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Abstract
Read-only compressed file systems have become increasingly
popular in space-sensitive scenarios, such as IoT and Docker
containers. To construct condensed images, they divide the
data into blocks (e.g., 1 MB) and compress blocks separately.
However, we observe that block-based compression cannot
fully utilize the compression benefits due to the data mixture
problem, while its performance issues hinder practical usage.

We propose RubikFS1, a sort-enhanced read-only file sys-
tem. Our key idea is to solve data mixture by sorting and
clustering similar data chunks in a file system-favored block
granularity. This is achieved by similarity sorter, which builds
a similarity graph to measure the similarity of data chunks and
clusters similar chunks by subgraph partitioning. Moreover,
sorting can also group data with the same hotness to minimize
read amplification. We then introduce an array of techniques,
including data grouper, data chunker, and hotness grouper,
to implement condensed and efficient RubikFS. Experiments
suggest that, compared to existing read-only compressed file
systems, RubikFS increases the compression ratio by up to
42.60% and reduces unnecessary reads by up to 70.70%.

1 Introduction
Read-only, write-prohibited data, such as Internet of Things
(IoT) kernels [1, 14, 18] and container images [5, 8, 12], are
the foundation of upper-layer services. With widespread de-
ployment, their size becomes important for cost savings and
performance [72]. For example, IoT devices will reach 25.44
billion by 2030 [28], where small images enable cost-effective
hardware. Moreover, container images should be pulled for
startup [80], where less data enable shorter startup latency.

However, the image inevitably grows larger due to system
upgrades and new features. As a result, how to shrink the
image to a suitable size became a popular topic among devel-
opers and communities [4, 9, 10]. To solve the problem, the
Linux community has introduced a range of technologies to
reduce the kernel size [33]; The Yocto project is proposed to
customize Linux images for small embedded systems [21,34].

Among these efforts, the read-only compressed file sys-
tem [36, 66, 72] is one of the most promising solutions to
support transparent image shrinkage, therefore mitigating the
burden on developers and speeding up production deployment.

B Corresponding Author: Wen Xia (xiawen@hit.edu.cn).
1Rubik’s cube (or magic cube) involves restoring its mixed colors into

a state where every face only has one color, which is similar to RubikFS:
sorting mixed data of an image to cluster similar data into the same block.
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Figure 1: Compressibility of Read-Only FSes. Experiments
are conducted on the openEuler image [11]. With the block
size increased, EROFS and Squashfs are still far from direct,
which directly compresses images without block division.

By disallowing further writes, these file systems construct a
compact file system layout to maximize space utilization and
reduce hardware costs. Moreover, they usually collaborate
with block compression to further reduce the image size.

However, file system block compression cannot always sat-
isfy the image shrinkage requirement. As shown in Figure 1,
we conduct preliminary experiments on two read-only file sys-
tems (i.e., EROFS [72] and Squashfs [36]) and three compres-
sion algorithms (i.e., LZ4 [23], ZSTD [40], and LZMA [38]).
The results suggest that, with the block size increased from
4 KB to 1 MB, their compression ratios2 have some improve-
ment, but are still far from Direct, which directly compresses
the openEuler image [11] without block division. Even worse,
block compression suffers from read amplification for large
blocks, hindering practical usage of read-only file systems.

We then conduct extensive experiments to demystify file
system block compression (§3). We observe that data mixture
is the root cause of the mismatch between file systems and
block compression. Specifically, compression reduces image
size by removing redundancy among similar data; however,
block division inevitably mixes dissimilar data within a block.
In contrast, Direct treats the image as a consecutive bitstream
and constructs a large dictionary (e.g., 64 MB for XZ [2]) to
find similar data, thereby mitigating the data mixture problem.

This work aims to address the data mixture problem in
file system compression, thereby generating condensed and
efficient images. Our key insight is sort-enhanced compres-
sion, which detects and clusters similar data chunks (i.e., the
sort unit) within blocks to improve compressibility. This is
achieved by building a similarity graph among chunks and par-
titioning it into subgraphs to cluster similar chunks. Moreover,
sorting can also group chunks with the same hotness, thus
mitigating read amplification caused by block compression.

2Compression Ratio = Original Size / Compressed Size.
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We incarnate this idea by building RubikFS, a sort-
enhanced read-only file system. The primary challenge is
that existing sorting techniques mismatch the read-only im-
age generation due to coarse-grained similarity detection. We
thus overhaul the generation workflow with four techniques:
(1) data grouper to pre-group data of the same type and ac-
celerate image generation; (2) data chunker to chunk and
deduplicate data; (3) hotness grouper to group hot chunks;
(4) similarity sorter to calculate similarity and sort chunks.

We implement RubikFS as a userspace image builder and a
kernel file system. We evaluate RubikFS with six open source
images and three compression algorithms. Experiments sug-
gest that RubikFS can approximate, or even exceed the com-
pression ratio of Direct while significantly mitigating the read
amplification problem. Compared to existing read-only com-
pressed file systems, it increases the compression ratio by up
to 42.60% and reduces unnecessary reads by up to 70.70%.

In summary, this paper makes three contributions.
• We reveal that the read-only compressed file system be-

comes an urgent need to shrink image size, but the data
mixture problem hinders its practical usage in terms of
compression ratio and read amplification (§3).

• We propose sort-enhanced compression to address the data
mixture problem in file system compression (§4). We im-
plement RubikFS with four techniques to construct practi-
cal, condensed, and efficient file system images (§5).

• Extensive experiments on open source images suggest that
RubikFS outperforms existing read-only file systems in
both compression ratio and read amplification (§6).

2 Background

2.1 Read-Only Image
Read-Only Image Introduction. Read-only images have
become increasingly popular due to their widespread de-
ployments, such as IoT devices [14, 28, 36], Android smart-
phones [18, 72], and Docker containers [5, 8, 12, 80]. These
images provide a compact read-only format for storing pro-
duction data, such as the Linux kernel and domain-specific
applications, to support upper-layer services. As the total
number of images reaches the billion level [28, 29], it draws
significant attention from both vendors and developers.
Read-Only Image Composition. To demystify them, we ana-
lyze six representative images, as shown in Figure 2a. Specif-
ically, executable binaries usually occupy the most image
capacity, while the capacity of text files (e.g., scripts and
configuration files) and others (e.g., pictures, videos, and tar
packages) varies according to deployment requirements.

Among executable binaries, ELF (e.g., files with exten-
sion .o, .so, and .ko) is a special file type that has a
structured storage format [15]. As shown in Figure 2b, it
consists of an ELF header and numerous sections, where
.text section stores the program code, .rodata, .data,
and .bss sections store the program data. Since other sec-
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Figure 2: Demystifying Read-Only Image. Evaluated im-
ages are introduced in Table 1. ELF Code, ELF Data, and
Binary are executable binaries, which usually occupy the most
image capacity; Text includes scripts and configurations; Oth-
ers include pictures, videos, audios, and tar packages.

tions are small, the ELF file can be roughly divided into ELF
Code and ELF Data parts. Note that the structured storage
format also appears in other file types, such as PE [32].

Moreover, the container image (e.g., friendica [17]) has a
special format [62, 67, 83] that mixes all types of data within
tar packages. Therefore, Others occupies the most capacity.
The Urgent Need for Image Reduction. Unfortunately, the
image size inevitably grows larger due to system upgrades
and increased features [1,14,18], whereas adapting to it could
be expensive and exhausting. For example, larger embedded
images require more expensive hardware, thus increasing pro-
duction costs for billion-level IoT devices [28, 29]; Moreover,
larger container images increase the startup latency of Docker
services and become the performance bottleneck [80]. There-
fore, even a slight improvement in the compression ratio can
yield substantial benefits for read-only images, and how to
shrink the image to a suitable size has become a popular
topic [4, 9, 10]. As a result, the Linux community summa-
rizes an array of techniques to solve the problem [21, 33, 34],
including configuration options and application shrinkage.

