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ABSTRACT

In contemporary cloud-based analytical databases, the adoption of
a disaggregated storage model is a prevalent trend. This model
allows the elastic compute layer to access data stored remotely in
block-oriented columnar formats in cloud storage. However, the
high latency and limited bandwidth associated with remote storage,
as well as the limited capacity of local storage, pose significant
challenges. Consequently, the imperative of caching data within the
compute nodes has gained significant attention, sparking a renewed
interest in caching methodologies for enhancing analytical
processes. While existing caching solutions focus on improving
bandwidth based on file or block-level caching with an average file
or block size of tens of MBs, many analytical database scenarios
require handling small files (one table consisting of thousands of
10 KB small files), low latency (response time of 100 ms), and high
concurrency (hundreds of simultaneous accesses). In this paper, we
introduce a new caching system, Gopher, which effectively
addresses these challenges. It empowers storage-disaggregated
cloud databases to deliver performance comparable to MPP
databases while also exploiting the benefits of elastic horizontal
scaling.
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1 INTRODUCTION

In the era of cloud computing, the evolution of cloud-based
analytical databases has led to the widespread adoption of a
disaggregated storage model [20, 21, 23, 53, 54]. Driven by its
flexibility and cost-effectiveness, this architecture decouples the
compute and storage layers, enabling elastic compute layers to
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access remotely-stored data within cloud storage services. Major
cloud databases and big data systems like Snowflake [20], AWS
Redshift [21], Spark [24], and Presto [25] already support direct
querying of cloud storage like AWS S3 [17] and Azure Blob [69].
However, this architecture introduces challenges due to high
latency and bandwidth limitations inherent to remote storage, as
well as constraints posed by local storage capacity.

Consequently, cache systems have garnered significant attention.
Despite the performance gains achieved through conventional
caching methods, they struggle to address two challenges
effectively.

1) While traditional caching technologies [1, 2, 3, 34, 35, 36, 38,
39] can effectively improve read speeds, they often provide limited
benefits for write operations. This is due to the network’s inherently
higher latency and lower throughput compared to local disk access.
Such sluggish write speeds can result in write-intensive processes
suffering from substantial delays and severely degrade the
efficiency of job pipelines, where the successful completion of one
task is contingent upon the quick and reliable processing of its
output by the subsequent task.

2) Although certain caching systems [8, 9, 14] are designed to
enhance both read and write throughput using file or block-level
caching, with typical file or block sizes in the tens of megabytes,
many cloud-based database environments present unique
challenges. These scenarios often involve dealing with copious
amounts of minuscule files. For example, a single database table
might contain thousands of 10 KB files. This imposes strict latency
thresholds of about 100 milliseconds. Additionally, there is a need
to accommodate hundreds of concurrent access requests. To meet
these demands, caching strategies must evolve to efficiently handle
the granular nature of small files while maintaining the speed and
scalability required for demanding cloud database workloads.

In this paper, we present Gopher, a novel caching system that
overcomes the aforementioned challenges. Gopher is a distributed
caching mechanism designed to handle high concurrency and
deliver low-latency access to files of all sizes. Deployed at each
node within the data warehouse’s computational layer, Gopher is
engineered to accelerate 1/0O operations. To circumvent the
potential limitations of network communication within clusters,
which are common in centralized master-slave distributed systems,
Gopher adopts a decentralized architecture. Each cache instance
operates as an autonomous client/server service, functioning as a
local file system equipped with a two-tier cache for data warechouse
computing services at the node level.



Gopher stands out as a high-performance, highly available
caching system, offering an architecture that supports file
prefetching, batch read operations, shared memory, optimized
asynchronous writes, concurrent multi-read capabilities, as well as
a suite of advanced features including merging for small files and
rapid cache reconstruction during cluster horizontal scaling. These
features collectively reduce the number of I/O operations and
memory copies, facilitating efficient concurrent analytics
processing and seamless scaling. In our experiments, we observe
that Gopher can significantly enhance the performance of cloud
databases by 4x. It accomplishes this while offering query times
that are comparable to those of MPP databases and enjoying the
advantages of elastic horizontal scaling.

The rest of the paper is organized as follows. Section 2
introduces the background and the motivation of the system design.
Section 3 and 4 elaborate on the system architecture, API, and
caching optimizations. Section 5 presents and discusses
experiments and Section 6 reviews related works. The conclusion
is drawn in Section 7.

2 BACKGROUND

This section introduces the architecture of Teleadb for AnalyticDB
(TeleDB-ADB) cloud-native data warehouse and describes our
target workloads. It provides background information that
motivates the Gopher solution, a low latency cache in the compute
nodes.

2.1 TeleDB-ADB Cloud-Native Data Warehouse

TeleDB-ADB is a data warchouse to support both SQL and
machine learning analytical tasks in the cloud. The system adopts a
cloud-native disaggregated design in which the compute, storage
and metadata services are managed in separated clusters to enable
high elasticity, high availability, and high reliability. Figure 1
illustrates the TeleDB-ADB architecture.

TeleDB-ADB’s storage layer supports data persistency and
retrieval in object storage, UnionStore, and external big data
storage [18, 19]. TeleDB-ADB-managed object storage is the
default storage pool for user table data, temporary data, and query
results. It is elastic and cost-effective, providing 99.999999999%
durability and 99.99% availability SLA, which makes it a natural
choice as the main storage engine for massive data. UnionStore is
the storage engine to support hybrid transactional and analytical
processing. It consists of a WAL service and Page service, which
persist and replay redo logs to support transactional data visits and
time travel. TeleDB-ADB also supports open lakehouse and can
visit external data in HDFS managed by Apache Hive [70] and
Apache Spark [24]. The system uses foreign data wrapper to access
the Hive, Hudi [71], or Iceberg [72] metadata and then performs
data read / write operations in HDFS [19] or other external storage.

The metadata layer is an independent cluster that manages and
serves various metadata for the compute clusters. It consists of a
coordination service, a metadata service, and a metadata storage
service. The coordination service is an etcd [73] cluster that
discovers and allocates the metadata serving. The metadata service
is a cluster of stateless services that provide metadata access,
privilege control, lock management, and distributed transactions,
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Figure 1: TeleDB-ADB Cloud Database Architecture.

etc. The metadata storage service is a distributed key-value storage
engine that stores various metadata such as mappings between
tables and storage objects, data dictionary, WAL logs and indexes,
etc. When a metadata request arrives, the coordination service
allocates a metadata service node to handle this request. This node
retrieves the requested metadata from the metadata storage service
and returns them.

