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Abstract
We presentCloudJump III, the third generation of Alibaba Cloud’s
CloudJump framework, which advances compute-storage disaggre-
gation by integrating page-level, engine-integrated tiering into the
database kernel. Modern cloud databases span heterogeneous stor-
age layers, including local NVMe SSDs, remote high-performance
block storage, and low-cost object storage, forming a natural hier-
archy for hot and cold data separation. However, existing block-
level or filesystem-level tiering lacks visibility into database se-
mantics and often leads to suboptimal placement under dynamic
OLTPworkloads. Building on earlier generations that optimized I/O
and version management, CloudJump III introduces an eviction-
centric, engine-aware design that determines placement at buffer-
manager control points including eviction and flush. It uses engine-
visible metadata to balance performance and cost, while unifying
data flow across tiers and coordinating with recovery and snap-
shot protocols to ensure crash-consistent, zero-downtime operation.
Deployed in Alibaba Cloud’s production MySQL-compatible ser-
vice, CloudJump III achieves near-local throughput, reduces the
fast-tier footprint, and maintains stable tail latency. These results
demonstrate that engine-integrated tiering enables predictable per-
formance and cost efficiency at production scale.

CCS Concepts
• Information systems → Hierarchical storage management;
Database management system engines.

Keywords
cloud database, database storage management, tiered storage
ACM Reference Format:
Zongzhi Chen, Mo Sha, Feifei Li, Sheng Wang, Baolin Huang, Guoqing Ma,
Huaxiong Song, Ke Yu, Xizhe Zhang, and YuanWang. 2026.CloudJump III:

This work is licensed under a Creative Commons Attribution 4.0 International License.
SIGMOD Companion ’26, Bengaluru, India
© 2026 Copyright held by the owner/author(s).
ACM ISBN 979-8-4007-2450-3/2026/05
https://doi.org/10.1145/3788853.3803084

Optimizing Cloud Databases for Tiered Storage. In Companion of the In-
ternational Conference on Management of Data (SIGMOD Companion ’26),
May 31-June 05, 2026, Bengaluru, India. ACM, New York, NY, USA, 15 pages.
https://doi.org/10.1145/3788853.3803084

1 Introduction
Cloud databases increasingly separate compute from storage to
achieve elasticity and cost efficiency [15, 32, 56]. This architec-
tural shift broadens the range of available storage tiers [66, 87].
Beyond directly attached NVMe SSDs, providers now offer high
performance remote SSD volumes connected through RDMA class
networks [33, 45, 74] and virtually unlimited object storage acces-
sible over Ethernet. Each tier occupies a specific point on the cost,
latency, and throughput frontier [13]. Tiers that are closer to com-
pute deliver lower latency and higher throughput but incur higher
cost. As a result, storage expenditure, including DRAM, has become
a dominant contributor to the total cost of ownership for database
services [36, 49, 53]. The essential question is no longer whether
to introduce tiering but how to place data across heterogeneous
storage tiers so that performance and cost remain stable under
dynamic OLTP workloads [9, 42, 43, 63, 86].

Effective tiering keeps hot data on faster media and cold data on
lower-cost storage [9]. The primary challenge lies in robust opera-
tionalization and bounded tail latency at cloud scale. Cache misses
on the fast tier incur substantial latency penalties from synchronous
remote fetches, inflating latency and inducing significant jitter [37,
50]. Manual schemes (e.g., time-based partitioning or table-level
reorganization) are coarse-grained and reactive, requiring obser-
vation and reconfiguration that lag behind minute-scale workload
shifts and lead to uneven capacity utilization [41, 73, 76, 78, 83, 97].
Automated lifecycle management remains challenging [8, 12, 70].
Moving files or tables is costly and disruptive; fine-grained back-
ground migration introduces I/O contention, lock complexity, and
correctness risks during crashes or backups [7, 85]. Operators need
a tiering mechanism that preserves multi-tier performance and
cost benefits, bounds miss-induced latency, and avoids additional
operational complexity or correctness exposure.

Meeting these requirements is challenging. Most tiering solu-
tions operate outside the database kernel, at block, filesystem, or
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gateway layer [67, 99]. They observe I/O patterns but lack visibility
into engine internal state [28], so hot pages in DRAM appear cold
in trace-based analysis [55] while structurally important index or
metadata pages are evicted prematurely. When decoupled from
the kernel’s recovery and backup logic, data movement cannot
respect LSN-based invariants or snapshot protocols [62], under-
mining zero-downtime correctness. These limitations motivate an
engine-integrated approach to tiering.

CloudJump is Alibaba Cloud’s long-term initiative to rearchi-
tect the storage substrate of its MySQL-compatible, cloud-native
database engine. Over several years of continuous development
and production deployment, the CloudJump series has advanced
the boundary between compute and storage through kernel-level
redesign. CloudJump I rebuilt the I/O path for remote, distributed
cloud block storage, decoupling latency- and bandwidth-bound
flows and mitigating shared-storage contention to restore pre-
dictable performance [19]. CloudJump II addressed inter-node
consistency and recovery bottlenecks in shared-storage architec-
tures by introducingMulti-Version Data (MVD), enabling page-level
multiversion access on standard cloud storage across RW and RO
nodes for high consistency, availability, and performance [20]. This
paper presents CloudJump III, the third milestone in this line of
innovation. CloudJump III moves tiering into the storage engine
and takes placement decisions at eviction and flush using InnoDB-
visible metadata, while coordinating with recovery and backup.

CloudJump III employs an eviction-centric, engine-aware de-
sign. Placement is decided at buffer-manager control points using
signals such as page type and age, table identity with per-table
quotas, temporary-table detection, and buffer-pool residency; these
decisions govern admission and write routing across NVMe SSD,
ESSD, and OSS tiers. The architecture forms a four-layer hierarchy
reflecting the cost-latency gradient: at eviction, pages are retained
or demoted based on engine-visible metadata; at flush, pages are
routed to suitable tiers with intermediate buffering to merge writes
and limit amplification. A snapshot-version protocol synchronizes
placement with ongoing backups, ensuring crash-consistent evo-
lution of tiered state. The mechanism reduces miss frequency and
tail latency, maintains correctness by keeping placement indepen-
dent of MVCC and WAL while coordinating with snapshot-based
backup, and improves operability by reusing existing control paths
instead of adding migration logic.

The design is shaped by two production constraints. First, cor-
rectness and operability: tier placement remains independent of
transactional semantics, backup state, and crash recovery. Second,
cloud economics: the system must deliver stable performance per
unit of SSD capacity and low operator effort across multi-tenant
fleets. Kernel-level integration keeps placement separate from LSN-
based versions; eviction-centric control removes the need for mi-
gration threads and reduces locking cost; per-table quotas with
deterministic IOPS control ensure fairness on fast tiers.

We integrated CloudJump III into Alibaba Cloud’s production
MySQL-compatible engine through targeted changes to the buffer
manager, I/O subsystem, and metadata catalog. On production-
grade hardware, engine-aware tiering sustains high throughput
and stable latency with limited fast-tier capacity, approaching all-
SSD performance at lower cost. Across workloads, CloudJump III
maintains near-baseline throughput and bounded tail latency by

Table 1: Cloud Storage Tiers.

Tier Latency Typical size Price (GB)
per month

DRAM 80–100 ns 4–1024 GB $1.6
Instance-attached NVMe 10–100 𝜇s 1–32 TB $0.05
Network block volumes 200–500 𝜇s 1–128 TB $0.152
Managed file systems 5–10 ms 10–100 TB $0.03
Object storage 40–200 ms unlimited $0.016
Archive object tiers mins/hours unlimited $0.003

decoupling remote writes from foreground transactions. Ghost-
based admission, temporary-table exclusion, andDDL/BLOB bypass
reduce remote I/O pressure and stabilize writes. The snapshot-
version protocol ensures crash-consistent backups and predictable
recovery without migration or downtime.