However, applying these techniques one by one could be
time-consuming and performance-sensitive, which demands
a transparent solution to effectively reduce image size.

2.2 Read-Only File System
Read-Only File System Introduction. The read-only com-
pressed file system [36, 66, 72, 77] is a promising solution to
transparently shrink images. Unlike write-enabled file sys-
tems with compression support [13,16,35,45], it targets write-
once, read-many scenarios. By disallowing further writes,
read-only file systems can construct a compact storage layout
and maximize space utilization. Moreover, they also collabo-
rate with block compression to further reduce image size.
Image Build Flow. Building a condensed and efficient read-
only image is the main goal of read-only compressed file
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Figure 3: Image Build Flow of Existing Read-Only FSes.
They pack files and compress data in block granularity. How-
ever, the data mixture problem impairs the compression ratio.

systems, and they share a similar build flow. As shown in
Figure 3a, they first pack the files in a consecutive bitstream
to avoid space waste (①). Then, they divide the bitstream into
data blocks (②) and compress each block separately (③).

Squashfs [36] and EROFS [72] are two read-only file sys-
tems that are still active in the industry. Their differences come
from three aspects: 1. Squashfs compresses fixed-size data
into variable-size blocks, while EROFS compresses data into
fixed-size and page-aligned blocks to mitigate read amplifica-
tion. 2. Squashfs supports file deduplication, while EROFS
supports tail deduplication to remove the same data suffix of
two files. 3. Squashfs supports metadata compression, while
EROFS does not allow it due to performance concerns.
The Data Mixture Problem. However, compressing data with
blocks cannot fully utilize the compression benefits, and the
reason is data mixture. As shown in Figure 3b, when the
bitstream is divided into blocks, each block mixes dissimilar
data, and similar data are distributed into different blocks.
Therefore, block compression cannot remove this redundancy.
Moreover, block compression introduces read amplification
by mixing data with different hotness. This issue is partic-
ularly severe on embedded devices, since limited memory
increases block eviction, which in turn forces costly re-reads
of blocks that were previously loaded but later discarded.

2.3 File System Block Compression
Why Compressing with Data Block? Dividing data into
blocks is a trade-off between the compression ratio and file
system performance. If directly compressing, the file system
should load and decompress the entire image to obtain the
required data. However, block division inevitably reduces the
compression ratio, and existing works [36, 72] mitigate this
problem by increasing the block size. In this paper, we treat
direct compression (i.e., compression without block division)
as a near upper bound of file system compression.
Compression Algorithm Classification. Compression algo-
rithms can be roughly divided into two types: dictionary
compression [23,48,63] and entropy compression [27,47,78].

The basic idea of dictionary compression is to remove re-
peated data strings, such as LZ4 [23] and FSST [63]. As
shown in Figure 4, dictionary compression constructs a dic-

Entropy
Compressor

Dictionary
Compressor ② Removing Repeated Data Strings

① Dictionary Size = Block Size

Original
Image

Block Divider

Learn FAST, build FAST, join FAST'26.

Learn FAST, build join '26.Read-Only
Image

Figure 4: Block Compression in Read-Only FSes. The orig-
inal image is divided into blocks and compressed separately.
Moreover, the dictionary compressor compresses data by re-
moving repeated data strings, while the entropy compressor
encodes data according to the symbol frequency.

tionary to find repeated data strings. Since the data string
‘ FAST, ’ is repeated, the second ‘ FAST, ’ is replaced by
points that point to the first ‘ FAST, ’. Dictionary size is the
maximum distance that repeated strings can be found. If the
distance of two repeated strings exceeds the dictionary size,
dictionary compression cannot remove their redundancy.

Unlike dictionary compression, entropy compression com-
presses data through encoding [27,47,78]. For example, Huff-
man coding [27] considers the input data as a combination
of one-byte symbols. To compress data, it calculates the fre-
quency of symbols, encodes high-frequency symbols with
short bits, and encodes low-frequency symbols with long bits.

Note that dictionary compression and entropy compres-
sion are two orthogonal compression algorithms. Therefore,
combining these two techniques can further increase the com-
pression ratio, such as ZSTD [40] and LZMA [38]. Moreover,
this paper focuses on lossless compression, while lossy com-
pression methods [46, 61, 71] are beyond its scope.
Generic Workflow. Figure 4 shows the generic workflow of
file system block compression. Firstly, the block divider di-
vides the input data into blocks. Then, the dictionary com-
pressor compresses the blocks by removing repeated data
strings. Finally, the entropy compressor encodes blocks to fur-
ther reduce their size. Note that the dictionary size is usually
configured to match the block size, and read-only file systems
prefer dictionary compression over entropy compression.

3 Observation and Motivation

3.1 Observation on Block Compression
Experiment Setup. To demystify file system block compres-
sion, we conduct preliminary experiments on the openEuler
image [11]. Moreover, the evaluated file system and compres-
sion algorithm are EROFS [72] and LZMA [38].

(1) We first analyze how block compression affects the
compression ratio (Figure 5a), including dictionary compres-
sion and entropy compression (i.e., LZMA combines these
two methods). Specifically, we configure the dictionary size of
LZMA to 4 KB, 64 KB, and 1 MB, and observe the variation
in the compression ratio as the block size increases.

(2) We then analyze whether data mixture impairs the com-
pression ratio (Figure 5b). Specifically, we configure the dic-
tionary size to be the same as the block size and observe the
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Figure 5: Observation on the Block Compression. Exper-
iments are conducted on openEuler [11] with LZMA [38].
Results suggest that dictionary compression improves com-
pression ratio with increased block and dictionary size, but
cannot fully utilize compression benefits due to data mixture.

variation in the compression ratio. Moreover, we use EROFS
to build images, where Data Mixed is built from the original
data, while Data Sorted is built from the sorted image (i.e.,
data are divided into chunks and clustered by similarity).
Observation 1: Dictionary Compression Accounts for the
Main Benefit of the Increased Block Size. As shown in Fig-
ure 5a, when the dictionary size is 4 KB (i.e., LZMA’s dictio-
nary compression is restricted, while entropy compression is
as usual), the compression ratio exhibits slight improvement,
despite increased block size. Therefore, entropy compression
gets little benefit from the increased block size, and this paper
mainly focuses on dictionary compression.
Observation 2: Dictionary Compression can Theoretically
Remove All Redundancy among Intra-Block Similar Data.
As shown in Figure 5a, the compression ratio only has a
slight improvement when simply increasing the block size,
and the dictionary size should also keep up with it. The reason
is that the dictionary size represents the maximum distance
that compression algorithms can search for repeated data.
Therefore, a larger dictionary can identify similar data at a
greater distance. When the dictionary size is equal to (or larger
than) the block size, dictionary compression can theoretically
remove all redundancy among intra-block similar data.
Observation 3: Dictionary Compression cannot Remove Re-
dundancy among Inter-Block Similar Data due to Data
Mixture, while Sorting can Solve the Problem. Although dic-
tionary compression can theoretically remove all intra-block
redundancy, the data mixture problem (Figure 3b) still exists
to impair block compressibility. That is, dictionary compres-
sion will lose some compression benefits if dissimilar data are
in the same block, whereas similar data are distributed across
blocks. Fortunately, the problem can be solved by sorting
before compression. As shown in Figure 5b, the compression
ratio of Data Sorted is consistently higher than that of Data
Mixed, regardless of the block size. Therefore, sorting is a
promising solution to further reduce image size.

