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Abstract

The deployment of real-time three-dimensional (3D) visual perception, continuous spa-
tial sensing, and graphics-intensive multimedia applications on embedded edge devices
introduces substantial runtime memory pressure. During execution, these workloads con-
tinuously generate small-granularity memory pages, including image buffers, depth maps,
rendering caches, intermediate feature tensors, and media buffers. To reduce memory
footprint while preserving low processing overhead, this paper proposes a sequence-aware
cascaded compression framework for runtime memory pages generated by visual and mul-
timedia workloads. Instead of following the traditional restore-then-recompress path, the
proposed framework directly reuses the intermediate sequence representation produced
by LZ4. It parses LZ4 sequences into literal and structured stream sequences and applies
stream-specific entropy coding using Huffman and Finite State Entropy (FSE) coding. By
avoiding full-page restoration and repeated redundancy analysis, the framework preserves
lossless reconstruction semantics while reducing compression overhead. Experimental
results on real-world runtime memory pages show that the proposed framework reduces
compression processing time by 42.10% on average and by up to 52.22%. It also reduces
Central Processing Unit (CPU) time by 20.28% on average and peak memory usage by
29.92% on average. Additional validation on a RISC-V edge platform shows that the com-
pression processing time is reduced by up to 64.36%. A 16 MB point-cloud memory sample
derived from 3D scan data further shows a 33.16% reduction in compression time. Func-
tional tests on more than 200K mixed-entropy memory pages demonstrate 100% lossless
reconstruction and successful detection of corrupted compressed streams.

Keywords: runtime memory compression; 3D visual perception; visual and multimedia
workloads; edge devices; LZ4; secondary recompression; entropy coding; lossless
reconstruction

1. Introduction

With the development of sensor-rich mobile terminals and edge devices, applications
such as visual interaction, scene understanding, three-dimensional (3D) visual perception,
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and multimedia processing have become important workloads in edge-side systems [1-3].
During execution, these applications continuously generate a large amount of runtime
memory data, including image buffers, depth maps, rendering caches, intermediate feature
tensors, and media buffers [1,4,5]. However, mobile terminals and edge devices are typically
constrained by limited memory capacity, making it difficult to mitigate the growing runtime
memory pressure through straightforward hardware expansion [6]. Therefore, how to
effectively compress runtime memory and save memory space while maintaining low
processing latency and low system response overhead has become a critical problem for
compressed-memory systems [7] and data-intensive visual applications [8-10].

Existing runtime memory compression mechanisms usually need to trade off com-
pression speed for effectiveness [7,11-13]. One class of methods is represented by fast
dictionary-matching compressors such as LZ4 [14]. These methods provide high compres-
sion and decompression speed, making them suitable for latency-sensitive system paths.
However, since they mainly rely on repeated byte-sequence matching and have limited
capability to exploit residual statistical redundancy, their compression effectiveness still
has room for improvement. Another class of methods is secondary recompression, where
pages are first processed by a fast primary compressor and selected compressed results
are then recompressed by algorithms with higher compression effectiveness [7,15]. Such
methods can further reduce compressed size, but usually require longer processing time
and higher runtime overhead [9,10].

The high overhead introduced by secondary recompression stems largely from the tra-
ditional restore-then-recompress approach. In existing mechanisms, the primary compres-
sion result is usually treated as an opaque compressed byte stream, making it difficult for
the secondary compressor to directly exploit the structural information it already contains.
For example, the LZ4 block format represents compressed data using sequences composed
of literals, match lengths, and offsets [14], but conventional secondary recompression paths
do not directly reuse such sequence-level information. Therefore, before secondary recom-
pression, the system typically needs to restore or reorganize the compressed block into
the original page format, after which the secondary compressor scans the page again and
rediscovers redundancy. This process not only introduces additional restoration overhead
but also underutilizes the sequence-level information extracted during primary compres-
sion. In other words, although existing secondary recompression paths can achieve better
compression effectiveness, they lack structured coordination between the two compres-
sion stages.