The compute layer is the core of the system and can provide
multiple compute clusters to perform data warehouse or machine
learning analytical tasks in scale. Each compute cluster can be
created using different hardware and configurations on demand and
its resources are completely isolated from other clusters. Currently,
the compute layer can support up to 10,000 computer clusters
concurrently. Each compute cluster has a coordinator node (also
called master or head) as the query entrance and coordinator as well
as multiple worker nodes (also called segment) which perform the
heavy-lifting computation. When an analytical task arrives, the
coordinator node generates a distributed execution plan, driving its
worker nodes to complete the task.

We initiated the TeleDB-ADB system implementation in 2016
and it has been deployed to production since 2018. Our largest
production deployment entails more than 148 compute clusters and
30,000 VM nodes. It adeptly oversees in excess of one million
tables and 19 PB data, processing more than 10 million queries and
jobs daily, which is one of the largest cloud data warehouse
deployments worldwide. Our customer benefits substantially from
the inherent attributes of our cloud-native architecture, witnessing
a reduction of 20% in duplicated jobs, 51% in redundant data, and
an optimization of over 30% in hardware resource utilization.
While deploying the system to a large production environment has
given us a deep experience of the benefits of a cloud-native
architecture, it has also revealed the urgent need for a new caching
system for cloud analytical database workloads. These
requirements are elaborated in the next section.

2.2 Target Workload Properties

The integration of a disaggregated storage model demonstrates
substantial elasticity and scalability advantages yet brings high
latency and restricted bandwidth associated with remote storage to
the system. In response to these inherent challenges, we implement
a cache system in the compute layer to manage read and write
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Figure 2: Gopher Cache System Architecture.

operations. This cache is strategically designed to optimize
analytical workloads for data warehouse, data lake, and AI/ML
processing, which have the following properties:

e Massive small file access: In addition to a large file sequential
access and large file random access, millions of 16 KB files are
generated in large-scale production environments, which need

to be managed carefully to ease disk and network I/O overheads.

High concurrency: The cache needs to support large volume of
concurrent jobs. In one of our large production environments,
the system processes over 9 million queries and 1 million ETL
jobs daily. During its peak business hours, the system faces the
demand of over 8000 concurrent queries, imposing significant
strain on the cache (500 concurrent jobs per node) to handle
data read/write gracefully with fixed I/O capacity.

Low latency: Latency stands as a pivotal factor influencing
real-time analysis, fast data retrieval, AI/ML processing, and
other time-sensitive jobs. These tasks expect query responses
like MPP processing, which requires the cache to significantly
reduce overall response delays, aiming for a substantial
decrease in latency by 2x and more. Such enhancements
empower expedited decision-making processes and facilitate
seamless execution of real-time analytics, thereby elevating
operational efficiency and responsiveness in various
applications.

Seamless access to diverse storage infrastructure: Large
enterprise users store data in diverse infrastructure such as local
and remote HDFS, S3, and FTP storage, etc to utilize historical
IT investments. Building modern analytic and Al pipelines
requires the cache being able to flexibly exchange data with
different storage systems, minimizing data silos and redundant.

Shared memory support for query operator pipelining: Shared
memory becomes critical when dealing with large amounts of
data in parallel operations. Supporting data pipelines through
shared memory enables rapid transmission and processing of
data at different processing stages, reducing unnecessary data
copying and transmission time to the local or remote storage,
thereby improving processing efficiency and overall system
performance.

3 GOPHER DESIGN OVERVIEW

In this section, we present a comprehensive overview of the Gopher
system, elucidating its architecture, API functionalities, and
providing practical examples to illustrate its application and usage.

3.1 System Architecture

Gopher is a distributed cache system that supports high concurrent
and low latency access to massive small and large files. It is
deployed to each node at the data warehouse computer layer to
accelerate computing I/O access (Figure 2-a). In order to avoid
potential intra-cluster network communication constraints which
we have observed in other centralized master-slave distributed
cache systems, the cache adopts a decentralized design in which
each cache instance is a self-contained client/server service, acting
as a local file system with two-level caches for data warehouse
computing services at the node. Figure 2-b illustrates the main
components of Gopher.

1) The metadata service is the core of the cache system. It
manages metadata such as task status, file name, or block ID and
interfaces with other modules to facilitate access data for clients.
To gracefully handle massive I/O requests, the metadata service
employs a working thread pool which consists of separated child
thread pools. These pools handle long-executing commands and
manage disk space asynchronously, ensuring efficient resource
utilization.

2) The user file system stores destination storage information
such as target file systems, ports, and buckets, etc.

3) The block manager and file manager offer data access for
blocks and files, respectively. They utilize stream reads and writes
to process large files in a small memory buffer, improving I/O
efficiency and reducing memory usage.

4) The cache manager implements a two-level cache, a memory
pool as well as an SSD cache, to productively utilize the limited
cache space and improve data access speed. The memory pool
supports zero-copy processing, facilitating shared memory access
to enhance runtime efficiency. The SSD cache stores data swapped
out by the memory pool. As a non-volatile storage medium, the



/* a. User Operations */
gopherFS connect (gopherConfig configure);
int disconnect (gopherFS fs);

/* b. File Operations */

gopherFile openFile (gopherFS fs, const char *path,
int flag, toOffset block size);

int closeFile (gopherFS fs, gopherFile file,

9. bool sync);

10. tSize read(gopherFS fs, gopherFile file,
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11. void *buffer, tSize length);

12. tSize write(gopherFS fs, gopherFile file,
13. const void *buffer, tSize length);
14.

15. /* c. Batch Operations */
16. int prefetch(gopherFS fs, int num,

17. const char **filelList);

18. int batchRead(gopherFS fs, int num,

19. const char **filelList, void *buffer);
20

21. /* d. Memory Object Operations */

22. int createObject (gopherFS fs, const char* object id,
23. int64_t data size, char** data);

24. int sealObject (gopherFS fs, const char* object id);
25. int getObject (gopherFS fs, const char* object id,

26. int64_t timeout ms, const char** data);

27. int releaseObject (gopherFS fs, const char* object id);
28. int deleteObject (gopherFS fs, const char* object id);

Figure 3: Gopher Client Interface Examples.

SSD cache can be used to restore computing states when the node
accidentally crashes.

5) The persistent storage module incorporates network
transmission libraries such as liboss2, libhdfs3 and libftp to
complete network connection and transmission tasks to S3 object
storage, HDFS and local storage, an expanding list of storage
options.

6) The session manager utilizes epoll multiplexing to handle
connections from multiple clients simultaneously. The client
implementation involves the cache system APIs as well as stream
objects such as FileInStream and File OutStream to stream read and
write data efficiently. The flatbuf protocol is employed to provide
high-performance and reusable serialization and deserialization.