3.2 Motivation: Sort-Enhanced Compression
Sort-Enhanced Compression. According to the above obser-
vations, we are motivated to address the data mixture problem

(a) Sort-Enhanced Compression

② Compress

Similar Chunks are
in the Same Block

(b) Performance Challenge

Hot Chunks are still
in Different Blocks

Data Chunk

Similar Chunk

Hot Chunk
① Sort Data Chunks

Figure 6: Sort-Enhanced Compression. By sorting and clus-
tering similar data chunks within a block, block compression
can fully utilize the dictionary compression benefits to build
condensed read-only images. Nevertheless, sorting still suf-
fers from performance and mismatch challenges.

of block compression via sort-enhanced compression, there-
fore constructing condensed file system images.

As shown in Figure 6a, sort-enhanced compression en-
sures that similar data are clustered within the same block
to improve compressibility, which can be easily integrated
into existing read-only file systems [36, 66, 72, 77]. More-
over, generic data compression can also benefit from it if the
compressed data size is much larger than the dictionary size
(i.e., the distance of similar data is larger than the dictionary
size). Fortunately, compression algorithms usually restrict the
dictionary size for performance and memory concerns. For
example, LZ4 has a 64 KB dictionary [23], while XZ (using
LZMA [2]) has a 64 MB dictionary for compression level 9.
Challenges. Nevertheless, integrating sort-enhanced compres-
sion into read-only file systems is non-trivial. The challenge
is that sorting is ill-suited for the original image generation
workflow, resulting in mismatch and performance issues.

Challenge 1: Sorting Does not Match Read-Only File Sys-
tems. Existing similarity detection [69,81] and sorting [75] al-
gorithms target backup storage scenarios [60,73,74,84,85] to
process large-scale data. Therefore, these techniques are mis-
matched for relatively small and performance-sensitive read-
only file systems. For example, Finesse [81] and Odess [69]
are two popular similarity detection algorithms. However,
they can only find data chunks (i.e., the basic sort unit) that
are highly similar, while read-only file systems can also bene-
fit from clustering and compressing chunks that are partially
similar. Although Palantir [51] mitigates the problem through
hierarchical similarity detection, it still follows the traditional
fine-grained deduplication workflow [49, 50, 54] to detect
whether two chunks are similar or not; however, it does not
quantify the similarity value between two data chunks.

Challenge 2: Poor Runtime Performance due to Sorting
and Block Compression. Compressing data with large blocks
(e.g., 1 MB) suffers from severe read amplification due to the
random access property of real-world workloads [55,72], and
the problem could be more serious when sorting data by sim-
ilarity, as shown in Figure 6b. Specifically, sorting can only
reserve locality within a data chunk, leaving the inter-chunk
sequence unpredictable. Unpredictable read amplification is
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Figure 7: RubikFS Overview. RubikFS consists of a
userspace image builder (RubikFS.mkfs) and a kernel file sys-
tem. The major components (colored grey) are data grouper,
data chunker, hotness grouper, and similarity sorter.

a latent issue that hinders the practical usage of file systems.
Challenge 3: Long Image Build Time due to Sorting. To

sort the data by similarity, we should calculate the similarity
between all chunks, and the computational complexity could
be O(N2×M2). N is the number of chunks, while M is the
size of the chunks. It takes O(M2) to quantify the similarity
of two chunks and O(N2) for N × (N − 1)/2 chunk pairs.
Therefore, sort-enhanced compression significantly increases
build time and memory overhead, especially for large images.

4 RubikFS Design
We propose RubikFS, a sort-enhanced read-only file system.
This paper aims to integrate sort-enhanced compression into
read-only file systems to construct condensed and efficient
images, while the other components remain unchanged.

4.1 Overview
RubikFS Components. Figure 7 shows the overview of Ru-
bikFS, which consists of four main components (colored grey)
to overcome three challenges introduced in §3.2. Specifically,
(1) data grouper pre-groups data of the same type to acceler-
ate image generation (Challenge 3, §4.2); (2) data chunker di-
vides data into chunks and deduplicates replicas (Challenge 1,
§4.3); (3) hotness grouper groups hot chunks to mitigate read
amplification (Challenge 2, §4.4); (4) similarity sorter calcu-
lates chunk similarity and sorts them by similarity (Challenge
1 & 3, §4.5). Moreover, RubikFS also generates indexing to
recover file data from sorted chunks (§4.6).
Image Generation Workflow. As shown in the left part of
Figure 7, RubikFS.mkfs transforms the original file system
image into the compressed read-only image in seven steps.
First, the image data are divided into several groups (accord-
ing to Figure 2a) and processed separately to accelerate image
generation (①). Then, the data chunker divides the data into
chunks (i.e., the basic sort unit) and deduplicates replicas to
shrink the image size (②). To mitigate the read amplification
problem, hotness grouper further groups chunks into hot and

cold subgroups (③). After that, similarity sorter sorts chunks
in each subgroup through similarity and packs all chunks
into a single data stream (④). Subsequently, RubikFS follows
the traditional image generation workflow to divide the data
stream into blocks (⑤) and compresses blocks separately (⑥).
Finally, RubikFS constructs a sort-enhanced image (⑦).
Data Access Workflow. As shown in the right part of Figure 7,
RubikFS reads the file data in three steps, which depend on
indexing (generated by similarity sorter and compressor) to
recreate the files. Specifically, decompressor first leverages
indexing to load and decompress related compression blocks
(①). Then dupe fixer leverages indexing to locate physical
position of duplicate chunks (②). After that, file recreator
leverages indexing to recreate file data from sorted chunks
(③). Finally, file data can be normally accessed (④).

4.2 Data Grouper
Why Pre-Group Data Through Type? RubikFS significantly
increases the image build time due to complex similarity cal-
culation (§3.2). In this section, we attempt to address the prob-
lem by decreasing the number of calculations, while §4.5 fur-
ther decreases the overall complexity. Our key insight is that
data of the same type are more prone to be similar, while dif-
ferent types of data usually do not have repeated data strings.
Therefore, to accelerate image generation, we pre-group the
image data by their types and process each group separately.
Data Grouper Details. We follow Figure 2a to group the
image data into five types, and their details are as follows:
• ELF Code. ELF code contains the ELF header and
.text section to store the program code. Since
ELF header is located at the beginning of the file with
a magic number, we identify whether a file is an ELF file
by reading and comparing the magic number.

• ELF Data. ELF code contains .rodata, .data, and
.bss sections to store the program data. To divide
an ELF file into ELF code and ELF data, we choose
.rodata section as the cut point, which can be easily
located by libelf. Moreover, RubikFS can also cut other
binaries that have a structured file format (e.g., PE [32]).

• Binary. It contains executable binaries that are not in ELF
format. Therefore, if a file is an executable binary and does
not have the ELF header, we identify it as the binary type.

• Text. The text group consists of readable scripts and con-
figuration files. We identify a file as text if it has a typical
file extension (e.g., .txt, .js, and .lua). Moreover, a file
with > 90% printable characters (i.e., satisfying C function
isprint() or isspace()) is also considered as text.

• Others. The others group contains other file types, such
as pictures, videos, audios, and tar packages. We identify
them by file extensions (e.g., .svg, .png, and .mp4).

Discussion on the Impact of Compression Ratio. Although
pre-group reduces the image build time, it can potentially
decrease the compression ratio. That is, similar data from
different groups are not sorted and compressed together. How-
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ever, our sensitive analysis (§6.6) suggests that this risk is
negligible, demonstrating the effectiveness of data grouper.