To alleviate this contradiction, a more effective approach is to directly reuse the inter-
mediate sequence representation generated by LZ4, rather than falling back to the complete
original page for recompression, thereby avoiding repeated processing in the restore-then-
recompress path while preserving the size-reduction benefit of secondary recompression.
Realizing this idea faces two key challenges. First, recoverable sequence-level information
must be extracted from the LZ4-compressed result. Second, appropriate entropy-coding
methods must be selected for different parsed data streams so that secondary recompression
can efficiently exploit their statistical characteristics.

To address these problems, this work proposes a sequence-aware cascaded compres-
sion framework for runtime memory pages generated by visual and multimedia workloads.
The framework first uses LZ4 to expose local repetitions in memory pages and generate a
recoverable sequence intermediate representation. Then, instead of restoring the complete
page, the system directly parses LZ4 sequences and reorganizes their fields into a literal
stream and structured sequence streams. According to the statistical characteristics of
different streams, the second-stage entropy coder applies Huffman coding [16] to the literal
stream and Finite State Entropy (FSE) coding [15,17] to the sequence streams, thereby

https://doi.org/10.3390/s26175656


https://doi.org/10.3390/s26175656

Sensors 2026, 26, 5656

30f21

adapting to the distributions of raw byte symbols and structured state fields, respectively.
In this way, the proposed scheme directly reuses the intermediate structure generated by
LZ4, avoids full-page restoration and repeated redundancy analysis, and preserves the
lossless reconstruction semantics required by runtime memory compression.

Experimental results show that the proposed cascaded compression framework sig-
nificantly reduces processing overhead while maintaining comparable compression effec-
tiveness. Compared with the restore-then-recompress path, the proposed scheme reduces
compression processing time by 42.10% on average and by up to 52.22%. In addition, it
reduces Central Processing Unit (CPU) time by 20.28% on average and peak memory usage
by 29.92% on average. Functional tests on more than 200K mixed-entropy memory pages
show that the proposed scheme achieves 100% lossless reconstruction on the tested pages
and can detect corrupted compressed streams in the evaluated scenarios.

2. Related Work
2.1. Edge Visual and Multimedia Data Compression

Compression has been widely used in edge visual applications to reduce data volume
and alleviate resource pressure. Depending on whether reconstruction distortion is allowed,
image and multimedia compression methods are commonly divided into lossy and lossless.
Lossy compression allows certain information loss in exchange for higher compression
density, while lossless compression requires the reconstructed data to be identical to the
original data [18]. For lossy compression, Meng et al. used H.264 to compress mobile
camera frames before sending them to an edge server for visual processing [1], while AccM-
PEG reduces transmission bitrate by optimizing video encoding quality while preserving
video analytics accuracy [4]. For lossless compression, Walker et al. compared GNU zip
(GZIP), LZ4, Blocking, Shuffling and Compression (BLOSC), and Zstandard on microscopy
image data [9], and Bernstein and Jakoncic evaluated several fast lossless compressors for
diffraction images [10]. These studies demonstrate the importance of compression for edge
visual and multimedia workloads, but they mainly operate on files, image frames, video
streams, or application-level data representations.

Another related line of research analyzes internal data patterns in visual workloads
and uses these patterns to guide subsequent processing. Zhang et al. proposed a video
saliency prediction method based on single feature enhancement and temporal recurrence,
where salient visual features are enhanced and temporal evolution across frames is modeled
to improve video-level saliency prediction [19]. Linardos et al. further studied simple
and complex temporal recurrence mechanisms for video saliency prediction, showing that
recurrent temporal modeling can help capture video saliency patterns [20]. Although these
studies are designed for visual prediction rather than compression, they are conceptually
relevant to this work because they show that visual and multimedia data should not always
be treated as opaque inputs. Instead, their internal structures and recurring patterns can be
extracted and reused to improve system behavior.