The contributions of this paper are summarized as follows:
• We address a central challenge in cloud-native databases. We
make tiered storage operationally viable on heterogeneous cloud
media by moving placement into the storage engine and coor-
dinating it with recovery and backup. The result is a balanced
design that delivers predictable performance and cost while pre-
serving availability and correctness under dynamic workloads.

• CloudJump III combines eviction-centric control with engine-
aware placement and routing at eviction and flush; pairs this
with adaptive write strategies and second-level write combining;
and uses a snapshot-version protocol on standard object storage
for zero-downtime backup with low write amplification.

• CloudJump III has been deployed in Alibaba Cloud’s produc-
tion MySQL-compatible service. Deployment and experiments
validate improved throughput and tail latency at lower fast-tier
footprint, robust crash recovery and zero downtime backup, and
sustained stability at multi-tenant scale.

2 Preliminaries
2.1 Cloud Database Storage Hierarchy
Modern cloud databases operate on a layered storage hierarchy that
includes DRAM, instance-attached ephemeral NVMe, networked
block volumes, managed file systems, and object or archival stores.
Although providers such as Alibaba Cloud, AWS, Google Cloud,
and Microsoft Azure use different names for their tiers, their func-
tional roles are consistent [2, 14, 84]. Table 1 summarizes typical
latency, capacity, and cost ranges across these layers. DRAM pro-
vides nanosecond-level latency and the highest bandwidth but is
volatile and limited to a single virtual machine, making it suit-
able for the buffer pool’s hottest data. Instance-attached NVMe
offers low latency and high IOPS without persistence or cross-
node redundancy, fitting transient caches and temporary workspace
rather than durable storage [59]. Network block volumes are backed
by provider-managed systems with multi-replica redundancy and
RDMA-class connectivity. They support configurable IOPS and
throughput with improved fault isolation but are subject to per-
volume quotas and rate shaping [2, 84]. Managed file systems allow
shared POSIX, NFS, or SMB access with elastic capacity, though
metadata operations and path traversal introduce additional over-
head [14, 88]. Object storage provides high durability through
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HTTP-based interfaces, with higher request latency that can be
mitigated by batching or prefetching [5, 11, 27, 80]. Archive tiers
achieve minimal cost but incur long retrieval times, serving long-
term backup and compliance needs [65]. This cross-cloud com-
parison highlights a persistent tension in system design, where
database engines must balance low-latency access to hot data with
the need for large, durable capacity for cold data. As workloads
evolve and tenant datasets grow, fixed allocations of DRAM and
instance-attached SSDs become increasingly inadequate.

2.2 Current Practices and Their Limitations
Common deployments separate hot and cold data using mecha-
nisms that span the block layer, filesystems, storage arrays, and
cloud services. Typical patterns include host-level NVMe caches
in front of slower volumes [60, 81] (dm-cache/bcache/LVM Cache),
instance-attached SSDs used as transparent read caches for remote
or shared storage (sometimes with selective write-back), Infor-
mation Lifecycle Management/Hierarchical Storage Management
(ILM/HSM) pipelines that migrate colder files to object tiers and
recall on demand [4], array/cloud auto-tiering with performance
classes and IOPS/throughput reconfiguration, file system-level tier-
ing with front-end buffering, and object-centric designs that keep
only the hottest blocks on SSDs while relegating the rest to object
storage [79]. Intent is to keep the working set on fast media, batch
or defer writes, and use cheaper tiers to reduce fleet cost. Engine-
integrated approaches place cache management within the database
engine rather than at the block layer, triggering writes to flash on
buffer pool eviction [48]; they make page retention/demotion de-
cisions within the buffer manager and engine path, emphasizing
fine-grained throttling and background write coalescing to stabi-
lize tail latency under high concurrency [54]; and use lightweight
admission filtering in DRAM to batch sequential writes to SSD,
reducing pollution, write amplification, and recall interference [35].

These mechanisms share several limitations. Cache effective-
ness drops when the working set shifts quickly or scans domi-
nate [6, 61]; pollution and thrashing inflate tail latency [16]; and
cascading misses to slower tiers induce significant latency variance
(jitter). Write-back trades foreground latency for higher write am-
plification and long recovery after unclean shutdowns [57, 58, 75],
while cache warmup after reboot, resize, failover, or autoscaling
can be prolonged [98]. ILM/HSM operates at coarse granularity:
small reads trigger whole-file or large-extent recalls [5], and peri-
odic scans or bulk moves induce bursty migration that competes
with foreground I/O and can trigger bursts of recall traffic [52].
At the service level, exhaustion of I/O burst credits precipitates
sharp throughput degradation; per-volume caps cause head-of-line
blocking under spikes [10, 68, 96]; and cross-AZ paths add vari-
ance that appears as jitter even when medians are healthy [51].
Object-centric tiers add per-request overhead and higher access
latency [80], and small random reads suffer from minimum part
sizes and weak locality; lifecycle transitions, listing or metadata
charges, and throttling exacerbate tail latency during promotions.

In sum, while hot–cold data separation is achievable, maintain-
ing predictability at minute time scales remains challenging. Miss-
induced penalties, cache pollution, credit or IOPS ceilings, cache
warmup costs, and migration interference all undermine stability,

making it challenging to sustain both performance and cost effi-
ciency. An engine-integrated, eviction-centric design can mitigate
and bound miss penalties to keep tail latency within targets, sched-
ule background movement to prevent contention with foreground
I/O [81], avoid coarse-grained recalls, operate within provider shap-
ing limits, and decouple physical placement from transactional
semantics and recovery or backup protocols [17, 84]. Compared
with I/O-only external mechanisms, it achieves finer scheduling
precision through engine-visible metadata and control at eviction
and flush [29, 30, 48, 75], while coordinating with recovery and
backup processes to lessen the effects of inevitable misses.

2.3 Operational Objectives and Scope
Engine-integrated tiering must deliver predictable performance
and operability under dynamic OLTP workloads without coupling
data placement with transactional semantics. The design objec-
tives are to: (i) minimize harmful fast-tier misses and bound their
tail-latency impact; (ii) constrain background data movement to
avoid contention with foreground I/O; (iii) reduce write amplifi-
cation through coordinated write combination and routing; (iv)
preserve zero-downtime backup and crash-consistent recovery by
maintaining placement orthogonal to MVCC and WAL while co-
operating with snapshot protocols; and (v) improve multi-tenant
cost efficiency by sustaining target throughput with a smaller fast-
tier footprint. Multi-tenant fairness is also a primary goal: when
local SSDs serve as shared caches, bandwidth allocation must pre-
vent tenants from monopolizing fast-tier I/O. Placement decisions
should respect per-table quotas and avoid complex, tenant-specific
migration controllers that increase operational overhead.

The scope of this work is the storage engine. Decisions rely
on engine-visible metadata and runtime signals such as page type
and age, table identity and quotas, temporary-table detection, page
cleanliness, and buffer-pool residency. The approach does not de-
pend on query semantics or optimizer changes, requires no applica-
tion hints, and targets transactional (OLTP) workloads on standard
cloud storage tiers. The role of engine integration is to choose ad-
missions and evictions at natural control points (eviction/flush),
batch and rate-limit writes, and coordinate with recovery/backup so
that the frequency and cost of misses are reduced and their effects
contained, while maintaining correctness and operability at scale.

