.

4.5 Fetch-After-Write (FAW) Optimization
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A key challenge in pushdown architectures is the occurrence
of Fetch-After-Write (FAW) stalls when a page fetch operation
immediately follows pushed writes to the same page. The fetch
may block while waiting for the page to be ready. We address this
issue through an FAWoptimization that leverages a short-lived local
buffer at the compute layer to hold and replay pending updates
without waiting for storage-side replay.

4.5.1 Motivation Scenarios. In write-intensive workloads, such as
the oltp_update_index benchmark, systems frequently encounter
patterns where a record is read immediately following a write.
For example, an UPDATE operation is often decomposed into a
delete-mark followed by an insert of the same key. While the delete-
mark is typically eligible for pushdown, the subsequent insert may
necessitate a remote page fetch from the storage layer if the target
page lacks sufficient free space or if the local pushdown tree reaches
its capacity threshold.

This creates a high-latency FAW stall. Subsequent fetch requests
often enter a spin-wait loop (while-loop) while waiting for the Page
Store to reconcile the page version, significantly increasing I/O tail
latency. Given that page-full conditions and buffer thresholds are
frequent and unpredictable in high-concurrency environments, this
stall represents a critical performance bottleneck.

4.5.2 Solution. To eliminate the latency associated with storage-
side asynchronous execution, we implement a localized, on-demand
replay mechanism as shown in Figure 7.
• Read-Point Persistence: During the initialization of a Dummy

Block, the WOP framework records the current page version
(LSN; before eviction, LSN will be recorded in memory). This
version number serves as a reference point for retrieving the
‘stale’ but physically consistent version of the page from storage.

• PushLog Attachment: Every time a PushLog is generated, the
framework attaches this PushLog directly to the associated
Dummy Block. This ensures that all ‘in-flight’ modifications
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are accessible to the compute node before they are physically
merged in the storage layer.

• Version-Aware Fallback Reading: When an I/O request detects
that the required page version (LSN) exceeds the log-shipping
LSN (the latest LSN acknowledged by the Page Store), the sys-
tem performs a fallback read using the LSN recorded in the
Dummy Block to fetch the base page version.

• In-Memory Local Replay: Upon retrieving the base page from
the storage layer, the compute node immediately applies all
Redo records attached to the Dummy Block in a single batch.
This localized materialization allows the system to reconstruct
the most recent visible version of the data page without waiting
for the Page Store’s asynchronous execution, thereby drastically
reducing FAW stalls.

For safety, we bound the memory used by PushLogs attached
to Dummy Blocks. Specifically, we limit their total size to 1/32 of
the buffer pool, which is sufficient to eliminate FAW stalls in our
evaluation (in practice, less than 1/1000 of the buffer pool sufficed).
PushLogs are reclaimedwhen the corresponding data page is loaded
into the buffer pool or when the Dummy Block is evicted.

5 EXPERIMENT
In this section, we evaluate the performance of the Write Operation
Pushdown Framework.

5.1 Experiment Setup
Workloads. Table 3 summarizes the workloads used in our evalua-
tion.We include fourwrite-intensiveworkloads from sysbench[16],
configured with 6 secondary indexes on the table (Listing 1 shows
our table schema) to systematically stress different writing patterns
in a controlled setting. Every workload is run with 64 concurrent
threads. In addition, we also evaluate WOP on three large-scale
production workloads from ByteDance spanning recommendation,
financial processing, and advertising services.

Environment. Our experimental cluster consists of disaggre-
gated compute and storage nodes, including 1 compute node and 8
storage nodes (4 for log store and 4 for page store). Each compute
node is equipped with a 16-core Intel® Xeon® CPU, 64 GB memory,
and a 270 GB SSD. Each storage node is provisioned with a 96-core
Intel® Xeon® CPU, 1007 GB of memory, and 55 TB of SSD storage.