Nevertheless, existing visual compression methods and pattern-analysis studies only
partially address the requirements of runtime memory compression. Visual compression
studies mainly optimize transmission bandwidth, storage footprint, or processing efficiency
for frames, files, and streams, rather than page-level runtime memory data. Pattern-aware
visual analysis studies exploit spatial or temporal structures for visual prediction [21,22],
but they do not use these patterns to reduce memory-compression overhead. In contrast, vi-
sual applications also generate a large number of runtime memory pages during execution,
including image buffers, rendering caches, media buffers, and intermediate processing data.
These pages are located on the system execution path, where compression is constrained
by page granularity, lossless recovery, low latency, and bounded runtime overhead [11,23].
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Therefore, this work focuses on exploiting the sequence-level structure exposed by LZ4
within runtime memory pages, so that internal data patterns can be reused to support
efficient secondary recompression.

2.2. Compression Algorithms for Runtime Memory Data

Runtime memory compression places stronger emphasis on low latency, high through-
put, lossless recovery, and bounded memory overhead than conventional file compres-
sion [7,11-13]. Dictionary matching and entropy coding are two representative approaches
for runtime memory compression. Dictionary-matching methods, such as LZ77, LZ4, LZO,
remove redundancy by identifying repeated byte sequences [14,24,25]. These methods are
simple and fast, making them suitable for latency-sensitive paths. Entropy-coding methods,
such as Huffman coding, arithmetic coding, Asymmetric Numeral Systems (ANS), and FSE,
compress data according to symbol frequencies or probability distributions [15-17,26].
Compared with dictionary matching, entropy coding can exploit statistical redundancy
more effectively but usually requires symbol modeling, coding table construction, and ad-
ditional data organization. Therefore, a single compression algorithm often needs to trade
off compression speed against compression density, and different algorithms offer differ-
ent trade-offs among compressed size, compression throughput, decompression latency,
and memory overhead [27-32].

To balance these tradeoffs, secondary recompression has been introduced as a two-
stage compression strategy in compressed-memory systems. For example, Linux zram
supports a primary compressor and multiple secondary compressors, allowing selected
pages to be recompressed after primary compression to improve compression density [7].
In this strategy, a fast primary compressor first processes memory pages to meet latency
requirements, and selected compressed pages are then processed by a denser secondary
compressor to improve compression effectiveness further. However, existing mechanisms
usually organize the two compression stages as a loosely coupled process. The primary
compressor’s output is not treated as an intermediate representation that the secondary
compressor can directly exploit; instead, it must be restored or reorganized before secondary
recompression. As a result, the structural information already captured by the primary
compression stage is difficult to explicitly reuse in the subsequent stage. How to coordinate
dictionary-based primary compression and entropy-based secondary recompression for
fine-grained runtime memory pages remains insufficiently explored.

3. Motivation and Problem Analysis
3.1. Entropy Characteristics of Runtime Memory Pages

Runtime memory pages generated by visual and multimedia applications exhibit het-
erogeneous entropy characteristics. Page entropy reflects the randomness of byte contents
and can indicate potential compressibility [33]. Low-entropy pages usually contain more
regular or repeated byte patterns and are suitable for fast dictionary-matching compressors.
Medium-entropy pages may still retain statistical redundancy that can be further exploited
by entropy-coding methods. High-entropy pages are closer to random distributions and
usually provide limited compression opportunities.

We use byte-level entropy to divide 4-kilobyte pages into three groups. Since byte
entropy ranges from 0 to 8 bits per byte, pages with H < 2.0 contain less than one quarter
of the maximum entropy and usually show highly repetitive patterns. Pages with H > 6.5
are close to the random-like range, where the practical compression margin is limited by
block granularity and coding overhead. The remaining interval, 2.0 < H < 6.5, is treated as
the medium-entropy region, where residual statistical redundancy may still be exploitable
after LZ4 compression [33,34].
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Figure 1 shows the entropy distribution of 4-kilobyte runtime memory pages collected
from a real mobile terminal during the execution of representative visual and multimedia
applications. Douyin and Weixin contain relatively high proportions of low-entropy pages,
reaching 42.0% and 39.8%, respectively. Taobao and QQMusic contain higher proportions of
high-entropy pages, reaching 10.4% and 20.1%, respectively. The browser is dominated by
medium-entropy pages, accounting for 94.1%. These results indicate that runtime memory
pages generated by visual and multimedia workloads do not follow a uniform redundancy
pattern, and a single compression strategy is unlikely to fully adapt to the heterogeneous
characteristics of different pages.