3 System Architecture
CloudJump III adopts an engine-integrated, tiered storage archi-
tecture with multi-level caching that aligns data placement with
access locality and lifecycle stage, as shown in Figure 1. The design
defines a clear boundary between the Cache Tier (Volatile) and the
Storage Tier (Durable), each with coordinated semantics and ex-
plicit control points. Pages in the volatile tier are transient—loss of
DRAM or SSD content does not compromise durability—while the
persistent tier holds recoverable data across failures. The volatile
tier, comprising the InnoDB Buffer Pool (DRAM) and the Buffer
Pool Extension (BPE) on direct-attached SSDs, provides transient,
low-latency caching for frequently accessed pages. The durable tier,
consisting of the OSS Buffer on ESSD volumes (network-attached
block storage via high-speed links), the remote OSS object store, and
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InnoDB Eviction
Flush Controller

Per-table Metadata
Snapshot Manager

IOPS & Quota Controller

Shares hash partitioning
with buffer pool

InnoDB Buffer Pool
Hot in-memory pages, volatile.

Buffer Pool Extension (BPE)
Direct-attached SSD;

clean-page cache extension.

OSS Buffer (ESSD, network-attached)
Absorbs page-write flushes.

OSS Object Store
Append-only versioned objects;
unlimited cheap cloud storage.

Cache Tier (Volatile)

Storage Tier (Durable)
Engine-integrated boundary

Figure 1: CloudJump III system architecture. The BPE is pop-
ulated on buffer pool eviction (reuse-based admission); the
diagram omits this input for clarity.

the metadata and snapshot subsystems, ensures persistence, ver-
sioning, and crash-consistent recovery. Dirty pages in the volatile
tier become durable only when they are flushed to the OSS Buffer
or to OSS. Until then, durability is guaranteed by the engine’s write-
ahead log (WAL): if the instance fails before a flush completes,
recovery replays the WAL to restore consistency; once data resides
in the durable tier, the corresponding WAL can be trimmed. The
storage tier is thus decoupled from the WAL as placement and flush
order are independent of the redo log, but the WAL remains respon-
sible for durability until data reaches that tier. The architecture
comprises four integrated components with well-defined roles:
InnoDB Buffer Pool serves as the traditional in-memory cache,
holding hot pages and triggering eviction and flush operations at
natural control points; although every tier can serve page data
when appropriate, their primary roles differ.
Buffer Pool Extension (BPE) extends caching capacity on direct-
attached SSDs and acts primarily as a read-mostly extension of
the buffer pool; it caches clean pages and remains volatile. The
BPE is populated exclusively from the buffer pool eviction path:
when a page is evicted from the in-memory buffer pool, the engine
decides whether to write it to the BPE or only to record its identity
in a lightweight ghost list (no page data). Only pages that show
reuse potential—e.g., re-accessed in DRAM or already present in the
ghost list from a prior eviction—are written to the BPE; one-time
pages are discarded from the SSD cache and only their identifiers
enter the ghost list. Thus the data flow into the BPE is: Buffer Pool
(eviction)→ reuse check→ BPE (if reuse) or ghost list only. When
a dirty page is flushed from the buffer pool and that page resides
in the BPE, the engine propagates the flush to the BPE, updating
or invalidating the BPE copy according to the active write policy
so that the BPE does not serve stale data. On a subsequent read, a
BPE hit promotes the page back to the buffer pool.
OSS Buffer resides on ESSD volumes (network-attached block
storage) and serves as the fast, redundant, durable block layer that
absorbs page-write flushes; it aggregates dirty pages within each
2 MB block (one block corresponds to one OSS object; there is no
cross-block aggregation) and makes them persistent before remote

offload, reducing write amplification and shielding the object store
from fine-grained updates.
OSS Object Store provides low-cost, durable remote storage for
cold data, accessed via cloud-native APIs, and forms the final per-
sistence layer; data is written as 2 MB versioned objects when OSS
Buffer blocks are flushed.

The Metadata Subsystem and the Snapshot Protocol act as side
control modules. Two concepts are central to the write path and
backup. Per-table metadata: each OSS-backed table has a persis-
tent metadata file (e.g., .meta) that, for every 2 MB object block,
records a modification flag (whether the block was modified since
the last backup) and the current object version ID. This metadata
is updated when a block is flushed to OSS and is used during backup
and recovery to determine which blocks to copy and which version
to read. Object versions: each 2 MB OSS object can have multiple
immutable versions, identified by monotonically increasing version
IDs; a new write creates a new version, and older versions are re-
claimed after backup. Together with a global snapshot version used
at backup start, this enables point-in-time consistent snapshots and
crash-consistent recovery. Further protocol details are in Section 4.3.
In contrast to external tiering frameworks that operate outside the
database kernel, CloudJump III introduces kernel-coordinated
placement primitives integrated with recovery, snapshotting, and
transactional semantics. This design eliminates dedicated migration
controllers and user-tuned partitioning policies, reducing opera-
tional overhead in multi-tenant environments while preserving
correctness and high concurrency.

3.1 Storage Tier Modules and Coordination
The storage tier decouples policy enforcement from data movement
through engine facing boundaries. Two controllers, the IOPS and
quota controller and the per table metadata and snapshot manager,
coordinate admission, versioning, and background transfers with
the OSS Buffer and OSS. This separation enables scalable movement
across media while preserving correctness, consistency, and tail
latency guarantees. BPE extends the in memory cache with directly
attached SSD capacity, but remains volatile and does not contribute
to durability. The storage tier modules are therefore presented in
terms of their coordination with the cache.

The OSS Buffer sits at the entry of the storage tier on ESSD
volumes (network-attached block storage). Placing it on network-
attached rather than instance-attached (local) storage is necessary
for durability: if the OSS Buffer resided on instance storage, its
contents would be lost on node failure and could not be recovered
without full replay fromOSS. It buffers and coalesces updates before
writing to remote object storage. For OSS backed tables, Cloud-
Jump III partitions each table file into 2 MB units. Each unit is
stored as one OSS object in OSS and is mirrored by one block in
the OSS Buffer. Here, an “object” denotes this 2 MB physical unit,
not a logical table or partition. For example, a 2 GB table yields
1024 objects, each containing 128 pages of 16 KB. The OSS Buffer
maintains one block per object in a block directory and caches hot
pages and recent updates for that object. Objects never mix pages
from different tables or discontiguous regions. On flush, the system
writes exactly one 2 MB object, formed either by merging dirty
pages with a prior OSS version or by writing the full block.
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InnoDB Buffer Pool

Buffer Pool Extension (BPE)
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W1. flush on eviction
or checkpoint;
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R4. HTTP GET
(range allowed)

R3. promotion

R2. promotion

Per-table Metadata
Snapshot Manager

R1. serve

W5. update / invalidate
dirty pages in BPE

Figure 2: CloudJump III read/write path.

Each OSS Buffer block maintains metadata including its block
ID (aligned with the object index), the covered page ID range, a
monotonically increasing version counter, and per page dirty and
residency state. Internally, the OSS Buffer mirrors InnoDB page
management primitives, including a page to block hash for lookup,
an LRU list for replacement, and a flush list for pending writes.

When a Buffer Pool page is evicted or checkpoint flushed,Cloud-
Jump III redirects it to the corresponding OSS Buffer block. The
page is marked dirty atomically and scheduled for background
flush with crash consistent metadata updates. Pages persisted to
ESSD are durable at this tier because ESSD provides committed
block storage with atomic visibility at block granularity, via atomic
writes or pointer indirection as defined by the ESSD protocol. After
persistence, the page can be recovered without WAL replay for that
page. Remote durability is provided by the OSS object store, which
stores versioned 2 MB objects through strongly consistent HTTP
PUT and GET operations. Writes follow an append only versioning
protocol with monotonically increasing identifiers, and obsolete
versions are reclaimed asynchronously.

To manage write ordering and versioning, CloudJump IIImain-
tains a per table metadata file adjacent to each OSS backed table.
For every 2 MB object, the metadata records a modification flag
and the current object version that is visible to readers. During an
OSS Buffer flush, CloudJump III first updates the corresponding
metadata entry to record the new version and modification state,
enabling backup and recovery to select the correct objects and
versions. For backup consistency, the system maintains a global
snapshot version number (next_snapshot_version). At backup
start, this version is incremented and attached to subsequent OSS
writes, distinguishing new writes from pre backup data. After com-
pletion, older versions are marked obsolete and their metadata
entries become eligible for reclamation. Backup readers therefore
observe a point in time consistent snapshot.