Methodology. We evaluate the performance of WOP using the
following metrics: throughput (QPS, queries per second; TPS, trans-
actions per second), throughput over time, average latency, tail
latency (99𝑡ℎ percentile), and read page QPS (the number of pages
that are fetched from Page Store per second). Higher throughput
and lower latency reflect improved system scalability and efficiency.
Throughput over time captures performance stability under sus-
tained execution. For read-page QPS, lower values indicate reduced
remote page fetches and improved I/O efficiency. We compare WOP
with the baseline system without write operation pushdown, where
each write goes through the traditional fetch-modify-write path.
Each experiment runs for 300 seconds under sustained load to
report the throughput over time behavior.

We list the system names that appear in our experimental plots
in Table 4.

Table 3: Workload Description

Type Workload Datasets / Throughput Description

Synthetic

OLTP Insert
8 tables with 352 GB data

Insert new rows with random data
OLTP Delete

in total
Delete rows by primary key

Update Index Update indexed columns
Write-Only Indexed updates + delete/insert pairs

Production
Douyin Content Distribution 14 TB, ∼4K TPS Ingests large volumes of data
Financial Transaction 110 TB, ∼1.5K TPS Serves latency-sensitive user transactions
Ad Delivery System 15 TB, ∼150 TPS Performs daily archival operations

CREATE TABLE sbtest (
id INT PRIMARY KEY AUTO_INCREMENT , k INT NOT NULL ,
c CHAR (120) NOT NULL , pad CHAR (60) NOT NULL ,
KEY (k), (c), (pad), (k,c), (k,pad), (c,pad)

) ENGINE=InnoDB;

Listing 1: Schema of the default table

Table 4: Names used in the experimental plots

Name Description
Baseline ByteNDB with traditional write path
WOP ByteNDB enhanced with WOP framework

WOP+LMT WOP with the Lightweight Metadata Tracker
WOP+Old WOP using the original full-record format

QPS Queries per second
TPS Transactions per second

Read-Page QPS The number of pages that are fetched from Page Store per second
FAW Fetch-After-Write Operation
FAWO Fetch-After-Write Optimization

5.2 Experiment Outline
We evaluate the WOP framework in the following aspects:
(1) End-to-End Performance. We compare WOP against the

baseline under synthetic and production workloads, measur-
ing throughput, latency, and page-fetch activity to quantify
write-path improvements.

(2) Metadata Efficiency.We assess the impact of our Lightweight
Metadata Tracker by comparing it with full-record buffering.We
measure throughput, latency, and the number of pushed writes
to characterize how the metadata footprint affects pushdown
capacity and the overall system’s performance.

(3) FAW Optimization. We evaluate WOP under controlled fetch-
after-write intensity to examine its ability to mitigate write-
induced stalls.

(4) Sensitivity Analysis. We study the impact of buffer pool size
and secondary index count to understand the robustness of
WOP under varying system configurations.

(5) Impact on Read Performance. We measure read throughput
and latency under workloads with a mixed read-write ratio to
determine how write pushdown affects concurrent reads.

5.3 End-to-End Performance
5.3.1 Production Workloads. First, we analyze the perfor-
mance gain of three representative production workloads within
ByteDance that span all stages of the data lifecycle (§3.2). The
Douyin Content Distribution system ingests large volumes of data,
the Financial Transaction database serves latency-sensitive user
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Figure 8: End-to-End performance comparison under different write workloads

Figure 9: Throughput over time under different write workloads

Table 5: Production Performance Gains

Workload Lifecycle Stage TPS Read Page QPS
Baseline WOP Baseline WOP

Douyin Content Distribution Ingestion 4K 12K 10K 5K
Financial Transaction DB Serving 1.5K 3.1K 1K 500

Ad Delivery Archiving 150 500 20K 10K

transactions, and the Ad Delivery workload performs daily archival
operations. The results are reported in Table 5. WOP achieves
3.33× (Ad Delivery System), 2.07× (Financial Transaction DB), and
3.0× (Douyin Content Distribution) throughput improvements
across the three workloads. Page read QPS decreases by 50% for
all three workloads, which means WOP effectively reduces the
number of pages read from Page Store. Larger gains are observed
in the Ad Delivery System and Douyin Content Distribution
workloads, which incur higher page-read intensity per transaction.
Prior to WOP, each transaction reads approximately 134 pages in
the Ad Delivery System, 2.5 pages in Douyin Content Distribution,
and 0.7 pages in the Financial Transaction workload. Since WOP
eliminates write-induced page reads, workloads with more page
reads per transaction benefit more substantially from pushdown.