4.3 Data Chunker
Fixed-Size Chunking or Content-Defined Chunking? Re-
search on data deduplication [70] suggests that fixed-size
chunking (FSC) suffers from the boundary-shift problem.
That is, if one or several bytes are inserted at the beginning
of a file, all cutpoints declared by FSC will be shifted, and
therefore no duplicate chunks will be detected. To this end,
content-defined chunking (CDC) is proposed to solve the
problem by declaring chunk boundaries based on the byte
contents of the data stream, resulting in variable chunk sizes.

However, the variable chunk size of the CDC worsens the
worst-case performance. For example, suppose that there is a
16 KB file File A, and CDC splits the file into two chunks
with 3 KB and 13 KB size. When an application sends a
request to read the first 4 KB page of File A, the file system
should read the two page-unaligned chunks to get the required
page, resulting in read amplification. Even worse, the read
amplification problem can be more serious if the two chunks
are placed into different and large compression blocks.

Therefore, we use FSC as our default choice due to con-
cerns about worst-case performance. Moreover, similarity
sorter (§4.5) can compensate for the FSC deficiency by group-
ing and compressing partially similar chunks caused by FSC.
Chunk Size Configuration. Configuring an appropriate chunk
size can also be challenging. In general, a small chunk size
helps RubikFS find more duplicate chunks and sort chunks in
a more fine-grained manner, but it also breaks data sequential-
ity and increases metadata overhead. In contrast, a large chunk
size preserves data sequentiality but impairs compressibility.

To this end, we configure the chunk size to be related to
the block size, thus balancing the compression ratio and the
data locality. We then conduct extensive experiments to find
the optimal configuration. Our insight is to find the maximum
chunk size that can still maintain a high compression ratio,
and the result is Equation 1. Specifically, the chunk size is
configured to be 1/16 of the block size by default. For block
sizes less than 64 KB, 1/16 block size makes the chunk size
smaller than the 4 KB page; thus, we set them to 4 KB to
maintain page locality. Moreover, our sensitive analysis in
§6.6 demonstrates the effectiveness of our configuration.

Chunk Size = min(4KB, Block Size / 16) (1)

Full Dedupe or Tail Dedupe? When the data chunker com-
pletes chunking, RubikFS then removes the duplicate chunks
by deduplication. Existing read-only file systems have two
candidate deduplication strategies: full deduplication [36]
and tail deduplication [72]. Specifically, full deduplication
removes duplicate data only when the two chunks (or files)
are the same; tail deduplication removes duplicate data in a
more fine-grained manner: as long as the two chunks (or files)
share the same suffix, resulting in variable chunk size.

We choose full deduplication as the default configuration
for simplicity and efficiency. Although tail deduplication can
remove more duplicate data, it worsens the worst-case perfor-
mance for partially deduplicated but page-unaligned chunks.
Moreover, our sensitive analysis (§6.6) suggests that similarity
sorter can compensate for the full deduplication by clustering
partially similar chunks, therefore achieving a compression
ratio similar to that of the tail deduplication.

4.4 Hotness Grouper
Definition of Hotness. RubikFS attempts to address Chal-
lenge 2 (§3.2) and sustain high runtime performance by group-
ing chunks according to their hotness. The hot data is defined
as data accessed during system startup. This definition aligns
with the access pattern of embedded systems, where the vast
majority of reads occur during startup, and runtime accesses
rarely incur additional I/Os because most data have already
been prefetched and cached during initialization [57].
Tracing Hot Chunks. RubikFS exposes a flexible interface,
–trace=trace.txt, to ingest and process hot-chunk information.
The trace file trace.txt adopts a simple structured format,
(file_path, offset, size), to precisely describe the location of
accessed chunks. This design works well in embedded envi-
ronments, where applications and I/O patterns are typically
deterministic due to their fixed usage scenarios.

A key challenge is accurately capturing hot chunks. Since
general I/O tracing is outside the scope of RubikFS, we only
provide a practical approach consistent with prior works [55,
58, 79]. Specifically, we (1) kprobe the readpage interface
to capture the file name and offset of accessed pages; (2)
deploy and run the image until the system reaches steady
state, ensuring that hot code and data have been fully loaded;
and (3) parse the collected logs into the trace.txt file.
Grouping Hot Chunks into Subgroups. With trace.txt, data
groups can be further divided into hot and cold subgroups,
allowing separate processing of chunks according to their
hotness. Moreover, hotness grouper has good scalability. Al-
though it currently splits a group into only two subgroups,
hotness grouper can be scaled to support multiple subgroups,
thus satisfying different deployment requirements.
Discussion on the Impact of Compression Ratio. Similar to
data grouper, hotness sorter can also lose potential compres-
sion benefits if similar data are distributed across hot and cold
subgroups. However, our sensitive analysis (§6.6) suggests
that the reduction of the compression ratio is negligible, but
the speedup of runtime performance is significant (§6.4).

4.5 Similarity Sorter
Generic Workflow of Similarity Sorter. As shown in Figure 8,
similarity sorter sorts the chunks in five steps: (a) First, Ru-
bikFS calculates the features for each chunk (e.g., Chunk A
has features f1, f2, and f3, and in reality it contains more).
(b) Then, RubikFS generates a similarity graph to measure
the chunk similarity, where nodes represent the chunks, and
edges represent the similarity between two chunks. For exam-
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Figure 9: Feature Extraction Algorithm Comparasion. Ex-
periments are conducted on openEuler [11]. Results show
that simply applying existing feature-extraction algorithms
offers little benefit (i.e., compression ratio is similar to No
Sort), highlighting the need for a dedicated algorithm.

Algorithm 1: Feature Extraction in RubikFS
Input: Chunk In, Chunk Size N, Sampling Rate P,

Gear Matrix Matrix
Output: Feature Array Features

1 max_hash← 0;
2 gear_hash← 0;
3 for i = 0 to N−1 do
4 gear_hash← (gear_hash≪ 1)+Matrix[In[i]];
5 if gear_hash > max_hash then
6 max_hash← gear_hash;

7 if (i+1) mod 1/P = 0 then
8 Features.append(max_hash);
9 max_hash← 0;

ple, the edge value between nodes A and B is 0.67 because
Chunk A and B have two identical features. (c) To cluster
similar chunks, RubikFS partitions the graph into subgraphs,
where each subgraph clusters similar data chunks. (d) Next,
RubikFS sorts the inter-subgraph and intra-subgraph chunks
via similarity. (e) Finally, RubikFS packs all data chunks into
a data stream and generates indexing to recover the files.
(a) Representing Chunks by Features. To measure the similar-
ity between two data chunks, we represent each chunk as sev-
eral features. Therefore, calculating the similarity of chunks
can be seamlessly transformed into examining whether two
data chunks share identical features, which is a common
paradigm in the backup storage scenario [54, 74].

Deficiency of Existing Feature Extraction Algorithms. We
first study whether existing works can efficiently detect the

chunk similarity. Specifically, we conducted experiments with
three representative algorithms, Finesse [81], Odess [69], and
Palantir [51], to sort and compress chunks by fine-grained
deduplication [49, 50, 54, 74]. We also evaluate No Sort as
our baseline. The results are shown in Figure 9, where the
compression ratios of Finesse and Odess are close to No Sort,
Palantir slightly improves the compression ratio, and RubikFS
(Ours) consistently achieves the highest compression ratio.