Together, these modules define a coherent data and control path
from page creation to persistence and snapshotting. Each tier is tai-
lored to its medium and tightly coordinated to preserve correctness
and reduce tail latency. The resulting engine integrated architec-
ture provides fine grained control over data residency and lifecycle
across DRAM, SSD, and cloud object storage.

3.2 Read Path
CloudJump III adopts a hierarchical read pipeline that prioritizes
fast near-end media and progressively falls back to lower tiers only
when necessary. Figure 2 visualizes this hierarchy with upward blue
arrows (R1–R4) denoting the data promotion flow, and small badges
marking direct hits at each level. The lookup sequence proceeds
from DRAM → direct-attached SSD (BPE) → OSS Buffer (ESSD)
→ remote OSS, yielding four distinct read paths.
R1. Buffer Pool hit. If the requested page resides in the in-memory
Buffer Pool, it is served immediately with nanosecond-level latency.
This case corresponds to the topmost blue arrow (R1) in Figure 2,
indicating a local DRAM hit.
R2. BPE hit. On a Buffer Pool miss, the system probes the SSD-
based BPE. If the page is present, it is promoted to DRAM and
returned to the executor, using SSD latency while keeping cache
coherence intact.
R3. OSS Buffer hit. If both DRAM and BPE miss, the request
advances to the OSS Buffer on ESSD (network-attached). When
the corresponding block is cached—either from recent writes or
prefetching—the 16 KB page is extracted and promoted upward, as
marked by the R3 arrow in Figure 2. This layer provides durable,
block-level caching that bridges the gap between volatile and re-
mote storage.
R4. Remote OSS read. If none of the local layers contain the page,
the system performs a remote read from the OSS object store. The
16 KB page is retrieved through an HTTP GET request, optionally
using range reads. To exploit spatial locality, the entire 2 MB object
may be prefetched into the OSS Buffer.

Pages retrieved from non-DRAM tiers are reinserted into the
Buffer Pool to accelerate access. Because the BPE and the OSS
Buffer operate at page or block granularity, these tier transitions
remain transparent to upper layers. The hierarchical read path thus
maximizes hit probability on fast media while ensuring colder data
remain efficiently accessible from lower tiers.

3.3 Write Path
Compared with single layer designs, CloudJump III uses a staged
write path that balances performance, durability, and consistency.
The pipeline spans multiple tiers, defers remote writes, and pre-
serves correctness through metadata coordination and version con-
trol, as illustrated in Figure 2. Two write scenarios dominate.

(1) Buffer Pool Flush: When dirty pages in the Buffer Pool are
evicted (e.g., due to updates, checkpoints, or memory pressure),
they are directed to the storage tier. Instead of writing directly to re-
mote OSS, CloudJump III first persists them to the corresponding
OSS Buffer block on ESSD (W1: flush on eviction/checkpoint). On
receipt, the OSS Buffer atomically marks the page dirty and updates
block-local metadata (W2). The block is then durable on ESSD, but
no remote PUT is issued yet: the OSS Buffer absorbs further updates
to the same block and defers remote persistence. The per-table
metadata update (W3) and remote persistence of the 2 MB object
under a new object version (W4), as defined above, are triggered
only when that OSS Buffer block is later evicted or flushed; dur-
ing backups, the new version is tagged with the current snapshot
version. When the flushed page resides in the BPE, the engine also
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Figure 3: CloudJump III BPE Internal Structures and Flow.

propagates the flush to the BPE (W5): the BPE copy is updated
with the new page content or invalidated according to the active
write policy, so that the BPE does not serve stale data. This stage
thus provides near-end persistence without issuing remote writes,
enabling durable recovery while deferring high-latency operations
and reducing write amplification.

(2) OSS Buffer Flush to OSS:. The final step asynchronously flushes
OSS Buffer blocks to OSS when a block is evicted or explicitly
flushed, rather than on every dirty page arrival. The system writes
the entire 2MB block as a unit, persisting the full object under a new
version rather than only the dirty pages, using append only object
versions (immutable writes with monotonically increasing version
IDs). Flushes may be initiated by background threads (for example,
during idle periods or scheduled batches) or synchronously when
no clean OSS Buffer blocks remain available. Writes require strict
coordination to preserve correctness across tiers because the same
logical page may be present in memory, BPE, and the OSS Buffer.
To prevent read after write inconsistencies, CloudJump III first
updates the per-table metadata (the modification flag and object
version ID for that block, as defined in Section 3) to record the new
object version identifier and mark the block as modified. It then
issues an HTTP PUT to persist the 2 MB object to OSS under that
version. After the PUT completes, the system marks the OSS Buffer
block clean and eligible for reuse.

This protocol ensures crash-consistent, monotonic version visi-
bility: a block appears either at its old version or fully at the new
version, even under failures or backup races. Figure 2 illustrates
the write pipeline, showing W1–W2 (Buffer Pool to OSS Buffer),
W3–W4 (OSS Buffer to OSS), and W5 (Buffer Pool to BPE when
the page resides there). The ordered steps are annotated W1–W5
(top→ down), with snapshot tagging marked where applicable.
Overall, CloudJump III follows a staged durability model (Buffer
Pool→OSS Buffer→OSS) with strong consistency guarantees and
minimal remote write overhead. By leveraging local persistence
and deferring high-cost operations, the system achieves operational
efficiency and correctness under high-throughput OLTP workloads.

4 Implementation Details
4.1 Buffer Pool Extension (BPE)
As outlined in Section 3, the BPE is populated on the buffer pool
eviction path under a reuse aware admission policy. Figure 3 sum-
marizes the architecture and the resulting data and control flows of
the Buffer Pool Extension (BPE) integrated with the InnoDB buffer
pool. We build on two established ideas. First, InnoDB partitions the

buffer pool into young (frequently accessed) and old (newly loaded)
regions so that single pass scans do not displace the hot set. Second,
the BPE on SSD uses a CLOCK style replacement policy (a circular
list with a per page second chance bit) rather than strict LRU, reduc-
ing synchronization overhead and producing an eviction order that
better matches SSD access patterns. The left side shows the DRAM
buffer pool with three coordinated sublists: young, old, and ghost.
The young and old sublists track age and recency, whereas the ghost
sublist retains identifiers of recently evicted pages without their
contents. This ghost layer complements the young/old design by
capturing short lived evictions and enabling delayed, reuse aware
readmission. The right side shows the BPE on SSD, centered on
a hash indexed CLOCK structure that maintains coherence with
DRAM. Overall, the design instantiates the selective admission and
second chance principles of S3 FIFO [91], favoring rapid demotion
of transient entries and promotion only after confirmed reuse.

4.1.1 Cache Coordination and Write Policy. As illustrated in Fig-
ure 3, each read first probes the buffer pool. On a hit, the page is
served from DRAM and no list insertion occurs. On a miss, the
request probes the BPE. A BPE hit promotes the page into the buffer
pool old sublist rather than young. A BPE miss loads the page from
the OSS Buffer or OSS and inserts it into the old sublist. A sub-
sequent access in DRAM promotes the page to the young sublist,
restoring it to the hot set. Accordingly, any page entering the buffer
pool from outside DRAM first lands in old. It has not yet been re
accessed in DRAM and may be a one time reference, so the de-
sign avoids treating it as hot prematurely. When a page is evicted
from old, the system either admits it to the BPE or records only
its identifier in the ghost list. Pages with reuse evidence, such as
multiple accesses in the buffer pool or presence in the ghost list
from a prior eviction, are written to the BPE. One hit pages absent
from the ghost list bypass the BPE and only their identifiers are
appended to the ghost list as metadata (no page data). The ghost list
is a FIFO of evicted page identifiers, bounded by the BPE capacity.
When a one-hit page is evicted from the buffer pool, it is written to
the BPE only if its identifier already appears in the ghost list. This
mechanism implements a reuse aware filter analogous to the S3
FIFO ghost queue, preventing SSD pollution by one hit pages while
preserving accurate detection of high value reuse.