Figure 2 further shows the entropy distribution after primary LZ4 compression.
A large amount of compressed data remains in the medium-entropy range. Specifically,
the medium-entropy proportions for Douyin and Weixin are 92.4% and 89.4%, respectively,
while those for Browser and Weibo are 77.3% and 68.1%, respectively. Taobao and QQMu-
sic also retain 57.0% and 39.8% medium-entropy data, respectively, indicating that LZ4
effectively removes explicit repeated byte patterns, but its compressed output may still
contain residual statistical redundancy.
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Figure 1. Entropy distribution of runtime memory pages.
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Figure 2. Entropy distribution of LZ4-compressed pages.

Therefore, primary LZ4 compression alone cannot fully exploit the compression
potential of runtime memory pages. The large amount of medium-entropy data re-
maining after LZ4 compression motivates secondary recompression to further reduce
residual redundancy.
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3.2. Cost of Existing Recompression Paths

The restore-then-recompress path can further reduce the compressed size of 4-kilobyte
runtime memory pages, but it introduces an additional restoration stage before secondary
recompression. Since secondary compressors usually trade longer processing times for
higher compression effectiveness, increased compression latency is expected. The more
critical issue is that data already processed by the primary compressor must be restored
or reorganized before being processed again by the secondary compressor, which adds
additional data transformation and repeated analysis overhead.

Figure 3 shows the compressed size and processing time of the restore-then-recompress
path across different applications. As shown in Figure 3a, secondary recompression further
reduces the compressed size compared with primary LZ4 compression. For example,
the compressed size of Douyin decreases from 11.9 MB after LZ4 compression to 5.8 MB
after secondary recompression, while that of QQMusic decreases from 59.3 MB to 45.8 MB.
However, Figure 3b shows that this size reduction comes with additional restoration costs.
For Douyin, the restoration stage takes an additional 180.8 ms before the 759.3 ms secondary
recompression stage. For QQMusic, restoration takes an additional 303.2 ms before the
2834.0 ms secondary recompression stage.
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(b) Processing time

Figure 3. Recompression cost for runtime memory pages. (a) Compressed size before and after LZ4
compression and recompression. (b) Processing time of LZ4 compression and the recompression
path, including restoration and secondary recompression.

These results indicate that the restore-then-recompress path contains avoidable restora-
tion overhead between primary compression and secondary recompression. Therefore,
a compression framework better suited to runtime memory scenarios should preserve the
major compression benefit of secondary recompression while avoiding the intermediate
restoration step whenever possible.

4. Materials and Methods

To reduce the compressed size of runtime memory pages while preserving low process-
ing overhead, we design a sequence-aware cascaded compression framework that integrates
fast LZ4 matching with secondary entropy coding. As illustrated in Figure 4, the framework
starts from a runtime memory page, extracts sequence-level structure through front-end
compression and transcoding, and finally produces a recoverable compressed block.
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Figure 4. Overview of the proposed framework.

The framework contains three main modules. The LZ4 compression module exposes
local repetition in the input page and generates an intermediate LZ4 sequence representa-
tion. The cascaded transcoding module parses these LZ4 sequences and separates their
fields into a literal stream and structured sequence streams. The secondary entropy-coding
module further compresses the two streams using Huffman coding and FSE coding, re-
spectively, and writes the encoded results to the literal and sequence sections of the final
compressed block.

4.1. LZ4 Compression Module

The LZ4 compression module is designed to make local repetition within runtime
memory pages explicit, thereby transforming an originally unstructured page-level byte
array into an intermediate representation with clear LZ4 sequence boundaries. Positioned
at the front end of the cascaded compression pipeline, this module aims to identify easily
matchable repeated fragments within a page with low processing overhead. Specifically,
LZ4 sequentially scans the input page and searches a history window for byte sequences
identical to the current position. Once a valid match is found, the repeated bytes are no
longer stored explicitly; instead, they are represented by a historical reference consisting of
a backward offset and a match length. Segments that cannot be matched are preserved as
literal content. After this process, the input page is organized into multiple LZ4 sequences,
each containing both unmatched literals and reusable historical references. This represen-
tation enables the subsequent transcoding module to operate directly on the first-stage
compression result, avoiding the additional overhead caused by fully restoring the original
page and performing repeated matching in the restore-then-recompress path.