5.3.2 SyntheticWorkloads. This section evaluates the efficiency
and stability of WOP across four sysbench write workloads. For
end-to-end throughput and latency comparison, we conduct three
independent runs and report the average and standard deviation
of the measured metrics. Overall, WOP achieves 2.09× to 6.70×
throughput boost (Figure 8(c)) and reduces average latency by 52.0%
to 85.2% (Figure 8(d)). It also maintains stable performance over
time (Figure 9).

The largest end-to-end improvement is observed in the OLTP
Delete workload. This workload benefits most because I/O latency

dominates delete-mark’s execution time. Delete-mark operations
are page-internally simpler: they only mark records as deleted,
whereas insert and delete require record placement and additional
page-level metadata updates. Therefore, a large portion of the la-
tency comes from I/O. Eliminating fetch-before-write I/O time,
therefore, yields larger gains. To verify it, we conducted detailed
monitoring of OLTP Delete and Write-Only workload and found
that they show similar read-page latency, but delete operations
exhibit substantially lower query latency. This indicates that I/O-
intensive operations benefit more from WOP. Additionally, we
observe a slight increase in tail latency—for example, in the Update
Index workload, tail latency rises from 25.44 ms to 30.63 ms. This is
because, in the worst case, when a fetch stall introduced by WOP
cannot be mitigated by the FAW optimization (§4.5) once the mem-
ory threshold is reached, the operation must wait until the page
becomes available in the Page Store, resulting in increased latency.

5.4 Metadata Efficiency
One of the key optimizations of our framework is the Lightweight
Metadata Tracker. To quantify its impact, we compare two con-
figurations: (1) WOP+LMT: WOP with the Lightweight Metadata
Tracker, (2) WOP+Old: WOP using the original full-record format.
The results (Figure 10) demonstrate that LMT consistently improves
write efficiency across various write workloads.

The improvement arises from increased buffering capacity at the
compute layer. By storing only minimal metadata rather than a full
record, LMT allows substantially more eligible writes to be pushed
down. During the same interval, LMT sustains 6,840,740 buffered
pushdown entries, compared to 2,614,475 under the original format.
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Figure 10: Metadata efficiency comparison

5.5 Fetch-After-Write (FAW) Optimization
This section evaluates the performance of the Fetch-After-Write
(FAW) optimization. We evaluate this mechanism using the oltp_
update_index sysbench workload, where each update consists of
a delete of key k followed by an insert of k+1; both operations
are highly likely to target the same index page (except for the
case when k is the last key in the page). We introduce two knobs
to systematically evaluate the effectiveness of FAW optimization
under different read-after-write intensities:

(1) FAW ratio: the ratio of FAW stalls in the write workload.
(2) FAWO ratio: what percentage of FAW is optimized.

We control the FAW ratio by always pushing down the delete
k operation and only pushing down the insert k+1 operation with
a certain probability (0%, 25%, 50%, 75%, 100%). In this way, when
the insert k+1 operation is not pushed down, it will trigger an
immediate page fetch, which leads to a FAW stall. FAWO ratio
is controlled by probabilistically determining whether FAWs are
resolved using the FAW optimization or by synchronously fetching
the latest page from storage. In the latter case, the read will be
blocked until all PushLogs associated with this page are merged at
the Page Store. Figure 11 reports the results. The wait events are
computed as𝑤𝑎𝑖𝑡_𝑙𝑜𝑔_𝑓 𝑙𝑢𝑠ℎ +𝑤𝑎𝑖𝑡_𝑝𝑎𝑔𝑒_𝑟𝑒𝑎𝑑𝑦, representing the
total number of read requests that are blocked while waiting for
PushLogs to either be shipped to the Page Store or be merged into
the latest version of the page in the Page Store.