The Eviction/Flush Controller (gear icon) coordinates data and
control flows between DRAM and the BPE. On a dirty flush, it prop-
agates the flush to the BPE, invalidating or updating the BPE copy
according to the active write policy. It also incorporates feedback
on cache pressure and tenant quota to balance DRAM and SSD
utilization. The controller enforces coherence across tiers while
enabling fine grained adaptation without user intervention.

4.1.2 Dirty Page Management and Flow Control. For persistent
tables, BPE retains only clean replicas of durable content. Dirty
updates originate in DRAM and are synchronized during flush
according to one of three policies:
• Clean-Write: The BPE retains only clean pages. When a page is
flushed from the buffer pool, any cached copy in the BPE is in-
validated to preserve consistency. This policy reduces SSD write
amplification and is well suited for read-intensive workloads.
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• Dual-Write: Both the storage layer and BPE are updated during
flush. The freshly written clean page remains in BPE to improve
reuse probability. This policy is the default for persistent tables.

• Single-Write: The page is written only to the BPE rather than to
persistent storage. This mode applies to temporary or short-lived
tables that can tolerate data loss, using the BPE as a transient
write-back buffer to absorb write bursts.
The engine automatically selects the appropriate policy based

on table type and checkpoint state. Decision rule: for persistent
tables, Clean-Write is used under normal load (invalidate BPE copy
on flush) to reduce SSD wear; Dual-Write is used when persisting
dirty pages (update BPE in parallel) to maintain both durability and
reuse; Single-Write (write only to BPE) applies to temporary data
and is excluded from recovery. Operationally, each flush thus either
invalidates the BPE copy, updates it in parallel with the storage
layer, or writes only to the BPE, ensuring all BPE entries remain
consistent with the persistent layer and avoiding read-after-write
anomalies. CloudJump III maintains this consistency for durable
data without manual tuning.

4.1.3 Eviction Policy and Replacement Algorithm. The right portion
of Figure 3 also reflects BPE’s internal organization and replacement
logic. BPE adopts a modified CLOCK algorithm [61] that replaces
LRU’s linked lists with a circular pointer and a second-chance bit
per page. Recently accessed pages are spared once; pages not re-
accessed are evicted. This design lowers synchronization overhead
and aligns scan order with SSD layout, enabling sequential writes
and reducedwear. Several engineering optimizations enhance BPE’s
scalability and operational robustness:
• Selective Admission: Admits pages to the BPE only when reuse
is indicated: on eviction from the old list, pages that were accessed
more than once in the buffer pool or are already in the ghost list
are written to the BPE; one-hit pages not in the ghost list are
only recorded in the ghost list (no BPE write) and are admitted
to the BPE only when a later access reloads them. This reuse-
based admission eliminates transient pollution and aligns with
the second-chance policy of S3-FIFO.

• Metadata Compression: Optimizes memory efficiency by com-
pacting per-page control data and eliminating per-page locking
structures. The metadata footprint scales linearly with capacity:
a 64 GB BPE instance requires only about 184 MB of control
metadata, enabling large-scale deployments without increasing
memory pressure on the engine.

• Chunk-based Resizing: Divides the BPE space into fixed-size
64MB chunks that can be added or released onlinewithin seconds.
This design allows dynamic resizing in response to tenant load
changes, enabling hot instances to temporarily expand cache
space and later release it without restart, ensuring elasticity and
predictable I/O performance across tenants.
Together, these mechanisms form the workflow illustrated in

Figure 3: requests first probe DRAM, then BPE; BPE hits trigger page
promotion to DRAM; evictions apply selective admission guided by
the ghost sublist; and background flushes maintain BPE cleanliness
and coherence. The result is a self-adaptive SSD cache that enhances
read locality, reduces backend I/O amplification, and preserves full
consistency with the buffer pool.

4.2 OSS Buffer
Figure 4 shows the OSS Buffer’s internal data structures and asyn-
chronous flush protocol. The left panel shows the in-memory man-
agement layer comprising a hash directory and per-block state
(Dirty→ Clean→ Free), mirroring persistentmetadata on network-
attached ESSD. The right panel shows the three stages of the asyn-
chronous flush pipeline: metadata update, data write, and cleanup.

4.2.1 Block Management and Metadata Structures. The OSS Buffer
provides a durable staging cache between the engine and remote
object storage. It absorbs small updates and coalesces them into
block sized writes, reducing write amplification and shielding OSS
from small random I/O.

For OSS backed tables, CloudJump III partitions each table into
2 MB objects aligned with InnoDB 16 KB pages. For each object,
the OSS Buffer allocates a corresponding block on ESSD. A hash
directory indexes blocks by mapping block IDs, aligned with OSS
object indices, to control entries. Each entry stores persistent meta-
data: the block ID, the covered page ID range, the latest snapshot
version, status flags (dirty, valid, evictable, inflight), and per
page bits (dirty markers, modification timestamps, and validity).

In memory structures mirror the on disk state and include a page
to block hash table, an LRU list for reclamation, and a flush list
for pending I/O. The design parallels the InnoDB buffer pool, but
operates at block granularity to match object storage semantics. On
restart, the OSS Buffer rebuilds state by scanning table metadata
and reading block descriptors, restoring the last committed view.

4.2.2 Write Path: Ingesting Page Updates. Figure 4 illustrates how
page updates flow through the management pipeline. The OSS
Buffer manages pages at 16 KB granularity via a page to block hash
and per page metadata. It retains only pages written from the buffer
pool or fetched by prefetch, rather than materializing all 128 pages
of a 2 MB block in memory. When a dirty page is flushed from the
buffer pool, the system resolves its target block through the hash
directory. If the block is absent, the system allocates one from the
LRU list and flushes it if dirty before reuse. Prefetch may fetch the
OSS object, using linear or random reads, to supply unmodified
pages when beneficial. Otherwise, such pages are not tracked in
the OSS Buffer and are read from OSS during flush.
Metadata-first Update. Before writing page data, the block’s meta-
data is updated to mark dirty status, assign a new version if neces-
sary, and set validity flags. This meta→data ordering guarantees
that every persisted block reflects a well-defined version boundary.
Table-level Coordination.When a block is modified under a new
snapshot epoch, the table-level metadata file records its modified
state and version identifier. This enables multi-version snapshots
and ensures asynchronous flushes are version-aware.

After these steps, the page resides durably in the OSS Buffer’s
ESSD block with its version and dirtiness recorded, but no remote
PUT is yet issued—preserving locality and enabling batching.
4.2.3 Crash Consistency and Write Ordering. To guarantee recov-
erability, the OSS Buffer enforces complementary ordering across
local and remote writes: on local writes, metadata is updated before
data to record intent; on remote flushes, data is transmitted before
metadata is marked clean. This reversed ordering ensures idem-
potent replay. If metadata is updated but data missing, recovery
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Figure 4: CloudJump III OSS Buffer block management.

replays redo logs. If data is present but metadata stale, the block is
re-flushed. Only when both persist is the state set to clean (Stage
3 in Figure 4). This invariant guarantees each block is either fully
durable or safely recoverable.
4.2.4 Asynchronous Flush and Eviction Strategy. Dirty blocks fol-
low the three flush stages shown in Figure 4:
Stage 1: Metadata Update. The flush thread updates block meta-
data, records the current version, and marks the block as “in flight.”
It then notifies the per table metadata manager to record the up-
dated snapshot epoch.
Stage 2: Data Write. The system writes a full 2 MB object to
OSS. When pages are absent from the OSS Buffer, it fetches the
current OSS object, merges the modified pages, and issues a single
asynchronous PUT of the complete 2 MB object under the new
version. Each flush carries a versioned object identifier to preserve
object lineage. Dedicated I/O threads upload objects, decoupled
from foreground transactions.
Stage 3: Cleanup andCompletion.After the upload succeeds, the
block transitions from Dirty to Clean and eventually to Free. It is
removed from the flush list and the hash entry is updated. If a crash
occurs after the data write but before metadata acknowledgment,
recovery treats the block as dirty and replays the flush.