We then demystify the root cause of their deficiency. We
find that (1) Finesse and Odess can only identify data chunks
with high similarity, but cannot identify partially similar
chunks because they are designed for traditional fine-grained
deduplication. However, read-only file systems can also bene-
fit from partially similar chunks by clustering and compress-
ing them together. (2) Palantir can identify some partially sim-
ilar chunks through hierarchical similarity detection, but still
fails to minimize the image size because it can only identify
whether two chunks are similar or not (i.e., similarity value
is 0 or 1, following the fine-grained deduplication). However,
quantifying the similarity value (i.e., 0∼1) and sorting chunks
by this value can further improve the compression ratio.

Our Solution. As shown in Algorithm 1, we modify the
feature extraction algorithm to fit RubikFS, and the main
difference is the number of features. That is, Finesse and
Odess only construct three super-features for each chunk (up
to 12 for Palantir), while ours is related to the sampling rate.
Specifically, RubikFS continues to scan the data chunk at the
one-byte level and calculate the hash value gear_hash (lines
3-4). Every time the scanned data size reaches the reciprocal
of sampling rate (i.e., 1/P), RubikFS appends the maximum
value of gear_hash as a new feature (lines 5-9). Therefore,
each feature in RubikFS represents 1/P bytes of data. If two
data chunks have an identical feature, they have 1/P bytes
of similar data. Note that we use gear hash [68] without N-
Transform [41,42] because we find that ours can efficiently de-
tect chunk similarity, but N-Transform significantly increases
computational overhead due to linear transformations.

Configuration of Sampling Rate. In general, a higher sam-
pling rate enables RubikFS to extract more features and find
more fine-grained similarity. However, the increased number
of features can also significantly increase the image build time
and memory overhead. Thus, we conduct extensive experi-
ments to find the optimal P, that is, the minimum P without
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reducing the compression ratio. Finally, we configure it to
1/128 by default, and the sensitive analysis is shown in §6.6.
(b) Generating Similarity Graph via Features. When the
chunks are represented by features, we then construct a sim-
ilarity graph to quantify the similarity between all chunks.
Specifically, each node in the graph represents a chunk, while
the edge between two nodes represents their similarity, whose
value ranges from 0 to 1. However, the similarity value in
fine-grained deduplication [51, 69, 81] can be only 0 or 1.

Similarity Calculation. We calculate the chunk similarity
using Equation 2. That is, the similarity between two data
chunks is the proportion of their identical features in their
total number of features. Taking Figure 8a as an example,
Chunk A and Chunk B have a total of six features, and they
share identical features f1 and f2. Therefore, the chunk simi-
larity between Chunk A and Chunk B is 2×2/6 = 0.67.

Similarity = Identical Features/Total Features (2)
Reducing Computational Complexity. We construct a hash

table to scatter the features, where each bucket has identical
features shared by similar chunks. Therefore, the graph gen-
eration is optimized to scan hash table buckets and update the
similarity value for chunks in each bucket. The complexity
decreases from O(N2×M2) to O(T 2

1 +T 2
2 + ...+T 2

k ), where
N is the number of chunks, M is the size of the chunk, k is the
bucket number, and Tk is the feature number in each bucket.
If k > N and the features are evenly distributed in k buckets,
the complexity is reduced to k×O((N/k)2) = O(N).
(c) Clustering Chunks via subgraph Partition. When the
similarity graph is constructed, the task of clustering similar
chunks can be naturally formulated as a subgraph partitioning
problem, where each subgraph represents a similarity cluster.

The Goal of Subgraph Partition. To cluster similar chunks
within a subgraph, the edges stored in each subgraph should
be of high value (i.e., high similarity), while the edges across
two subgraphs should be of low value. Take Figure 8c as an
example, Chunk A and Chunk B are partitioned into the same
subgraph because they have two identical features (i.e., the
similarity value is 0.67). In contrast, the similarity between
Chunk A and Chunk C is only 0.33; therefore, they are not
partitioned into the same subgraph. Note that fine-grained
deduplication can be formulated as the subproblem of our
subgraph partition, where the edge value is only 0 or 1.

METIS for Subgraph Partitioning. We use the METIS al-
gorithm [39] to partition subgraphs. Specifically, METIS is a
widely used software package designed to partition large and
irregular graphs, meshes, and networks. The goal of graph
partitioning is to divide a graph into a predefined number of
balanced subgraphs while minimizing the edge cut (i.e., edges
that are across two subgraphs). Therefore, METIS can cluster
similar chunks by removing the cross-subgraph edges.

Reducing the Computational Complexity. The METIS com-
plexity is O(V +E), where V is the number of nodes (i.e.,
data chunk), and E is the number of edges. Therefore, if the
constructed similarity graph is a complete graph (i.e., every

two nodes have an edge, and E = V × (V −1)/2), the com-
putational complexity can be up to O(V 2). Since the 0-value
edge usually accounts for the largest proportion in all edges,
we remove them from the similarity graph to accelerate sub-
graph partitioning. As a result, the complexity can be reduced
to O(V ) if the chunks share only a few identical features.

Configuration of the Subgraph Size. Partitioning the num-
ber of chunks assigned to each subgraph also affects the com-
pression ratio, and we set the subgraph size to 64 by default.
Moreover, our sensitive analysis (§6.6) suggests that our de-
fault subgraph size achieves a slight improvement in the com-
pression ratio compared to other configurations.
(d) Sorting Chunks via Similarity. Clustering data chunks by
similarity is not the end, we should also decide their sequence
by sorting. Specifically, RubikFS sorts the data chunks into
two phases, as shown in Figure 8d. (1) For intra-subgraph sort-
ing, we place chunks with the most identical features at the
front, allowing subsequent chunks to eliminate redundant data
strings based on them. Therefore, we follow Equation 2 to
calculate the similarity between a chunk and all other chunks.
Then, we sort the chunks in the subgraph through their simi-
larity. (2) The inter-subgraph sorting workflow is also similar.
We follow Equation 2 to calculate the similarity between a
subgraph and all other subgraphs, where a subgraph’s features
are formed by aggregating the features of its chunks. With the
two sortings, all data chunks are sorted by similarity.
(e) Packing Chunks and Generating the Indexing. Finally,
RubikFS packs data chunks into a data stream and generates
indexing to recover files from the data stream, as shown in
Figure 8e. Specifically, with indexing, RubikFS can locate
the actual position of the deduplicated data chunks, recreate
file data by reorganizing the sorted data chunks, and provide
transparent data access for upper-layer applications.

4.6 File System Indexing
Since sort changes the storage layout, RubikFS should use
indexing for recovery. RubikFS directly reuses existing in-
dexes to construct indexing, and the major difference between
indexing and traditional indexes is the number (note that com-
pression metadata are not considered). Specifically, existing
read-only file systems [36, 72] allocate one index for each
file because the file data are stored sequentially. However,
RubikFS divides the file data into chunks and sorts them by
similarity. Therefore, RubikFS slightly increases the index
overhead, but the file system read path remains unchanged.
Each chunk requires a 12 B index entry (original file offset,
packed file offset, chunk size), which yields a storage overhead
of 0.018%–2.93%, depending on the chunk size (Equation 1).
Moreover, chunk features add no storage overhead because
they are directly discarded once similarity sorting completes.

5 RubikFS Implementation
We implement RubikFS with a userspace image builder (i.e.,
RubikFS.mkfs) and a kernel file system. RubikFS is imple-
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mented based on EROFS [72] and modifies ~3.5K lines of
code (LoC) to integrate sort-enhanced compression. Specif-
ically, RubikFS.mkfs is based on erofs-utils 1.8.10 [72], a
userspace tool to build, analyze, and check the correctness of
the image. Moreover, RubikFS is based on the EROFS source
code of Linux 6.16 [22] and has minimal modifications.