As a high-performance and highly available caching system,
Gopher supports multiple key features such as file prefetching,
batch read, shared memory, asynchronous write optimization,
concurrent multiple reads, and small file memory merging, etc.
These features can practically reduce /O operations and memory
copies, supporting efficient concurrent processing and rapid
scaling-out. Detailed cache optimizations are described in Section
3.3 and 4.

3.2 API

Gopher provides a comprehensive set of client interfaces to manage
files and directories, ranging from basic file operations to advanced
cache management. The interfaces include C, C++, and Java
implementation for flexible invocations. C is the primary interface
as it is convenient for direct database calls. Figure 3 shows common
interfaces in C for different types of operations.

a) User operations are client interfaces to establish and terminate
a connection with Gopher and the remote persistent storage. For
instance, the comnect() method (line 2) passes the destination
persistent storage information in parameter configure to ask Gopher

to set up a connection with the remote storage system and returns a
handle to a file system managed by Gopher.

b) File operations are standard file operations that open, read,
write, and close files. Parameter sync in the closeFile() method
(line 8-9) is to specify whether to synchronize the file to the remote
storage immediately.

¢) Batch operations are to accelerate reading files smaller than 8
MB. For instance, the prefetch() method (line 16-17) instructs
Gopher to prefetch files specified in fileList. The batchRead()
method (line 18-19) multiple files into the buffer which is normally
set to 8 MB.

d) Memory object operations are methods to instruct storing
intermediate results in the memory directly instead of writing to
temporary files. These 1/O optimizations are discussed in detail in
Section 4.3.

In addition to the operations mentioned above, Gopher also
provides interfaces to support administrative tasks, UUID handling,
and other functionalities, servicing as a comprehensive file system
for clients. These interfaces have not been detailed here because
they are less directly related to the subject of caching.

3.3 Examples

This section uses an example of reading and writing a sequence of
files with various sizes from an object storage service (OSS) to
illustrate the cache system’s I/O process. This process supports
reads, synchronous writes, and asynchronous writes.

The client calls connect() and disconnect() to establish and
terminate a connection with the cache system. Once receiving the
OSS connection information from the client, the cache system
persists it in the user file system, initializing a working pool at the
metadata service to start the interaction with OSS using libraries in
the persistent storage module. These allocated resources will be
freed when the I/O process completes, and the connection
terminates.

3.3.1 Reads

There is a strong correlation between file size and I/O efficiency,
and we have observed that a database process reaches good input
utilization when it is given a buffer of at least 1 MB or a whole data
block. Hence, we first sort the list of files to read based on their file
sizes and apply separate read policies according to their sizes.

1) Files less than 1MB. Files smaller than 1 MB are all read in
batch. The client calls prefetch() to request the list of files and then
calls batchRead() to read the file data. On the other hand, upon
receiving the list of small files, the cache system allocates a 16 MB
buffer at its two-level cache, reading files from OSS to the buffer.
When either the 16 MB buffer is filled or the batch accumulates
100 small files, a new stream of small files will be returned to the
client.

2) Files between 1 MB and 8 MB. Unlike files smaller than 1
MB, the process of transferring files between 1 MB and 8 MB from
OSS to the cache and then from the cache to the client occurs
asynchronously. As soon as a file is cached in the buffer, a fresh
stream is initiated to the client, even as the cache continues to
retrieve additional files from OSS.



3) Files more than 8MB. Files exceeding 8 MB in size are moved
from OSS to the cache and then served to the client in 8 MB blocks
in turn. These data blocks can also be prefetched when we set a
block-prefetch configuration flag in Gopher. When the client issues
a read() request specifying the file’s offset and the desired data
length, the cache system verifies if the requested block is already
stored. If not, it initiates the download of subsequent blocks in the
file and forwards the block to the client once it has been retrieved.

3.3.2 Synchronous Writes

To perform synchronous writes, the client first calls openFile() to
create and specify the block size of the file in the cache. Then it
invokes write() to ask the cache system to allocate a memory space
with the given block size, writing file contents to the memory.
When the block is filled, the cache system allocates a new block in
memory to the client to continue writing and send the filled block
to OSS in the background. When the file is completely written, the
client calls closeFile() to terminate the write process. As writing
data to OSS takes much longer than writing to the local cache, the
working thread pool supports simultaneously writing multiple
blocks to OSS in parallel to accelerate writing.

3.3.3 Asynchronous Writes

The asynchronous write feature can further expedite the writing
process of sequential files by only verifying the file writes at the
time of transaction completion. For instance, the database performs
10 inserts during a transaction and instructs the client to write 10
files. When the client calls the closeFile() after writing the first file
to the cache, the cache system immediately returns write
completion, allowing the client to start writing the next file even
though writing to OSS is still in progress. On the server side,
Gopher writes and aggregates these files in the memory pool and
asynchronously sends them to the persistent storage in batch in
parallel. Write completion will be verified when the transaction
ends and summit() is called. If any file write is unsuccessful, the
entire transaction will be rolled back. Otherwise, the database will
proceed to the next transaction. The asynchronous writes feature
transforms a sequential database write process to writing cached
blocks to OSS in parallel, thereby substantially accelerating the
write process.

4 CACHING OPTMIZATIONS

This section discusses caching optimizations in addition to file
prefetching and asynchronous writes covered in section 3, such as
small-file merging and rapid cache reconstruction. We design and
implement these innovative features in Gopher, enhancing its
functionality as a high-performance compute layer cache within an
elastic cloud environment.

4.1 Merging Small Files into Blocks

Large-scale analytical computing clusters inevitably deal with
massive numbers of small files. As the cluster grows and the
number of nodes increases, the same data is divided into more
segments, resulting in smaller segments that are then distributed
evenly across the compute nodes. Consequently, the files processed
on each node continue to decrease in size. In some of our large
production environments, which house over 10,000 virtual

0KB 0Byte

File 1 File 1 Metadata
2KB CRC
i = {owap |
fRe2 mOffset 0Byt
10k8 = mLength fileCurrentOffset
12KB File 3 - 1By
File Data E— 40 Byt : 5 metaCurrentOffset
ile Y =
KB ile 2 M currentVersion
16 File 2 Metadata Sbyol
filePath >
@ mOffset Block Footer.
5 mLength
File Data: files with  go pyt H
various sizes.
File Metadata

File Metadata.

Block Footer

Figure 4: Cached Data Block for Small Files.

machines and handle several million queries daily, we have
identified millions of files less than 16KB. These files generate
significant I/O pressure, creating a bottleneck that impacts overall
performance. To address this challenge, we have developed a small
file merging and caching strategy to improve the system’s
efficiency.