Adaptive flush scheduling combines batching, temporal defer-
ral, watermark monitoring, and rate limiting. Batching aggregates
dirty pages within each block (no cross-block aggregation) to im-
prove write efficiency; temporal deferral avoids repeated writes
on hot blocks; watermark control ensures background flushing be-
fore saturation; and rate limiting regulates throughput under OSS
QPS and tenant-fairness constraints. Clean blocks become eviction
candidates only after OSS synchronization, whereas dirty blocks
must complete flushing before reuse; this policy ensures space is
reclaimed only after persistence is guaranteed.

4.2.5 Consistency, Versioning, and Recovery. Consistency is main-
tained through metadata exchange with the table-level manager,
which records object-version identifiers and snapshot epochs. This
linkage enables crash-consistent versioning: during recovery, any
partially flushed block is detected via a version mismatch and re-
synchronized. As a result,CloudJump III ensures that every object

visible to OSS is fully consistent with its recorded metadata, and
recovery deterministically reapplies any pending flushes.

Through this pipeline, the OSS Buffer delivers durable, version-
aware writeback with minimal disruption to foreground I/O. It
merges database semantics with asynchronous cloud storage proto-
cols, reducing remote write amplification while maintaining strong
consistency and fast recovery semantics.

4.3 Snapshot Versioning and Backup Protocol
We specify the protocol for the per-table metadata and object ver-
sioning model introduced in Section 3. Figure 5 illustrates the end-
to-end timeline of snapshot versioning and recovery. The horizontal
axis traces five stages: normal operation, snapshot initiation, asyn-
chronous OSS flush, crash/restart, and redo-based recovery. Three
parallel lanes represent the coordination among the engine (OSS
Buffer on ESSD), the table-level metadata manager, and the stor-
age backends (EBS/ESSD snapshot and remote OSS). The evolution
of next_snapshot_version and invalid_snapshot_version, to-
gether with the complementary ordering of metadata and data
updates, ensures crash-safe backup and deterministic recovery.

4.3.1 Version Number Management. CloudJump III maintains
a global counter next_snapshot_version that identifies the next
snapshot epoch.When a backup begins, the system acquires a global
OSS lock to block concurrent DDL and OSS writes, increments this
counter, and tags the new value as the snapshot ID. From that point,
all OSS-bound writes carry the current snapshot version.

For each OSS object block written to OSS (whether by flush or
DDL), the write is tagged with the current snapshot version. If
the snapshot version has not advanced since that object was last
written, the write overwrites the existing object in place; if the
global snapshot version has advanced (e.g., a new backup epoch
has started), a new versioned object (e.g., file_0002_v2) is written
and the prior version is retained for backup. During foreground
execution, CloudJump III always reads the latest visible version
of each object. The backup process, in contrast, explicitly reads the
versions corresponding to its snapshot epoch, ensuring point-in-
time consistency. Version tags across all OSS objects are coordinated
through per-table metadata files.

4.3.2 Table Metadata Files. Each OSS-backed table maintains a
persistent .meta file (the per-table metadata introduced in Sec-
tion 3) that, for each 2MB object block, records a dirty bit indi-
cating whether the block was modified since the last backup and
a version number capturing the most recently written snapshot
epoch. If a block is updated without a snapshot version change,
only the dirty bit is set. If written after a version increment, both
the dirty bit and version counter are updated. This metadata en-
ables precise change detection and determines which object version
to copy. At backup completion, dirty bits are cleared and the in
valid_snapshot_version watermark is advanced to mark older
versions as safely reclaimable.

4.3.3 BackupWorkflow. The backup procedure proceeds as follows
and corresponds to the central timeline in Figure 5:
(1) Preparation and Version Bump. Backup initiation acquires
the OSS lock and increments next_snapshot_version, starting a
new snapshot epoch; all subsequent OSS writes carry this version.
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Figure 5: Snapshot Version and Recovery Timeline.

(2) Volume Snapshot.While the lock is held, CloudJump III cap-
tures an ESSD snapshot of the attached volumes containing the OSS
Buffer (and optionally BPE), ensuring that unflushed dirty pages
are preserved in the green EBS/ESSD snapshot track of Figure 5.
During this period the remote OSS lane remains idle—the purple
Idle (no remote commit) segment in Figure 5 highlights that no
remote objects are published until the snapshot set is finalized.
(3) Change Detection. The engine scans table metadata to iden-
tify blocks with dirty bits and records their corresponding version
numbers for remote copy. Concurrently, it coalesces dirty pages
into 2MB blocks before shipment, matching the blue Coalesce dirty
pages→ 2 MB block element in the engine lane.
(4) Lock Release.Once the snapshot set is finalized, the OSS lock is
released. Foreground writes resume under the new snapshot epoch,
isolated from the snapshot view.
(5) Remote Object Copy. For each marked block, CloudJump III
issues an intra-bucket shadow copy via the OSS fast-copy API and
schedules asynchronous migration to the backup destination. The
green Parallel with OSS copy band indicates the crash-consistent
volume snapshot remains available throughout this phase, while
remote PUT operations, shown as purple Async PUT versioned
objects, progress in the storage backend. Fast-copy duplicates object
metadata without moving data, avoiding downtime.
(6) Metadata Finalization. After data movement is committed,
dirty bits are cleared and invalid_snapshot_version is updated,
signaling that older versions can be reclaimed.

This protocol reduces OSS write stalls to a few seconds and
guarantees that backup readers observe a transactionally consistent
snapshot. Block-level dirty tracking and versioned objects enable
incremental backup with minimal data transfer. Administrative
inspection commands (e.g., show_tablespace_meta) expose block
states and version progress for operational diagnostics.
Zero-Downtime Snapshot Optimization. Snapshot creation fol-
lows a lock–version–copy sequence: the engine locks table meta-
data to stabilize the version view, then increments the snapshot
counter, and initiates an intra-bucket fast-copy. Because the fast-
copy duplicates object metadata rather than payload data, snapshot
creation completes within seconds even for multi-terabyte tables.
Incremental Copy and Dirty-Bit Tracking. Subsequent snap-
shots apply incremental copy guided by the OSS Buffer’s dirty-bit
map—only objects updated since the prior version are duplicated.

This differential replication minimizes I/O and bandwidth consump-
tion while maintaining full recoverability. Combined, these mecha-
nisms provide zero-downtime, crash-consistent backups that run
concurrently with foreground traffic.
4.3.4 Recovery Workflow. The right segment of Figure 5 depicts
the recovery process, which reuses the same metadata and version
semantics to restore crash-consistent state:
(1) Attach ESSD Snapshot. Mount the previously captured ESSD

snapshot to expose the consistent state of the OSS Buffer and
BPE at backup time.

(2) Metadata Scan. Read table metadata to identify which OSS
blocks belong to the restored snapshot and what version of each
object must be fetched.

(3) OSS Object Fetch. For each listed block, retrieve its versioned
OSS object into the active bucket. Version mismatches arise
because recovery restores the pre-crash state, where block ver-
sions are not uniform: some blocks have reached version 𝑘 ,
while others remain at earlier versions < 𝑘 .

(4) Database Restart. Restart CloudJump III. The OSS Buffer
reconstructs its control structures from recovered metadata,
then InnoDB performs crash recovery.