These results show two clear trends. First, performance degrades
monotonically as the proportion of FAW operations increases, and
when the FAW is not fully covered by the FAWO optimization, the
system’s QPS is worse than the baseline, confirming that poorly
handled FAW could significantly degrade WOP’s effectiveness. Sec-
ond, performance improves monotonically as the FAW optimization
ratio increases, demonstrating that resolving FAW locally is highly
effective. FAW optimization improves the system’s performance
by reducing the number of read requests that are blocked while
waiting for the page to be ready. We report the number of wait
events when the FAWO is fixed at 100% in Figure 11(c). The number
of wait events decreases from 704,195 (0% FAW optimized) to 27,542
(100% FAW optimized), which is a 96.1% reduction.

5.6 Sensitivity Analysis
We evaluate the robustness of WOP under varying buffer pool sizes
and numbers of secondary indexes. These parameters directly affect
I/O intensity and write amplification, thus providing insight into
how the framework behaves under different memory and network
pressures. The workload we use here is oltp_write_only.

Figure 11: Performance comparison under varying propor-
tions of Fetch-After-Write (FAW) operations.

Figure 12: Sensitivity analysis.

5.6.1 Impact of Buffer Pool Size (Figure 12(a)). We vary the buffer
pool size from 25% to 100% of the dataset size. Our first observation
is that even when memory pressure is reduced (75% dataset can
be cached in buffer pool), WOP still achieves good performance
improvement (1.40×). Overall, the performance gains become more
pronounced under higher buffer pool contention. When memory
is constrained, page misses increase, and the baseline incurs more
synchronous fetch-before-write stalls. By eliminating these remote
page fetches from the critical path, WOP provides larger benefits.

5.6.2 Impact of Number of Secondary Indexes (Figure 12(b)). We
next vary the number of secondary indexes from 1 to 7. Increasing
the number of secondary indexes amplifies write cost, as each logi-
cal update must propagate to more independent index structures,
thus leading to more page updates. Overall, as the index count
increases, acceleration rises steadily, reaching 2.42× at 7 indexes.
This monotonic increase in acceleration demonstrates that WOP
becomes increasingly advantageous as write amplification grows.

Across both dimensions, WOP remains consistently advanta-
geous. Its performance benefit does not rely on specific memory
sizing or indexing, but instead scales with increasing system load.

5.7 Impact on Concurrent Read Performance
This section studies the impact of WOP on concurrent read per-
formance. We run a mixed read-write workload by fixing 32 write
threads (Write-Only) and varying read threads from 8 to 64. Table 6
reports read performance and read-page QPS from read operations,
and Figure 13 shows the acceleration.

WOP leads to a modest but consistent improvement in read
throughput and latency across all configurations. This is because
WOP saves I/O bandwidth for concurrent read operations, as con-
firmed by an increase in read-page QPS from read operations in
Table 6. We further observe that the relative acceleration decreases
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Table 6: Read Performance Comparison

Threads Throughput (QPS) Avg Latency (ms) Read Pages from Read Operations

Baseline WOP Baseline WOP Baseline WOP

8r 6,792.2 9,942.7 16.49 11.26 15,247,465 20,930,699
16r 16,152.1 23,135.7 13.87 9.68 35,720,895 48,566,586
32r 42,756.3 56,645.2 10.48 7.91 91,543,770 118,198,673
48r 62,525.4 73,837.4 10.74 9.10 130,406,717 153,743,918
64r 73,664.6 80,367.4 12.16 11.15 152,287,632 167,200,904

as the number of read threads increases. This behavior follows from
the fact that the I/O savings introduced by WOP are shared across
all read threads; as concurrency increases, the marginal benefit per
thread correspondingly decreases.