RubikFS.mkfs leverages -Esort to control whether sort-
enhanced compression is enabled. If not, RubikFS returns
to the original EROFS workflow to build images. Similar to
EROFS, RubikFS utilizes customized compression algorithms
to compress data into fixed-size and page-aligned blocks.
For example, xz-uilts [38] began to support the fixed-size
compression block after its 5.0.0 release, and developers can
utilize this feature through the library liblzma. Currently, Ru-
bikFS.mkfs only supports three widely used compression
algorithms, LZ4 [23], ZSTD [40], and LZMA [38]. However,
any compression algorithms that support fixed-size compres-
sion blocks can be seamlessly integrated into RubikFS.

6 Evaluation
Our experiments aim to answer the following questions:
• Does RubikFS improve the compression ratio? (§6.2)
• How do data chunker and similarity sorter contribute to

the overall improvement in compression ratio? (§6.3)
• Can hotness grouper mitigate read amplification? (§6.4)
• Can data grouper accelerate image building? (§6.5)
• Does RubikFS choose appropriate configurations? (§6.6)

6.1 Evaluation Setup
Testbed. Experiments about RubikFS.mkfs are carried out on
a server with a 32-core CPU and 128 GiB DRAM, running
on Linux kernel 4.18. Experiments about RubikFS are car-
ried out on FEMU [52], a QEMU-based NVMe SSD emu-
lator that has been widely used in storage system research.
The page size is configured to 4 KB, while the page read
latency is configured to 75 µs, according to the embedded
chip MT29F16G08CBACA [26]. Other configurations re-
main as default. To emulate embedded devices, FEMU runs
on QEMU with 2 CPU cores, 1 GiB DRAM, and Linux kernel
6.16. Note that FEMU offers an effective and reproducible
environment for measuring compression ratio and read ampli-
fication, which is sufficient for our study.
Evaluated Images. As shown in Table 1, we conduct ex-
periments on six open source images, including an em-
bedded kernel (i.e., openEuler [11]), four production-ready
board images (i.e., Harm-3516, Harm-3518, Harm-3861,
and Yocto [3, 30, 31]), and a container image (i.e., Frien-
dica [17, 37]), to show the generality of RubikFS.
Compared File Systems. We compare with EROFS [72] and
Squashfs [36], two representative read-only file systems that
are still active in the industry. Due to the different compres-
sion strategies (§2.2), the Squashfs block size is the size be-
fore compression, while the RubikFS and EROFS block size
is the size after compression. Moreover, we also compare

Table 1: Images Used in the Evaluation. The first five are
embedded images, while Friendica is a container image.

Image Size Description
OpenEuler

[11]
155 MB

An embedded image developed
by the openEuler community.

Harm-3516
[30, 31]

667 MB
An image deployed on Hi3516 [19],
developed by openHarmony.

Harm-3518
[30, 31]

440 MB
An image deployed on Hi3518 [6],
developed by openHarmony.

Harm-3861
[30, 31]

42 MB
An image deployed on Hi3861 [20],
developed by openHarmony.

Yocto
[3]

374 MB
A rootfs image target STM32MP1
[7], developed by the Yocto project.

Friendica
[17, 37]

771 MB
A container image with 5M+ pulls,
the version number is 2024.12.

with Direct, which uses the compression algorithm to directly
compress images without the block division.
Compression Algorithms & Configurations. We evaluate
three popular compression algorithms on top of RubikFS:
LZ4 1.8.3 [23], ZSTD 1.4.4 [40], and LZMA 5.4.1 [38]. The
compression level is configured to the highest level, that is,
level 9 for LZ4, level 22 for ZSTD, and level 9 for LZMA.
Nevertheless, this does not increase decompression overhead
because the cost is largely insensitive to the compression
level [24]. The ZSTD and LZMA dictionary sizes are con-
figured to be the same as the block size. However, the LZ4
dictionary size is configured to be 64 KB for all block sizes,
where 64 KB is the default and maximum configuration.

6.2 Compression Ratio Improvement
Evaluation Setup. We first evaluate whether RubikFS im-
proves the compression ratio. Specifically, experiments are
conducted on six images with three compression algorithms.
we compare RubikFS with EROFS, Squashfs, and Direct. In
addition, the evaluated block sizes range from 4 KB to 1 MB.
Compression Ratio Analysis. The results are shown in Fig-
ure 10, where the compression ratio of RubikFS is consis-
tently higher than that of EROFS and Squashfs. The much
higher compression ratio demonstrates the effectiveness of
sort-enhanced compression. Notably, RubikFS even surpasses
Direct on Harm-3516, Harm-3518, and Harm-3861. In these
cases, RubikFS can cluster similar data that are physically
far apart in their original images, enabling the compressor to
remove redundant data strings that direct compression fails to
exploit. This phenomenon is more obvious for the LZ4 com-
pressor, where the dictionary size is only 64 KB, and therefore
sort-enhanced compression has more significant effects.

Moreover, we can also observe that, in Figure 10p, the
compression ratio of EROFS increases suddenly when the
block size increases from 512 KB to 1 MB. The reason is that
Harm-3816 is a small image (i.e., 42 MB) and therefore, the
physical distances of similar data are close to each other. As
a result, EROFS can compress similar data together with the
1 MB block size. However, Squashfs has a much smaller com-
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Figure 10: Compression Ratio Results. Experiments are conducted on six images with three compression algorithms. Compared
read-only file systems are Squashfs and EROFS. Moreover, Direct uses compression algorithms to directly compress images.

pression ratio because its block size is before compression,
which is smaller than that of EROFS (i.e., after compression).

6.3 Compression Ratio Breakdown
Evaluation Setup. We then evaluate how data chunker and
similarity sorter contribute to improving the compression
ratio. Specifically, the experimental configurations are similar
to §6.2, where Baseline builds the image without sorting; Data
Chunker-Only deduplicates duplicate chunks; Data Chunker
+ Naive Sorter integrates fine-grained deduplication into read-
only file systems, which uses Palantir [51] to maximize the
compression ratio with a total of 12 super-features. RubikFS
sorts chunks through our proposed subgraph partitioning.
Breakdown Analysis. The results are shown in Figure 11,
where we can observe three phenomena. (1) First, the com-
pression ratio improvement of data chunker is image sensitive,
while similarity sorter improves the compression ratio for all
the evaluated images. The reason is that data chunker can
only remove the chunk-level redundancy, while similarity
sorter can remove more fine-grained redundancy by sorting
and compressing similar chunks together. (2) Second, the
compression ratio of LZ4 remains stable when the block size
is larger than 64 KB. Because the maximum dictionary size
of LZ4 is 64 KB, LZ4 can find similar data within only a
physical distance of less than 64 KB, whereas using a block
size larger than 64 KB does not improve the compression
ratio. (3) The compression ratio improvement of Data Chun-
ker + Naive Sorter is unstable and sometimes even results in
negative gains (i.e., smaller than that of Data Chunker-Only).

6.4 Read Amplification Analysis
Evaluation Setup. We evaluate whether the hotness grouper
effectively mitigates read amplification. Experiments are con-
ducted on openEuler [11] with a block size of 1 MB. We
generate two trace files corresponding to 12% (18.07 MB)

Table 2: Read Amplification Analysis w/ and w/o Hotness
Grouper. Experiments are conducted on openEuler [11] with
1 MB block sizes and 12%/40% hot data. RubikFS and w/o
represent RubikFS with and without the hotness grouper.