(5) Redo Application. Replay redo logs for pages whose metadata
advanced beyond data persistence. If data exists but metadata
is stale, the flush is reissued. Both paths are idempotent.
During both normal operation and recovery, CloudJump III en-

forces complementary ordering: local persistence updates metadata
before data, whereas remote flush completion writes data before
marking metadata clean. This cross-ordered design guarantees that
each block is either fully durable or safely replayable, preventing
partial writes or version gaps.

Once recovery finishes, the system resumes normal operation
on a crash-consistent state. Together, the snapshot versioning and
recovery pipeline provide transactional backup and deterministic
restoration with minimal service impact.

5 Experimental Evaluation
5.1 Experimental Setup
We evaluate CloudJump III under two representative configu-
rations. The small-scale setup uses an 8-core CPU, a 1 GB buffer
pool, and a 50 GB dataset with 16 client threads. The large-scale
setup uses a 64-core CPU, a 100 GB buffer pool, and a 5 TB dataset
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Figure 6: Performance and cost-effectiveness comparison across different workloads and cache ratios.

with 128 client threads. Each dataset is preloaded before execution,
and the system is warmed up until throughput and cache hit ratios
stabilize. All tests follow the CloudJump III hierarchy of DRAM
buffer pool, SSD-based Buffer Pool Extension (BPE), ESSD-backed
OSS Buffer, and remote OSS object storage. The fast tier covers
5%–50% of the dataset, with the remaining data stored on OSS.
We select four representative workloads spanning read/write mix,
access skew, object size, burstiness, and scale to exercise distinct
CloudJump III mechanisms:
• Sysbench [93]: an OLTP-style microbenchmark with config-
urable read/write ratios and deterministic access patterns, used
to assess concurrency and I/O scheduling.

• YCSB [22]: a mixed key-value workload with Zipfian distribution
(𝛼 ∈ [0.8, 2.0]); higher 𝛼 yields stronger access skew (more con-
centrated popularity). Used to evaluate admission effectiveness
and hotspot capture under skewed random accesses.

• Voter [31]: a transactional workload with short-lived sessions
and tight latency targets, highlighting tail-latency stability and
the OSS Buffer’s ability to absorb transient bursts.

• Game: a production workload from Alibaba Cloud’s online gam-
ing service, characterized by large BLOB updates and bursty
access patterns. It exercises bandwidth-intensive write paths
under realistic production pressure.

5.2 Benchmark Performance
Figure 6 presents end-to-end results across two dataset scales (50 GB
and 5 TB) and two representative workloads (Sysbench and YCSB).
Each workload is evaluated under three operation mixes—read-
only, read-write, and write-only—with two columns per dataset:

throughput (TPS) and cost-performance (CP, i.e., throughput per
storage cost). In addition to varying cache ratios, the results include
a pure ESSD baseline representing a non-tiered all-SSD setup.

Two regularities emerge. First, TPS is monotone in both cache
ratio and skew, with a knee once the hot set begins to fit the fast tier.
On YCSB-50GB (KV access), when 𝛼 ≥1.4 the 20–50% curves con-
verge near the ESSD upper bound; under 𝛼 ≤1.0 and small caches
(≤10%), the gap persists because popularity concentration is insuf-
ficient to sustain reuse. Second, CP improves with stronger skew
and with moderate caches (typically 20–30%), reflecting larger mar-
ginal throughput per GB once eviction captures reusable keys and
the OSS Buffer coalesces background writes. These effects are con-
sistent with CloudJump III’s eviction-centric, engine-integrated
design: admission-aware caching increases reuse on near-end me-
dia while object-granular write combining decouples foreground
paths from remote GET/PUT costs.

Read-write follows the same structure but with milder slopes
due to write amplification. At 𝛼 ≥1.4, 30–50% cache ratios already
deliver near-ESSD throughput and visibly higher CP; in contrast,
low-skew, tiny-cache regimes are intentionally unfavorable because
the BPE admits fewer reusable pages before the OSS Buffer amor-
tizes remote writes. Write-only shows smooth CP gains as cache
grows; by 𝛼 ≥1.6 the 10–50% curves are tightly clustered, indicating
bounded remote PUT pressure under rate-limited, merged writeback.
Between benchmarks, Sysbench and YCSB exhibit qualitatively con-
sistent behavior: KV-style fine-grained access makes YCSB slightly
more sensitive at small caches under low skew, but both converge
once realistic skew emerges.

Scale does not change the qualitative picture. The 5 TB curves
align with 50GB, with knees modestly right-shifted to reflect a
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Figure 7: Latency and throughput across thread counts.

larger hot set; CP improvements are often more pronounced at
scale because each GB of fast tier displaces more remote traffic. In
practice, two regimes are salient: (i) with low skew and tight fast-
tier budgets, CloudJump III remains functional but CP is modest;
(ii) with moderate skew or a 20–30% cache, CloudJump III ap-
proaches local-disk throughput while delivering substantially better
performance per GB than traditional storage. Overall, integrating
tiering semantics inside the engine—coordinating admission, evic-
tion, and OSS Buffer writeback—enables CloudJump III to recover
near-ESSD performance at moderate cache ratios and to yield stable
throughput and improved CP from limited capacity.

5.3 Application Scenarios
We evaluateCloudJump III under representative application work-
loads to verify that its architectural advantages translate into end-
to-end stability and efficiency. Two scenarios are examined: (i) the
Voter workload representing transactional business logic, and (ii) an
online game workload that mixes large-object updates with bursty
inserts. Both experiments run on a 50GB data scale.

Figure 7 compares end-to-end latency and throughput between
the all-ESSD baseline (blue) and the CloudJump III tiered config-
uration (red) as the number of client threads increases from 1 to
64. For Voter, CloudJump III matches or exceeds the baseline at
low concurrency and stays close at moderate concurrency, while
exhibiting lower medians when the working set is well captured by
the BPE. At 1 thread, CloudJump III delivers higher throughput
(+17%; 2727 vs. 2321 RPS) with a shorter median (p50 347 µs vs.
419 µs); at 4 threads, throughput is at parity (8554 vs. 8589) with a
slightly lower median (429 µs vs. 446 µs). As concurrency increases,
throughput remains within ∼10% at 16 threads (16902 vs. 18583),
and tails widen moderately due to paced remote commits (p99
4861 µs vs. 3205 µs, ∼1.5×). At 64 threads, CloudJump III sustains
79–80% of the all-ESSD throughput (17742 vs. 22328) with bounded
upper percentiles (p99 22145 µs vs. 14714 µs, ∼1.5×), indicating that
background persistence rather than foreground stalls becomes the
limiting factor while queueing remains controlled.

For the Game workload—characterized by large-object updates
and bursty inserts—CloudJump III maintains throughput within
±5% of the all-ESSD baseline across all thread counts, and occa-
sionally exceeds it at moderate concurrency (e.g., +3–4% at 4–16
threads; 2899 vs. 2793 and 2913 vs. 2820 RPS). Latency profiles are
comparable: medians track closely, and tails remain stable without
spike-like outliers. Notably, p99 is lower at 16 threads (78.9ms vs.
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Figure 8: Ablation study results.

90.8ms) and modestly higher at 64 threads (321ms vs. 282ms), re-
flecting the tradeoff from paced batching. This stability is enabled
by engine-integrated mechanisms in which a bypass routes large
writes directly to ESSD to avoid contention on shared flush queues,
while the OSS Buffer coalesces small updates into 2MB versioned
objects before remote commit to smooth bandwidth demand.

These results show that engine-integrated tiering shifts variabil-
ity off the foreground path into a controlled background pipeline.
Admission-aware BPE improves hit rates by prioritizing reuse-
predictive pages, and the OSS Buffer coalesces and paces remote
writes to prevent burst amplification. Snapshot-synchronized meta-
data preserves ordering without halting transactions. The remain-
ing tail widening at high concurrency is limited and stems from
remote persistence variance, while throughput stays near-local for
both latency-sensitive and mixed workloads.