The mechanism of merging small files into blocks operates as
follows. Files smaller than 16KB are identified and distinguished
from other files, encapsulated into 8MB cached data blocks. The
data block structure is self-descriptive, containing metadata such as
file names, start offsets, file lengths and bitmap locations at the
block footer. Interfaces for block-level read, write, delete, and
lookup are provided for rapid data access. By accessing just a single
data block, the client gains all the necessary information to access
500 files or more, resulting in a highly efficient process.

In addition, data locality, multi-threading, and two-level caches
are utilized to enhance data access optimization.

1) To better support range reads, files are aggregated based on
data locality rather than random distribution. Files that are
frequently accessed together or belong to the same table are
arranged into the same block as much as possible. When these files
need to be read, the number of data blocks to load reduces
significantly.

2) For file updates and deletes, we utilize an append-only
method that allows for non-blocking operations. Background
threads in the working pool will batch-process the cleanup of
outdated files asynchronously.

3) The local SSD pool is utilized as a large volume L2 cache.
The cache manager first assigns memory space in the memory pool
to support fast data block access. When the memory usage reaches
the upper limit, the cache manager moves the least recently used
blocks to the local SSD pool instead of destroying them. When files
in these blocks are needed again, we can reload the blocks to the
memory rather than reconstructing them via fetching hundreds of
files from the remote storage. By combining small files into data
blocks and employing the optimization measures above within the
cache, the utilization of I/O resources is effectively balanced,
substantially reducing high /O issues and thereby enhancing the
stability and performance of the system.



4.2 Rapid Cache Reconstruction in Cluster
Horizontal Scaling

Horizontal scaling is a common occurrence for analytical systems
in massive production environment, which may significantly affect
the computing cluster performance. As the priorities of business
requests change over the course of the day, different compute
clusters scale out and in accordingly. For example, during daytime
business hours, interactive queries are frequent and server
resources are primarily allocated to clusters that support those
queries. At night, when the company needs to consolidate and
analyze daily business data, computing resources are shifted to
clusters that support batch jobs. Driven by dynamic changes in
business requirements, compute clusters are scaled out and in
multiple times a day to adapt to workload changes. However, the
compute nodes that get assigned new data partitions after the
horizontal scaling often become the shortboards of a barrel due to
the nature of missing or mismatch of local caches. We have
observed that, in large-scale production environments, retrieving
massive files from the remote persistent storage to reconstruct the
cache can take anywhere from half an hour to several hours,
severely impacting the cluster. To address this challenge, we
developed a feature that allows the cache to be rapidly
reconstructed after the cluster horizontally scales.

The mechanism of rapid cache reconstruction is as follows. Data
in the persistent storage is evenly distributed among nodes in a
computer cluster in the unit of data logical partitions according to a
consistent hash algorithm. When a scaling occurs, the mapping
between the data and the compute nodes is changed. For instance,
if a cluster of 128 compute nodes is scaled out to 256 nodes, the
mapping between the data in the persistent storage and the compute
nodes changes from 1:128 to 1:256. The node that newly joins the
cluster can use the consistent hash algorithm to calculate and
identify the node where its data logical partitions mapped, sending
cache synchronization requests to it. The two nodes transfer the
cached data in the unit of a data block which is introduced in 4.1
and can encapsulate hundreds of small files through a multi-thread
communication module in the cache system. File MDS5’s are
examined to ensure data consistency. If there is an exception in the
transmission process, the communication module will restart the
cache synchronization until all the requested cache data is
synchronized successfully. At this time, the cache system in the old
node will mark the transferred cached blocks invalid, and its
background thread will perform cleanup, releasing local cache
resources to allocate for new tasks. Since it is a many-to-many
communication process among nodes within the same cluster, the
cache reconstruction is highly efficient and usually completes in
seconds.

4.3 Memory-First Intermediate Result Sharing

The execution plans of analytical query jobs are usually complex,
involving sequential executions of multiple operators. The output
of one operator is the input of the next one. Substantial intermediate
results are generated and saved in this process. In traditional
database processing, these intermediate results are typically stored
as temporary files cached on disk, which may encounter several
potential bottlenecks:

1) Disk caching requires data to be written from memory to disk
and then read from disk to memory, a process that involves disk I/O
and memory copying, which has a significant impact on
performance.

2) When the upstream operator is writing a temporary file, the
downstream operator needs to wait until the file is completely
written, which will hinder the execution of the downstream job,
wasting the CPU and other system resources allocated to the
downstream operator.

3) In the cloud database scenario, as the number of compute
nodes increases, the data partition range controlled by each node is
narrower, resulting in the temporary files saved by each node being
smaller in size but greater in number. This creates greater pressure
on file metadata management, serialization, and deserialization.

In an effort to support intermediate results between different
operators in the execution plan effectively, we’ve introduced a new
option to store intermediate results as in-memory objects in
addition to saving them as temporary files. By prioritizing in-
memory objects for caching, we can reduce the overhead associated
with disk writes and memory copies, enhance collaboration
between upstream producers and downstream consumer operators,
and reduce the costs involved in managing many small files.

Figure 3.d illustrates the client interfaces to manipulate an in-
memory object that supports zero-copy write-once-read-many,
allowing multiple operators to perform efficient concurrent reads.
Line 22-23 is the createObject() method which allocates memory
resource and creates an in-memory object, returning the object ID
and memory address (specified in the parameter data) to the client.
Once obtaining the memory address, the upstream operator writes
to the memory. Upon completion of writing, it invokes the
sealObject() method (line 24) as a signal to the cache system that
the in-memory object has been fully written to and ready for
reading. On the other hand, the downstream operators invoke the
getObject() method (line 25-26) to read data in the in-memory
object and call the releaseObject() method (line 27) upon
completion of reading. When all the downstream operators finish
reading, the deleteObject() method (line 28) is called by the client
or the cache background process to release the memory resources.

In a similar vein, temporary files are written and read in the same
way as normal files. Clients use file operations in Figure 3.b to open
and close files, writing and reading data.

This hybrid method to cache intermediate results as in-memory
objects or temporary files provides clients the flexibility to choose
either the memory pool or the SSD cache pool to transmit
intermediate results from one operator to the next efficiently. The
client can take the actual data sizes and latency needs into
consideration, dynamically opt for the most suitable cache, thereby
enhancing /O resource utilization and overall query performance.
Below are the intermediate result sharing strategies in TeleDB-
ADB database, which exemplifies the advantage of this hybrid
caching technique.