Config. Comp. File System
RubikFS w/o EROFS Squashfs

12
%

H
ot

ne
ss Time

(s)

LZ4 1.21 2.88 2.89 3.46
ZSTD 1.63 3.03 2.99 4.00
LZMA 3.72 9.40 9.15 9.09

Read
Size

(MB)

LZ4 16.41 55.72 56.00 45.13
ZSTD 13.37 36.60 34.89 25.62
LZMA 10.13 31.02 29.87 21.58

40
%

H
ot

ne
ss Time

(s)

LZ4 3.02 4.37 4.85 5.57
ZSTD 3.03 3.88 4.30 6.39
LZMA 6.34 11.01 11.75 13.84

Read
Size

(MB)

LZ4 32.15 72.71 75.46 66.86
ZSTD 24.39 41.60 44.88 40.14
LZMA 20.82 35.00 39.47 34.83

and 40% (52.55 MB) hot data. The 12% configuration reflects
typical hot data ratios observed in prior work [65] and in our
deployment experience (10%–15%), while the 40% configu-
ration represents an extreme case to evaluate whether hotness
grouper impacts the overall compression ratio.

To construct the traces, we randomly select hot files. For
small files (i.e., ≤ 64 KB), the entire file is marked as hot; for
large files, hot data consist of randomly sampled pages. We
adopt a 1 MB block size because it exhibits the strongest read
amplification, making it the most challenging case for evalua-
tion. Since the benefit of hotness grouping is straightforward,
we report only the openEuler results for space efficiency.
Read Amplification Analysis. The results are shown in Ta-
ble 2, where we can observe four phenomena:

(1) First, RubikFS consistently has the least runtime and
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Figure 11: Compression Ratio Breakdown. Baseline builds images via compression; Data Chunker-Only removes duplicate
chunks; Naive Sorter sorts chunks by fine-grained deduplication; Similarity Sorter sorts chunks through subgraph partitioning.

data read size compared to EROFS and Squashfs. With hot-
ness grouper, RubikFS groups hot data to minimize read
amplification, therefore decreasing runtime by up to 65.03%.

(2) RubikFS still reads a bit more data due to the intrin-
sic properties of its baseline EROFS. Specifically, openEuler
only has 18.07 MB hot data for the 12% hotness trace
file, but RubikFS reads the data more than the theoreti-
cal value. That is, the compression ratio of LZ4 is 2.03×
for openEuler (Figure 10), while the total read size of Ru-
bikFS is 16.40 MB. This phenomenon can also be ob-
served in EROFS, which consistently reads more data than
Squashfs. The reason is that EROFS optimizes performance
with prefetch (i.e., z_erofs_readahead) and batch read (i.e.,
z_erofs_pcluster_readmore). Although we have already
disabled prefetch to avoid unnecessary reads, the batch read
is preserved because it is necessary to improve runtime per-
formance at the cost of reading a bit more data.

(3) Sorting does not worsen read amplification, while block
compression is still the performance bottleneck in RubikFS.
w/o represents RubikFS without hotness grouper, and its run-
time and read size are comparable to those of EROFS. There-
fore, the performance bottleneck remains block compression,
and sorting only exacerbates the unpredictability.

(4) The decompression latency significantly affects the total
runtime. Although LZ4 reads the most data due to its rela-
tively low compression ratio, it still has a shorter runtime due
to its low decompression latency. In contrast, LZMA reads
the least data, but still has the longest runtime. Therefore,
selecting an appropriate compression algorithm is the pri-
mary factor in meeting real-time requirements, whereas other
configurations (e.g., compression level and block size) play
a comparatively minor role, despite their impact on improv-
ing compression ratio. Moreover, RubikFS does not require
high-end CPUs under any of these configurations (§7).

Table 3: Image Build Time w/ and w/o Data Grouper. Ex-
periments are conducted on LZMA and 1 MB block size. Note
that we do not show other configurations because they have
a similar trend. That is, they only influence the compression
time, but the additional sorting time is the same. No Sort
builds images without sorting; RubikFS and No Grouper rep-
resent sorting chunks with and without data grouper.

Image File System
No Sort No Grouper RubikFS

openEuler 40.89 s + 1.90 s + 0.84 s
Harm-3516 163.11 s + 287.88 s + 208.37 s
Harm-3518 126.69 s + 180.45 s + 140.81 s
Harm-3861 12.69 s - 1.05 s - 1.78 s

Yocto 84.73 s + 16.44 s + 4.21 s
Friendica 212.26 s + 29.06 s + 18.71 s

6.5 Image Build Time
Evaluation Setup. In this section, we evaluate whether data
grouper decreases the image build time. Specifically, we build
images with LZMA and 1 MB block size. Moreover, No Sort
builds the image without sorting; RubikFS and No Grouper
represent RubikFS with and without data grouper.

Build Time Analysis. The results are shown in Table 3, where
RubikFS consistently decreases the build time compared to
No Grouper. Moreover, we can observe that: (1) data grouper
significantly decreases the sorting time for large images with
high similarity, such as Harm-3516 and Harm-3518, because
data are pre-grouped into small groups (§4.2). (2) similarity
sorter decreases the sorting time for images with low simi-
larity. For example, Yocto and Friendica have a much lower
compression ratio and fewer identical features compared to
Harm-3516 and Harm-3518 (Figure 10). Therefore, the com-
putational complexity of the graph generation and subgraph
partition is reduced by similarity sorter (§4.5), and the two
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Figure 12: Sensitive Analysis. Red lines are the default con-
figurations. Note that Dedupe Type and Subgraph Size are
not displayed because their results have little difference.

images have a small sorting time even without data grouper.
(3) Sorting can speed up small image generation. Harm-3861
is a 42 MB small image with little sorting time, and sorting
can group similar data to make the image easier to compress.
Therefore, RubikFS and No Grouper have a generation time
even shorter than No Sort. (4) data grouper has only a slight
improvement on Friendica, which is a container image and the
Others group occupies almost all of the capacity (Figure 2a).

6.6 Sensitive Analysis
Evaluation Setup. Finally, we evaluate how the configurations
in data grouper, data chunker, hotness sorter, and similarity
sorter affect the compression ratio. Specifically, experiments
are conducted on the openEuler image [11] using LZMA
and block sizes ranging from 4 KB to 1 MB. Moreover, in
Figure 12, we mark the default configurations with red lines.
(1) Data Grouper. We first evaluate whether data grouper de-
creases the compression ratio (§4.2). The results in Figure 12a
suggest that the compression ratio of w/ Grouper is slightly
higher than that of w/o Grouper. Therefore, different types of
data usually do not have similar data, while pre-grouping via
type avoids missorting and accelerates image generation.
(2) Chunk Size. We then evaluate whether the adaptive chunk
size (Equation 1) improves the compression ratio. The results
in Figure 12b suggest that, the compression ratio of Adaptive
is slightly higher than that of 4 KB when the block size is
larger than 64 KB, and that of 64 KB when the block size
is lower than 1 MB. Moreover, our experiments suggest that
the chunk size larger than 64 KB significantly degrades the
compression ratio. Therefore, Adaptive achieves a high com-
pression ratio and maintains data locality as much as possible.
(3) Dedupe Type. Next, we evaluate whether RubikFS retains
a high compression ratio with full deduplication (§4.3). The
results suggest that the compression ratio of Full Dedupe is
comparable to that of Tail Dedupe. Note that we do not display
these results because their compression ratio differences are
less than 0.02×. Therefore, similarity sorter can compensate
for the inefficiency of full deduplication and mitigate the read
amplification caused by tail deduplication.