This front-end processing strategy targets the page-level redundancy characteristics
discussed in the motivational analysis. Visual perception and multimedia applications
continuously generate rendering caches, media buffers, intermediate feature data, and sim-
ilar runtime content. These data are usually not completely random; instead, they retain
varying degrees of local repetition and regularity within memory pages. As shown in
Figure 1, the entropy distribution of the collected runtime memory pages spans a wide
range, and a portion of pages or page fragments exhibit clear low-entropy characteris-
tics, indicating the existence of repeated byte patterns that can be efficiently captured by
fast dictionary matching. Therefore, introducing LZ4 at the front end of the cascaded
compression pipeline allows these explicit repetitions to be first converted into parseable
historical references, while the unmatched content is retained as literals, providing a struc-
tured basis for the subsequent transcoding module to further separate and reorganize LZ4
sequence information.

The cascaded transcoding module takes the LZ4 sequence representation produced by
the LZ4 compression module and converts it from the native LZ4 compressed format into a
logical data organization that the secondary entropy-coding module can directly consume.
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Rather than treating the LZ4 output as an opaque compressed byte stream, this module
parses the semantic fields embedded in each LZ4 sequence, including literal content, literal
length, match length, and offset, and reorganizes them into a literal stream and structured
sequence streams according to their information types.

4.2. Cascaded Transcoding Module
4.2.1. LZ4 Sequence Parsing

LZ4 sequence parsing is the first step of the transcoding module. Its purpose is to
extract the semantic fields required for subsequent transcoding from each compressed
LZ4 sequence. The module does not fully decompress the page. Instead, it only reads the
control information and literal content within each sequence and decomposes them into
four fields: literal length, literal content, match length, and offset.

An LZ4 sequence typically consists of a token, optional length extension fields, literals,
an offset, and an optional match-length extension field [14]. The token acts as the control
field: its high four bits record the base value of the literal length, while its low four bits
record the base value of the match length. When either the literal length or the match length
exceeds the range directly represented by the token, the corresponding extension field stores
the additional length. The literals field contains the original bytes not covered by historical
matches, and the offset field indicates the backward distance to the referenced position
in the history window, following the basic dictionary-matching principle of Lempel-Ziv
compression [24].

Based on this format, the transcoding module parses the compressed block in sequence
order. It first reads the token and the possible length-extension fields to recover the actual
literal length and the match length. It then extracts the corresponding literals based on
the recovered literal length and reads the offset field when the current sequence matches.
Through this procedure, the compact binary representation originally designed for fast LZ4
decompression is converted into semantic fields for subsequent entropy coding.

The first three parts of Figure 5 present a representative example of field-level parsing
for LZ4 sequences in the transcoding module. In this example, the compact byte-oriented
input sequences are decomposed into tokens, literals, and offset fields, from which the
literal length, match length, literal content, and backward offset are extracted. The parsed
fields are then reorganized into a structured representation for subsequent entropy coding
without fully reconstructing the original page.

1. Raw Input [ox62 | ox41] ox42] 0x43] 0x44 [ ox45] ox46] 0x06] 0x00]
Sequences

[ 0x73 [ 0x47 [ 0x48[0x49 | 0x4a] 0x4b0x4c | 0x4d] 0x07 [ 0x00 |

Token Literals Offset
2. Sequence [High4vits 6 [Low4bis @] [A[B]c[D[EJF] [ox06]0x00]
Decomposition
[High 4 vits 7) [Lowabis 3] [G[H] 1[5 [k]L]M] [ox07]o0x00]
3. Joint Literals Length: 6 | Match Length: 6 Literals: ABCDEF Offset: 6
Transcoding Literals Length: 7 | Match Length: 7 Literals: GHIJKLM Offset: 7
O O
4. Flow Literals Stream: Sequence Stream (LL, OF, ML)
Divergence [ABCDEFGHIKLM] (6,71, 6, 71, [6, 7]
<} Huffman Coding <} FSE Coding
Final Block
5. Data ' . inal Compressed Bloc .
Compression [ Literals Section | | Sequence Section |