1) When the intermediate result is less than 8MB, the client will
create an in-memory object to save the intermediate result. Caching
these data in memory uses only limited memory resources as well
as avoiding frequent disk I/O’s. In addition, since memory objects
support zero-copy write-once-read-many operations, downstream
operators can directly read memory objects that have been sealed
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Figure 5: TPC-H Experiment Results for Greenplum vs TeleDB-ADB w/o Cache, and Greenplum vs TeleDB-ADB w/ Gopher.

by the upstream operator without having to apply for additional
memory, copy data, and perform serialization or deserialization
again. This significantly improves the efficiency of reading
intermediate results.

2) When the intermediate result is greater than 8 MB, the client
can decide whether to store the data in memory or SSD cache pool
based on whether the downstream operators consume the
intermediate result immediately. 2-a) Intermediate results need to
be consumed immediately. In this case, the client uses the in-
memory object interface to cache intermediate results, writing to
multiple in-memory objects. Instead of waiting until all the data is
written into the temporary file, the downstream operator can start
reading the data once any in-memory object is sealed without
additional disk /O or memory copy. Collaboration between
operators and system utilization are both more efficient. 2-b)
Intermediate results are not immediately consumed. In this case, the
client invokes the file operation interfaces to write the intermediate
results to the SSD cache directly, which reduces the number of data
copying, faster than first writing to the memory and then placing it
on the disk.

5 EXPERIMENTAL EVALUATIONS

In this section, we evaluated Gopher’s general performance and
various features using a collection of experiments that employ the
TPC-H benchmark and real-world data workloads. The
experiments demonstrate that Gopher excels as a cache system,
delivering low latency, high concurrency, and robust throughput
when handling data warehouse and machine learning system files
of various sizes in the elastic cloud environment.

Unless specified, the experimental configuration is as follows:
the TeleDB-ADB database is established to include a compute
cluster and a storage cluster. The compute cluster is composed of 1
master node and 8 segmented nodes, with a total local storage
capacity of 100 GB. Each node is equipped with 8 core CPUs and
16GB memory resources. For the Gopher caching system, 8 CPU
and 16 GB memory are assigned at each node for the cache system.
The storage cluster supports s3 I/O interfaces, responsible for
persisting the database data. Servers are connected with 30Gbps
network.

5.1 End-to-End Evaluation

In this section, we evaluate Gopher’s performance in managing
database and machine learning workloads through the TPC-H,

slowly changing dimensions, and unstructured data file read/write
tests.

5.1.1 TPC-H

We utilize the TPC-H 100GB benchmark to evaluate Gopher’s
efficiency as a cloud database cache. This standard data warehouse
workload generates files in the file size range of 0 to 453 MB for
Gopher to process. Three experiment control groups are set up to
evaluate the results. In the first and second group, the TeleDB-ADB
cloud-native database executes the TPC-H benchmark, with and
without using Gopher, respectively. In the third group, a
Greenplum database (version 6.2) which employs a traditional
MPP architecture that stores data locally is configured with the
same CPU, memory, and disk resources to execute the TPC-H test.
This group acts as a performance baseline for commercial data
warehouses.

Figure 5 visualizes the experiment results. The x-axes denote the
22 queries of TPC-H. The y-axis in Figure 5-a denotes the
performance comparison between the TeleDB-ADB cloud-native
database that does not use its compute node local storage as a
compute layer cache (TeleDB-ADB w/o Cache) and the Greenplum
MPP database (Greenplum) in percentage. The y-axis in Figure 5-
b shows the performance comparison between the TeleDB-ADB
database that employs Gopher to cache data in its compute nodes
(TeleDB-ADB w/ Gopher) and the Greenplum MPP database
(Greenplum), also denoted in percentage.

The test results reveal that Gopher can enhance storage-
disaggregated database query performance significantly to process
data warehouse workloads and serve enterprise-level critical
missions. In the scenario without a compute cache (Figure 5-a), all
22 queries experienced a drastic slowdown, with performance
declining by as much as 70.5% to 7x, and an average performance
degradation of 4x. The performance downgrade is due to an
architecture change where data is now stored in remote storage
instead of the local server. As a result, the database must fetch this
data via the network, which is slower and less stable compared to
reading data from local SSD storage.

In the scenario where Gopher is used, the query runtime for the
TeleDB-ADB cloud-native database improves by a factor of 4. As
Figure 5-b illustrates, the query times are very similar to those of
Greenplum, with individual query difference varying from a
decrease of 52.9% to an increase of 41.2%, resulting in an overall
difference less than 8.1%. The significant improvement is due to
two key factors. First, the overall architecture incorporates a cache
layer within the compute nodes, establishing a multi-tier cache



Table accounts (
id BIGINT,
balance BIGINT,
start_date DATE,
end_date DATE);
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Figure 6: Bank Account SCD Table.

system that allows data to be stored in memory, SSD disks, and
remote storage. This system facilitates smooth swapping between
different storage layers and ensures that data is served to the query
job as required, maintaining efficient performance. Second, in
addition to this robust architecture, we have implemented a range
of caching features, including file pre-fetching, asynchronous
writes, and zero-copy. These features further optimize Gopher’s
resource utilization, throughput, and hit rates. The effectiveness of
these features is thoroughly evaluated and discussed in section 5.2.

5.1.2 Slowly Changing Dimensions

To accurately evaluate its performance in real-world business
contexts, we use slowly changing dimensions (SCD), a technique
commonly employed by banks to manage changes in account
transactions, as the database operations to assess Gopher. The
streamlined bank transaction scenario we simulate is as follows:

o A regional bank serves 1 million customers, each with a single
account.

e The bank's financial transactions encompass four primary
operations: account opening, closure, deposit, and withdrawal.

¢ Every day over a 360-day period:

020,000 new customers open accounts and 20,000 existing
customers close theirs.

0 100,000 customers deposit $100 and another 100,000
withdraw $100.

e To simplify the experiment setup, all accounts are initially
credited with sufficient funds and each account performs at
most one of the four operations above.

The database system captures these daily business transactions and
maintains a detailed historical record. It is vital for the bank’s
ongoing operations and supports various business needs, such as
generating financial reports, managing customer relationships, and
conducting audits.

The database technical operations that support this bank
transaction business scenario are as described follows:

e A database table, Accounts, records the bank’s client account
information (Figure 6), with each row representing a customer
account and a total of 1 million rows.

e Over a 360-day cycle, daily operations include:
o Insert 20,000 rows.
o Delete 20,000 rows.

o Update 200,000 rows, with half increasing the balance by 100
and the other half decreasing the balance by 100.

o All data changes are written to the table as appends. Both old
and new records are retained and distinguished by the
start_date and end_date fields as shown in Figure 7.