5.4 Ablation Studies
To quantify each component’s impact in CloudJump III, we per-
form three ablation studies using Sysbench on the 50GB dataset.
Figure 8a compares three BPE admission policies: one-hit discard
(admit no page to the BPE unless it was re-accessed in the buffer
pool; all one-hit pages are discarded), full-admit (admit every page
evicted from the buffer pool to the BPE with no filtering), and ghost
two-chance (the CloudJump III policy: reuse-validated, delayed
admission via the ghost list). Under identical conditions, Ghost
applies reuse-validated, delayed admission so that single-reference
pages are filtered at the ghost layer rather than admitted. This
avoids one-hit pollution, concentrates SSD space on reusable pages,
and reaches 36422 TPS (+12% vs. full-admit) with a higher hit ratio
(72.7% vs. 63.4%/15.1%). By blocking transient admits, Ghost also
reduces backend load: BPE IOPS falls from 22369 to 2082 (∼91%
lower), reflecting fewer fine-grained writes and steadier writeback.
In contrast, full-admit admits all pages into BPE, causing high SSD
IOPS and weakened cache efficiency due to indiscriminate admis-
sion, whereas one-hit discard yields the lowest throughput (2945
TPS) and hit ratio (15.1%) because most pages are discarded before
reuse opportunities, preventing them from entering BPE.

Figure 8b isolates temporary-table exclusion from the OSS Buffer.
After a three-minute warmup, we issue complex queries that gener-
ate substantial temporary-table traffic. Without this feature, short
analytic bursts spill into remote storage, producing sharp band-
width spikes and high temporal variance. With exclusion enabled,
temporary pages stay local to the BPE, which lowers peak band-
width while stabilizing overall efficiency. Recovery is unchanged
since temporary tables need no persistence.
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Table 2: Backup and recovery results (50GB dataset).

Metric ESSD only OSS only CloudJump III

Snapshot creation 0.52 53.73 0.64
Backup duration 49.58 53.73 51.22
Recovery time 1.15 57.64 52.26

Figure 8c analyzes the bypass path for BLOB or DDL writes,
which sends both directly to OSS and removes them from the shared
log-flush queue. Under sustained transactional load with periodic
DDLs and concurrent BLOB traffic, the No bypass curve shows
repeated and deep TPS drops aligned with each DDL phase. In
contrast, the Bypass curve stays near steady-state TPS with only
minor variation. These results show that bypassing BLOB and DDL
writes shields transactional I/O from their background cost and
prevents DDL-driven stalls from throttling foreground throughput.

Together, these results indicate that effective tiering requires
engine integration. With engine-visible signals, the engine applies
accurate placement and stable writeback. This filters one-hit noise,
confines transient tables, and isolates non-transactional writes,
yielding steady throughput and better cost efficiency from limited
fast-tier capacity.

5.5 Backup and Recovery
As shown in Table 2, snapshot creation in CloudJump III (0.64 s)
stays close to the pure ESSD setup (0.52 s) and remains far faster
than the OSS-only path (53.73 s). The lock–version–copy sequence
fixes the boundary and issues an intra-bucket fast-copy of metadata,
yielding sub-second snapshots with remote durability. Backup and
recovery also remain stable. CloudJump III completes backup in
51.22 s and recovery in 52.26 s, matching the OSS baseline. These
times are dominated by remote bandwidth because most data re-
sides in OSS, and CloudJump III adds no extra delay despite the
extra tiers. Two choices keep the path efficient. Coalescing objects
into 2 MB units and using table-level dirty-bit incremental copy
avoid full scans and reduce API load, and ordered local–remote
write handling ensures deterministic, idempotent replay. Overall,
CloudJump III preserves OSS-level backup and recovery time
while reducing cost through engine-guided tiering.

6 Related Work
Cloud-Native Database Architectures. Separating compute from
storage defines modern cloud databases for elasticity and avail-
ability. Amazon Aurora [84] pioneered a log-structured shared-
storage design for OLTP; Microsoft Socrates [2] and Azure SQL
Hyperscale [24] add remote page servers and caching. For analytics,
Snowflake [27] and Redshift [3] use object storage as a common
data substrate for independent scaling; SAP IQ has been extended
with cloud-native storage and instance-storage caching for object
stores [1]. Spanner [23], AlloyDB [21], and F1 Lightning [90] com-
bine consensus replication with distributed logging for cross-region
consistency. In Alibaba Cloud, production systems generalize these
patterns at scale for mixed workloads and elastic compute [15, 94].
Recent surveys provide a broader taxonomy and challenges for
cloud-native databases [32]. Prior work studies storage disaggre-
gation with RDMA storage, log structured layouts, shared buffer
coordination, and multi tier management [33, 44, 72, 89], as well

as atomic commit under disaggregation [39]. The CloudJump line
follows this trajectory. CloudJump I [19] optimized the compute to
object store path, CloudJump II [20] introduced multiversion shared
storage, and CloudJump III internalizes tiering to align placement
with workload dynamics while preserving recovery semantics.
Tiered and Hierarchical Storage Management. Hierarchical
tiering spans ILM and HSM systems (e.g., GPFS ILM [40] and Oracle
HSM [26]), OS and device caches (e.g., dm-cache [82], bcache [64],
LVM [69], ZFS ARC/L2ARC [61]), and distributed object stores
(Facebook f4 [80], Microsoft Pelican [4], Ceph [88]) that move data
between hot and cold tiers. These mechanisms are mature but typi-
cally operate at block or file granularity and lack database semantics,
index-data separation, and transactional consistency. PrismDB [70]
integrates tiering within the storage engine by migrating objects
across NVMe tiers, yet remains object-granular. Learning-based
storage frameworks (e.g., OctopusFS [47]) migrate files using ac-
cess prediction [42] but are unaware of DBMS semantics such as
index-data separation and transactional eviction control. Cache
libraries such as CacheLib provide general abstractions [6]. In con-
trast, CloudJump III internalizes tiering in the engine and routes
pages at eviction and flush using access patterns and table heat,
avoiding coarse-grained migrations and recall-induced jitter.
Hot and Cold Data Management in Databases.Within database
engines, hot–cold placement draws on buffer replacement and tier-
ing policies (LRU, CLOCK, 2Q, LIRS, ARC [18]), multi-temperature
and lifecycle management in production systems (DB2 [71], Oracle
ADO [25], SAP HANA [38]), and tiered writes in LSM-based stores;
recent work addresses LSM layout [95] and heterogeneous mem-
ory management [77]. Admission filtering to curb cache pollution
is well studied—e.g., CLOCK-Pro [46], TinyLFU/W-TinyLFU [34],
CacheSack [92]. Many approaches, however, remain coarse-grained
or decoupled from recovery, undermining stability under workload
variation. CloudJump III unifies page- and table-level signals in
an engine-integrated model: admission at eviction, write routing at
flush, and placement orthogonal to multiversion recovery.

7 Conclusion
CloudJump III advances tiered storage by integrating placement
and routing into the engine’s buffer-manager path without exter-
nal migration layers. This shifts tiering from reactive background
movement to a predictable, eviction-driven process aligned with
transactional correctness. The design unifies caching (DRAM and
SSD-based buffer pool extension), durable buffering on network-
attached storage, and snapshot-based persistence on object storage
within one control framework that preserves crash consistency
and zero-downtime backup. Eviction-centric admission and per-
table quotas keep fast-tier usage bounded and fair in multi-tenant
settings, while the snapshot-version protocol keeps placement con-
sistent with recovery and backup. Deployed in Alibaba Cloud’s
MySQL-compatible engine, CloudJump III delivers near-local
throughput and stable latency with a small fraction of fast-tier
capacity, yielding steady and cost-efficient performance. These re-
sults show that predictable performance in disaggregated databases
follows from placing tiering in the same control loop as caching
and recovery, offering a practical foundation for scalable, resilient
cloud database design.
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