Figure 13: Impact of WOP on concurrent read performance

6 RELATEDWORK
Write-Optimized Disaggregated Databases. Many disaggre-
gated OLTP databases adopt the log is the database paradigm, per-
sisting only the redo log as the source of truth andmaterializing data
pages lazily at the storage tier. This avoids frequent full-page writes
and the associated network amplification. Amazon Aurora [36],
Socrates [4], and Taurus [12] adopt variants of this design, as does
ByteNDB itself (§2.2). This architecture lightens the write path by
changing what is persisted and where pages are constructed, but
a fine-grained in-place update still requires the target page to be
loaded into the compute-tier buffer pool before the modification can
be applied. WOP builds on this architecture and pushes it further:
it removes the read-side page fetch from the write path altogether.
Computation Pushdown and Write Offloading Compute-
storage disaggregation has motivated pushdown techniques that
move computation to the storage layer[40]. However, existing
work primarily focuses on read pushdown or coarse-grained write
offloading. Systems such as Amazon Aurora (via parallel query
execution)[3], PolarDB (with computing pushdown)[7], and Taurus
(through near-data processing)[19] increasingly offload operations
such as filtering, projection, and aggregation to the storage
layer, enabling more efficient data processing closer to where
data resides. For write offloading, Socrates offloads bulk write
operations, such as index creation and database reorganization,
to page servers to reduce compute-layer load. Disaggregated
LSM-based systems offload compaction tasks to smart storage
devices or dedicated storage servers to avoid transferring large
SSTables across the network[13][33][22]. In contrast, WOP differs
by enabling fine-grained, more frequent and latency-sensitive
write pushdown, eliminating remote page fetches from the critical
path without compute-layer buffering.

Deferred-Write Data Structures Deferring the in-place applica-
tion of an update—recording the modification now and applying it
to its target location later—is a long-standing idea dating back to dif-
ferential files, which keep recent changes in a side structure merged
into the main database later [32]. The 𝐵+-tree family has pursued
these ideas extensively: InnoDB’s Change Buffer (§3.3) defers up-
dates to the non-resident secondary-index pages [20, 24, 25]; other
write-optimized 𝐵+-tree variants, such as the B𝜀 -tree, reserve part of
each node to buffer pending updates and flush them lazily down the
tree [5]; and the BW-Tree [18] eliminates in-place updates through
delta-record chains over a mapping table, as adopted in Cosmos
DB [37]. Outside the 𝐵+-tree family, Log-Structured Merge (LSM)
trees[27] or their variants[31][39][30] are out-of-place by construc-
tion, which inherently bypasses the cost of FBW. MyRocks[21], for
example, adopts an LSM-tree architecture to store both user data
and indexes, appending updates to memory-resident structures
(memtable) and performing compaction asynchronously. Out-of-
place designs are inherently write-optimized and reduce sensitivity
to remote I/O, making them well-suited for disaggregated deploy-
ments. In practice, the two families increasingly coexist—MySQL’s
pluggable engines run InnoDB and MyRocks side by side, and re-
cent work transitions between the layouts online [15] or stacks a
𝐵+-tree over an LSM base [38]. However, ByteNDB remains based
on a 𝐵+ tree architecture. First, 𝐵+-trees offer superior read la-
tency and range-scan efficiency for OLTP workloads dominated by
point lookups and ordered access[9]. Second, transitioning to an
LSM-style engine would require fundamental changes to indexing,
concurrency control, and recovery, posing significant engineering
complexity for an existing production system. OurWOP framework
aims to achieve the write efficiency typically associated with out-
of-place updates while preserving the structural and performance
benefits of a 𝐵+ tree-based engine.

7 CONCLUSION
We study a set of production workloads and identify a fundamental
inefficiency of the traditional Fetch–Modify–Write (FMW) para-
digm in compute–storage disaggregated architectures, where cache-
miss page fetches incur remote I/O. We propose Write Operation
Pushdown (WOP), which redesigns thewrite path to eliminate fetch-
before-write via four key components: a PushLog-based execution
model, a Lightweight Metadata Tracker that increases pushdown
capacity with low memory overhead, consistency-preserving mech-
anisms for distributed deployments, and a localized on-demand
replay mechanism that mitigates Fetch-After-Write stalls. Across
synthetic and production workloads, WOP delivers substantial
throughput improvements and latency reductions, demonstrating
that fine-grained write pushdown can significantly improve write
scalability while preserving correctness in disaggregated databases.
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