1. -- Open an account —-

2. INSERT INTO accounts <new account data>;
3.

4. -- Close an account —-—

5. UPDATE accounts

6. SET end date = <current date>

7. WHERE id = <account id to close>;

8.

9. ~-- Deposit or withdraw $100 for an account --
10. INSERT INTO accounts

11. SELECT id,

12. balance+<dollar change>,

13. <current date>,

14. to_date('2999-12-31', 'yyyy-mm-dd')
15. FROM accounts

16. WHERE id = <account id to update>;

24

25. UPDATE accounts
26. SET end date = <current date>
27. WHERE id = <account id to update>

28. AND start date != <current date>

29. AND end date = to_date('2999-12-31"', 'yyyy-mm-dd');
30

31. —-- Query active accounts

32. SELECT count (*)
33. FROM accounts

34. WHERE end date = to_date('2999-12-31', 'yyyy-mm-dd');
35

36. —- Query accounts changed in the previous day

37. SELECT count (*) -- exclude closed accounts

38. FROM accounts
39. WHERE start date = <previous date>;

Figure 7: Bank Account Database Operations.

e To continuously support its mission-critical tasks, the database
routinely performs a vacuum every 7 days, cleaning up and
optimizing its storage space to ensure it remains in an optimal
state.

Similar to 5.1.1, we conduct this experiment with three control
groups. First, we use a TeleDB-ADB cloud-native database without
employing compute-side storage as a cache (TeleDB-ADB w/o
Cache). Second, we utilize a TeleDB-ADB database that employs
Gopher as its compute layer cache (TeleDB-ADB w/ Gopher).
Finally, we include a Greenplum MPP database (Greenplum). Each
of these three groups is configured with identical server resources
and runs on 10 concurrent processes.

Figure 8 illustrates the test results. The x-axes denote the 360
days and the y-axes denote the update (line 1-29 in Figure 7) and
query (line 31-39 in Figure 7) time, respectively.

The experiment results show that Gopher exhibits excellent
performance advantages in complex database operations in the long
term. SCD tables, due to their necessity to manage multiple
versions of data, are complex to update and can generate a large
number of small files, a common issue in database management.
For instance, in our simplified bank transaction scenario, executing
operations from line 1-29 in Figure 8 every day to update 220,000
rows of data results in hundreds of files less than 8 KB. Despite
regular vacuum optimizes storage space, the number of small files
remains significant, leading to frequent I/O operations and
inefficient use of storage space, which decrease database
performance and resource efficiency. Additionally, as the SCD
version maintenance continues, the version history becomes
extensive and the data volume increases significantly. For instance,
the database is needed to handle files over 10GB in size in this
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Figure 8: Slowly Changing Dimension Transformation Experiment Results for
Greenplum vs TeleDB-ADB w/o Cache vs TeleDB-ADB w/ Gopher.
File Size | Alluxio Write Alluxio Read Gopher Write Gopher Read Gopher Write / Gopher Read /
(KB) (MB/second) (MB/second) (MB/second) (MB/second) Alluxio Write Alluxio Write

8 1.05 8.45 2.68 55.8 2.55 6.60
32 4.81 34.72 11.16 223.21 2.32 6.43
128 10.42 119.05 35.11 568.18 3.37 4.77
512 48.54 274.12 94.34 1,041.67 1.94 3.80
2,048 78.13 196.08 162.6 1,754.39 2.08 8.95
8,192 107.74 177.78 198.76 1,584.16 1.84 8.91
32,768 103.56 176.8 192.21 317.46 1.86 1.80
131,072 104.73 150.52 237.67 332.55 2.27 2.21
524,288 115.49 163.4 225.05 302.36 1.95 1.85

Table 1: Gopher vs Alluxio Unstructured Data File Read /Write.

experiment, according to our measurements. This massive data
volume not only extends query times but also raises cache eviction
rates, further diminishing database performance.

Faced with the dual challenges of handling millions of small files
and managing large datasets, the database's query and update
performance is significantly impacted. However, Gopher has been
successful in reducing the negative effects of these challenges. As
Figure 8-a illustrates, Greenplum's update time decreases from an
average of 22.29 seconds during the first three days to 55.59
seconds during the last three days, showing a 2.49x drop in
performance. In comparison, a cloud database with disaggregated
storage and no compute cache performs worse, experiencing longer

query time and more significant performance degradation over time.

The average update time for TeleDB-ADB w/ cache is 55.97
seconds during the first three days, which is 2.5x slower than
Greenplum, and it increases to 294.90 seconds during the last three
days, which is 5.3x slower than Greenplum, with a performance
drop of 4.5x. Conversely, thanks to Gopher’s optimizations for
handling both small and large files, TeleDB-ADB w/ Gopher
performs significantly better. It has an average update time of 21.11
seconds during the first three days and 31.21 seconds during the

last three days, with only a 1.48x performance degradation. This is
better than Greenplum’s performance in both same-day updates and
late-stage performance degradation.

5.1.3 Unstructured Data File Reads / Writes

In addition to its support for cloud databases in processing
structured data, Gopher can serve as a compute layer cache for
machine learning processing in the cloud. It significantly improves
the caching of semi-structured and unstructured data throughout the
machine learning lifecycle, including training, fine-tuning, and
inference phases. To assess Gopher’s suitability as a cache for
machine learning workloads, we conducted an experiment that
focused on its write and read efficiency for unstructured data of
diverse sizes.

Two control groups are set up. One group utilizes Gopher while
the other uses Alluxio. Both groups are configured with the same
hardware resources and preloaded data. To thoroughly evaluate
their support for different kinds of data files used in machine
learning processes, the test encompasses a wide range of file types,
ranging from 8 KB web pages to 512 MB video files.



Table 1 shows the test results. The leftmost column shows the
file sizes. The central four columns show the write and read
efficiency of Alluxio and Gopher in MB/second, respectively. The
two rightmost columns compare the write and read rate of Gopher
and Alluxio.

The experimental results indicate that Gopher is an effective
compute layer cache when handling unstructured data of varying
sizes. With increasing file sizes, both Gopher and Alluxio exhibit
improving read and write performance, with Gopher showcasing
more pronounced advantages. Specifically, at the time of writing,
Gopher outperforms Alluxio by 2x. This superior performance can
be attributed to Gopher's fully distributed design, which eliminates
the network overhead and the metadata interaction bottleneck
associated with Alluxio's Master-Slave architecture. When it comes
to read operations, Gopher has demonstrated a significant
performance edge, ranging from 3.8x to 8.9x, thanks to its
optimized handling of small files. However, as file sizes continue
to escalate, the limitations of available memory space necessitate
data swapping, causing Gopher's performance lead over Alluxio to
diminish to approximately 2x.