(4) Hotness Percentage. Subsequently, we evaluate whether
hotness grouper decreases the compression ratio (§4.4). The
results in Figure 12c suggest that, with 12% hot data, the
compression ratio of RubikFS is still comparable to that of w/o
Hotness. Moreover, we further evaluate 40% hot data as the
(nearly) worst case, and the compression ratio differences are
less than 0.11×. Therefore, hotness grouper has no significant
influence on the compression ratio of RubikFS.
(5) Sampling Rate. After that, we evaluate the sampling rate
in feature extraction (§4.5). The results in Figure 12d suggest
that, the compression ratio of the sampling rate 1/128 is
slightly higher than that of the sampling rate 1/512, and is
the same as that of the sampling rate 1/32. Moreover, the
sampling rate 1/128 generates fewer features compared to
1/32, resulting in a much shorter image build time.
(6) Subgraph Size. Finally, we evaluate whether the size of
the subgraph (i.e., the number of chunks in a subgraph) affects
the overall compression ratio (§4.5). We evaluate the size of
32, 64, and 128, and the results suggest that their compression
ratio differences are less than 0.03×, where 64 is our default
configuration and has a slightly higher compression ratio.
Summary. In summary, the compression ratio of RubikFS is
robust among the six configurations mentioned above. More-
over, our default configurations (i.e., red lines) can reduce
image build time, maintain data locality, mitigate read ampli-
fication, and slightly increase the compression ratio.

7 Discussion
Does RubikFS Require more Powerful CPUs? RubikFS in-
troduces three categories of computation overheads (i.e., dur-
ing system startup, runtime, and image generation), and none
of these overheads necessitate more powerful CPUs.

Startup phase. Block-level decompression and read dom-
inate the startup cost of RubikFS [57]. While startup-time
decompression inevitably consumes CPU cycles, RubikFS
reduces this overhead by grouping hot data to minimize read
amplification, thus shrinking both the data footprint to fetch
and the amount of data to decompress (Table 2). Addition-
ally, although RubikFS uses the highest compression level by
default to minimize the image size, this does not exacerbate
startup-time CPU overhead because the decompression cost is
insensitive to the compression level, as shown in lzbench [24].

Runtime phase. At runtime, most data have already been
prefetched or cached during startup, making decompression
and on-demand reads rare (§4.4). Therefore, the additional
runtime cost comes from chunk-level indexing, as RubikFS
replaces file-granularity indexing with finer-grained chunk in-
dexing to enable similarity-based chunk sorting (§4.6). How-
ever, chunk indexing introduces negligible CPU overhead
because it only adds a few lightweight memory accesses.

Image generation phase. Offline image generation is the
only phase where RubikFS introduces noticeable computation
overheads, due to similarity sorting and the highest compres-
sion level. However, these costs are mitigated by data grouper
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(§4.2) and similarity sorter (§4.5) and, importantly, are per-
formed entirely offline. Therefore, they do not translate into
higher CPU requirements for production deployments.
Can RubikFS Scale to Larger Images? Our evaluation uses
MB-scale images (Table 1), which already span the typical
size range of embedded images (i.e., 1 MB-1 GB, [14,53,72]).
Beyond this range, RubikFS also scales in three dimensions.

Similarity sorting. RubikFS scales its similarity sorting to
larger images by employing a feature-extraction algorithm
capable of identifying similarity even across partially similar
chunks (Algorithm 1), thereby enabling comprehensive detec-
tion of chunk similarity. Although the data grouper and hot-
ness grouper may place similar chunks into separate groups,
our sensitive analysis shows that the resulting reduction in
compression ratio remains small, which is at most 2.19% even
under extreme skew (i.e., 40% hot data in §6.6). Thus, simi-
larity sorting remains effective as the image size increases.

Metadata overhead. The additional metadata introduced
by RubikFS is small. Specifically, the chunk-level indexing
requires only 12 B for an entry (original file offset, packed
file offset, chunk size), which yields a storage overhead of
0.018%–2.93%, depending on the chunk size (Equation 1).
Moreover, chunk features add no storage overhead because
they are discarded once similarity sorting completes (§4.6).

Image generation time. Larger images naturally increase
the time of image generation, but this cost does not impact
runtime performance. RubikFS accelerates similarity sorting
via the data grouper and a hash table, reducing generation
time by 21.97%–74.39% (Table 3). Since image generation
occurs entirely offline, these costs do not constrain scalability.

8 Related Works
Normal File System with Data Reduction. Compression is
widely deployed in modern file systems to reduce storage foot-
print, including EXT4 [16], BtrFS [13], and F2FS [45]. Be-
yond them, integrating data reduction techniques into file sys-
tems remains an active research topic. For example, FPC [55]
proposes file pattern-guided compression for mobile devices,
which compresses SQLite files in the foreground and exe-
cutable files in the background; Deduplication-based file sys-
tems [56,59,82] such as GogetaFS [76] and SmartDedup [64]
remove duplicate data blocks to improve space efficiency.

However, these works mainly focus on how to quickly pro-
cess new data when using data reduction, where high sorting
time and frequent layout changes are unacceptable. Moreover,
they cannot produce a compact layout; they cannot jointly
exploit compression, deduplication, and similarity sorting to
minimize image size. In contrast, RubikFS is designed specifi-
cally for read-only images, enabling one-time layout construc-
tion and aggressive layout optimization to maximize space
reduction without incurring runtime overheads.
Backup Storage with Data Reduction. Data reduction is also
a hot topic in backup storage [49–51, 73–75]. For example,
FastCDC [70] is a fast and efficient content-defined chunk-

ing approach for data deduplication; Odess [69] is a fast
resemblance detection approach to estimate chunk similarity;
MeGA [74] is a high-performance fine-grained deduplication
framework. However, these techniques primarily optimize
the backup performance, but pay little attention to further
improving the compression ratio and real-time data restora-
tion. Although some works [85] attempt to speed up data
restoration by rewriting, rewriting inevitably decreases the
compression ratio and is beyond our design choice.

Among backup storage techniques, Migratory Compres-
sion (MC) [75] is the most relevant to our work, which also
leverages sorting to improve compressibility. However, MC
simply integrates fine-grained deduplication [51, 81] into the
compression workflow, suffering from severe mismatch is-
sues (§3.2). On the one hand, MC targets backup storage with
a severe read performance penalty. On the other hand, MC
generates only three super-features for each chunk and adopts
a greedy matching algorithm to find similar chunks; therefore,
Finesse and Odess in Figure 9 can be regarded as optimized
MC, which consistently have a low compression ratio.
Page Compression Scenarios. Data compression can also
be applied to page compression scenarios. For example,
Archer [44] groups and compresses highly correlated pages to-
gether to minimize read amplification; ICE [43] suggests that
the compressed memory area (i.e., ZRAM [25]) compresses
the anonymous pages to save memory. Although page com-
pression shares a similar purpose with read-only file systems
(e.g., space reduction and read amplification), these two tech-
niques have different bottlenecks and optimization strategies.
Specifically, page compression utilizes lightweight compres-
sion algorithms (e.g., LZ4) and small block sizes for perfor-
mance concerns. In contrast, read-only file systems attempt
to minimize the image size with more powerful compressors
(e.g., LZMA) and larger block sizes, while the sorting and
compression latency are relatively insignificant.

9 Conclusion
This paper proposes RubikFS, a sort-enhanced read-only file
system to construct condensed and efficient images. By sort-
ing and clustering similar data within a block, RubikFS trans-
parently improves the compression ratio. We implement Ru-
bikFS with four components: data grouper, data chunker,
hotness grouper, and similarity sorter. Experiments on six
open-source images show that RubikFS can efficiently reduce
image size while significantly mitigating read amplification.
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