5.2 Advanced Caching Feature Experiments

This section evaluates and discusses Gopher’s advanced features
such as file prefetching, asynchronous writes, small file merging,
cache reconstruction, and intermediate result sharing in memory.

5.2.1 File Prefetching

We use a TPC-H test bed to evaluate the file prefetching feature
with 100GB data. Two experimental control groups are established.
In the first group, file prefetching is activated, while the second
group disables file prefetching. To guarantee the integrity of the
experimental data, each experimental condition is replicated 10
times.

Figure 9 illustrates the experiment results. Given the varying
runtime of different queries, we convert the execution time with file
prefetching (FP) and the execution time with no file prefetching
(NFP) to percentages to facilitate an intuitive comparison. The test
results indicate that enabling file prefetching reduces query run
time from 20% to 51%, excluding Q13 and Q22, which see
improvements of 5.6% and 2.0% respectively. The less impact on
these two queries may be due to both the smaller amount of data
involved in the query executions and the likelihood that these data
have already been cached during earlier query runs. This suggests
that file prefetching is an effective method to reduce data wait time
on remote storage, which in turn enhances CPU utilization and
query performance. These benefits are pronounced in cloud data
warchouse scenarios where the compute node’s local storage is
limited compared to the volume of data they handle. When local
storage is abundant, the effect is correspondingly reduced.

5.2.2 Asynchronous Writes

We use the database load process in the TPC-H benchmark to
evaluate the impact of asynchronous writes on the performance of
database writes. We first stage the generated data on the local disks
of the compute nodes and then write it to the database as append-
only tables. The database uses Gopher’s multi-level storage
capabilities to persist its table data in object storage. We set up two
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Figure 9: TPC-H 100GB with File Prefetching (FP) vs No File
Prefetching (NFP).

control groups for this experiment. In the first group, the
asynchronous write function is activated. After writing data to
Gopher, the database process can immediately proceed to the next
operation without waiting for the data to be completely written to
the object storage. In the second group, the asynchronous write
function is turned off. The database must wait for Gopher to
complete writing data to the object storage. We repeat the test using
25GB, 50GB, 100GB, 200GB, 400GB, and 800GB data
respectively.

Table 2 shows the results of the experiment. The leftmost
column denotes the data volume in GB (DV). The middle two
columns are the time to perform synchronous writes (SW) and
asynchronous writes (AW) in seconds. The rightmost column is the
improvement of asynchronous write time compared to synchronous
write in percentage (IMPV).

The test results reveal that asynchronous writes enhance
database write performance by 21%-45%, across varying data sizes.
This improvement could be attributable to two reasons. First, the
asynchronous write feature decouples the database write operation
from the remote object storage write operation. This allows the
database to initiate the next task promptly after completing writing
to Gopher, reducing the database process’s wait time. Second,
when Gopher writes data to the object storage, it can aggregate
multiple write requests and process them in batch. This
substantially improves the efficiency of data writes to object
storage over the network. The trend of test results also supports
this reasoning. As the data volume increases, Gopher can
consolidate more write operations to object storage, thereby
amplifying the performance benefits.

5.2.3 Small File Merging

To assess the benefits of the small file merging feature, we
conduct a stress test in which we write massive small files to
Gopher and monitor changes in I/O utilization and read/write
performance. Two control groups are set up for comparison. In the
first group, the small file merging function is activated, and the files
are merged in 8MB following their entry into Gopher. In the other
group, this feature is turned off and all files are stored and read in
their original size and quantity. Each of these two groups is
configured with identical server resources and runs on 200
concurrent processes. The test workloads are generated from real-
world production profiling, encompassing a large volume of files
ranging from 0.5 KB and 16 KB.
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Figure 10: 10 Utilization and Read Rates of Merged vs Unmerged Small Files.
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DV (GB) SW (seconds) AW (seconds) IMPV (%) File Num CR (seconds) | NC (seconds) NC/CR
25 396 311 21.46% 320,000 12 440 36.67
50 790 546 30.89% 640,000 21 860 40.95
100 1580 980 37.97% 1,280,000 36 1700 47.22
200 3149 1702 45.95% 2,560,000 72 3369 46.79
400 6231 3394 45.53% 5,120,000 130 6721 51.70
800 11977 6581 45.05% 10,240,000 258 13429 52.05

Table 2: Synchronous Writes vs Asynchronous Writes.

Figure 10 shows the experiment results. In Figures X-a and X-b,
the X-axis represents the file size, and the Y-axis represents the 10
utilization in percentage and read efficiency in MB/second. The
data of the two sets of experiments are labeled as "merged" and
"unmerged", respectively.

In the test result datasets, the 1/0 utilization rate decreases from
nearly 100% to 20%-40% after file merging. Meanwhile, the read
rate jumped from 100-160 MB/second to 400-520MB/second,
achieving a 2.5x to 5x performance improvement. These results
show that the small file merge function can significantly mitigate
disk I/O pressure and improve throughput.

5.2.4 Cache Reconstruction

To quantitively evaluate the effect of the cache reconstruction
feature, we conduct an experiment to scale out a working database
cluster and observe the cache reconstruction time. The database is
first configured to repeatedly execute select queries from real
production environment to fully activate the Gopher cache. Then
we instruct the database to perform a cluster scale out and double
its compute nodes, observing the time to reconstruct the cache. Two
cache recovery strategies are applied in different experiment
control groups respectively. In the first group, the cache
reconstruction feature is enabled and cached data are copied from
existing compute nodes to newly added nodes. In the second group,
the cache reconstruction feature is disabled. The newly added nodes
pull data from the storage cluster directly to build its cache. In our
production environment, it is common to see a database cluster
consisting of several million of files. Hence, we repeat the
experiment using various numbers of files to account for different
sizes. File numbers in the database cluster are 320000, 640000,
1280000, 2560000, 5120000, and 10240000.

Table 3 displays the result of the experiments. The number of
files is listed in the leftmost column. The cache recovery time with
and without the cache reconstruction feature (CR and NC,
respectively) are shown in the central columns. The rightmost
column provides the ratio of these two cache recovery time.

Table 3: Cache Reconstruction Time.

The experiment yielded a 36x or greater improvement in cache
recovery time when the cache reconstruction feature is enabled. For
instance, for an active database cluster which comprises 10 million
small files, the cache reconstruction feature can substantially
decrease the cache recovery time from 13429 seconds (3.7 hours)
to 258 seconds (4.3 minutes). This improvement aligns with the
outcomes observed in our customers’ production environment. In
addition, as cached data are transferred between compute nodes in
8 MB merged block rather than individual files, the benefit
increases as the number of files to recover rises. The experiment
results confirm this reasoning, showing that as the file number
ranges from 320,000 to 10 million, the improvements of cache
recovery time reach from 36x to 52x.

5.2.5 Intermediate Result Sharing in Memory

To assess the intermediate result sharing in memory feature, we use
the database to run a simplified embedded query from production
environment which first writes timestamps and other data to a table
and reads from the writing results. Two experimental control
groups are applied. In the first group, memory object is used to
enable intermediate result sharing in the memory. In the other
group, this feature is disabled. As both the file size and memory
object size may have an impact on the execution time, we repeat
the experiment using various sizes of file and memory objects. A
broad spectrum of file sizes is tested to observe the cumulative
effect on complex queries involving sequences of write and read
operations. The file sizes are 32 MB, 128 MB, 512 MB, 2048 MB
and 8192 MB. The memory object sizes are 0.5 MB, 1 MB, 2 MB,
4 MB and 8 MB.

Table 4 illustrates the result of the experiments. The file size and
the memory object size are in the leftmost two columns. The
execution time using memory object (M) in millisecond, the
execution time without memory object (NM) in millisecond and the
percentage improvement of using memory object (IMPV) are in the
other columns. In all test cases, the group utilizing memory objects
outperforms the other group by 25% or more.



File Size (MB) | Mem Obj Size (MB) | NM (Ms) | M (Ms) | IMPV (%)
32 0.5 28 21 | 25.00%

32 1 28 19| 32.14%

32 2 28 18| 35.71%

32 4 28 17 | 39.29%

32 8 28 11| 60.71%

128 8 102 41| 59.80%

512 8 339 120 | 64.60%

2048 8 1397 354 | 74.66%

8192 8 4813 | 1420 | 70.50%

Table 4: Share Intermediate Results with Zero-Copy Memory.

The experiment result demonstrates that memory object can
significantly speed up write-read query operations by minimizing
data copying, thereby reducing wait times for subsequent tasks.
Additionally, performance enhancements are influenced by both
the file size and the memory object sizes. This is likely because
various workloads require different optimal memory object sizes
for efficient data-sharing pipelines. To address this, we have
provided a memory object creation interface (line 22-23 in Figure
3) that allows the client, such as a database, to define the desired
memory object size, resulting in greater flexibility as well as
improved overall performance and resource utilization.

6 RELATED WORK

Gopher operates as an integrated platform that provides both
caching and hierarchical storage capabilities for storage-
disaggregated analytical systems. This section will discuss research
and industrial work in storage-disaggregated analytical systems,

with a focus on cache systems and hierarchical storage, respectively.

Storage-Disaggregated Analytical System. Modern cloud
databases have embraced an architecture that incorporates storage
disaggregation, which include databases natively developed for the
cloud (e.g. Snowtflake [20], AWS Redshift [21], PolarDB [23], and
TiDB [54]) as well as traditional data warehouse systems migrated
to the cloud (Vertica [74], Teradata Vantage [22, 75]). In addition
to cloud databases, big data processing engines like Spark [24] and
Presto [25] are leveraging the benefits of storage disaggregation
and are designed to support a disaggregated architecture. This
computational and storage decoupling enables each component to
seamlessly adjust to dynamic changes in workload demands.

Cache System. Caching systems are one of the key technologies
to improve the performance and resource utilization of large-scale
analytics jobs. A variety of distinctive caching technologies have
been developed in both the open-source and research communities.
Alluxio [8] is an open-source distributed caching system that
integrates with a variety of data processing frameworks, supporting
large-scale data processing tasks through its distributed nature. Yet
the master-slave architecture may lead to a single point of
performance bottleneck. Memcached [16] is known for its
simplicity and high concurrency processing capabilities, but it has
limitations in terms of data persistence. Redis [15], as an open-
source memory-based key-value store, offers swift data access and
comprehensive data structure support, but requires integration with
additional tools or technologies in distributed database scenarios.
Snowflake implements a multi-tier cache similar to Gopher. Both

systems cache files in compute nodes using consistent hashing and
opportunistic caching strategies. Different from the Snowflake
cache [76], Gopher supports caching features such as file
prefetching, asynchronous writes, small file merging, and cache
reconstruction, which can significantly improve performance.

The research community has also pioneered a range of caching
technologies. Hycache+ [56] allows cached data to be transparently
swapped between high-speed network-attached storage and
compute nodes by providing memory-level I/O throughput but may
require additional optimizations to accommodate the workloads of
different storage systems and database applications. Nectar [10]
improves data center resource utilization and simplifies the
development process by automating data and compute
management, but its reuse strategy of incremental computation and
shared compute operator can add complexity to the system when
combined with a database. CliqueMap [13] employs Remote
Memory Access (RMA) and Remote Procedure Calls (RPC) to
enhance the performance and scalability of distributed caching
systems. CompuCache [14] achieves a cost-effective remote
computing caching solution by leveraging VMs for data offloading
purposes rather than reducing latency.

Hierarchical Storage. In the cloud environment, hierarchical
storage that incorporates different types of media such as DRAM,
SSD, and HDD is a common approach to strike a balance among
performance, capacity, and cost. [27, 28] leverage SSDs for data
prefetching, enhancing the throughput of analytical processing. [57,
58, 59] utilize SSDs as read caches, maximizing the efficiency of
data reads through the application of multiple caching strategies.
[60, 61, 62, 63] adopt SSDs as write-back caches to implement a
two-tier file buffering mechanism, optimizing 1/O performance.
[64, 65, 66] facilitate user management of optimal configurations
for multi-layer cloud storage instances, achieving flexible and rich
storage policies. [67, 68, 69, 70] detect I/O access patterns to
optimize storage-driven hot and cold data migration.

7 CONCLUSION

The rise of cloud analytical databases has prompted the adoption
of disaggregated storage models, which offer flexibility and cost-
effectiveness but introduce challenges related to remote storage
latency, bandwidth limitations, and local storage -capacity
constraints. Traditional caching methods, despite enhancing read
performance, struggle with write operations or handling small files
efficiently. This paper introduces Gopher, a novel distributed
caching system designed to overcome these challenges. Gopher’s
decentralized architecture, enhanced by its cutting-edge features,
significantly boosts 1/O performance and provides rapid,
concurrent access to files of all sizes. This makes it an optimal
choice for a computer layer cache system, particularly suited for
analytical database and Al workloads in the cloud. Experimental
results have shown that Gopher can substantially improve the
performance of cloud databases, achieving a fourfold increase. It
achieves this by delivering query times that rival those of MPP
databases while harnessing the benefits of elastic horizontal scaling.
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