Figure 5. Representative workflow from LZ4 sequence parsing to secondary entropy coding.
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Through the above procedure, the transcoding module completes field-level decompo-
sition of the LZ4 sequence. The extracted fields are then reorganized by information type
to form the input representation for the secondary entropy-coding module.

4.2.2. Information Type Separation

After LZ4 sequence parsing, the transcoding module separates the parsed fields by
information type and organizes them into two logical data streams. The first is the literal
stream, formed by concatenating the literal fields from all LZ4 sequences. The second is the
structured sequence streams, consisting of the literal-length (LL) stream, match-length (ML)
stream, and offset (OF) stream. This step converts the interleaved fields in the LZ4 format
into data streams that can be independently processed by the subsequent coding module.

This separation is motivated by the different statistical distributions of literal bytes and
the structured fields LL, ML, and OF. Entropy coding benefits from non-uniform symbol
frequencies [34], whereas mixing heterogeneous fields into a single symbol space may
weaken their individual frequency characteristics. Literal bytes correspond to raw byte
values and span the full byte range (0-255); their distribution is not necessarily uniform but
often appears as multiple local peaks across the byte space. In contrast, LL, ML, and OF are
structured state information generated during the LZ4 matching process, and their values
are more likely to concentrate in a small number of high-frequency regions. Separating
these two types of information, therefore, allows the subsequent coding stage to exploit
statistical redundancy in both byte content and structured states more effectively.

Figure 6 validates this difference using Douyin memory pages as an example. LL, ML,
and OF exhibit clear head-concentrated and long-tailed distributions. LL is concentrated in
short-length regions, ML shows high-frequency peaks in the short-match range, and OF
decreases as the reference distance increases. These results indicate that the structured
fields are dominated by a limited number of frequent states, making them suitable for
state-stream organization.

Count
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Figure 6. Frequency and density distributions of the parsed LZ4 fields from Douyin memory pages,
including literal length (LL), match length (ML), offset (OF), and literal byte values.

In contrast, Figure 6d shows that literal bytes follow a multi-peak distribution across
the 0-255 byte space, rather than concentrating around a few length or distance states.
Therefore, the transcoding module keeps literal bytes as an independent literal stream and
organizes LL, ML, and OF as separate sequence streams. The resulting literal stream, LL
stream, ML stream, and OF stream provide separate inputs for the subsequent secondary
entropy-coding stage.

After this separation, the transcoding module outputs a literal stream and a set of
sequence streams, including the LL, ML, and OF streams. These streams preserve the
differences among LZ4 fields and provide separated inputs for the subsequent secondary
entropy-coding stage.

4.3. Secondary Entropy-Coding Module

The secondary entropy-coding module receives the literal stream and sequence streams
generated after field reorganization and encodes them through separate entropy-coding
paths. As illustrated in Parts 4-5 of Figure 5, literal bytes are directed to a literal-oriented
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stream, while LL, ML, and OF fields are organized as structure-oriented sequence streams.
Since the literal stream exhibits a multi-peak distribution over the 0-255 byte space, whereas
the sequence streams are dominated by a few high-frequency states with a long tail,
Huffman coding is applied to the former, and FSE coding is applied to the latter.

For the literal stream, Huffman coding is used to generate the literal section. The sym-
bols in this stream are concrete byte values. Although their distribution is non-uniform,
it appears as multiple local high-frequency peaks across the byte space. Huffman coding
assigns variable-length codewords according to symbol frequencies, giving shorter code-
words to frequent symbols and longer codewords to infrequent symbols [16,34]. Therefore,
it is suitable for compressing this multi-peak byte distribution. After encoding, the Huffman
table description and the compressed literal bitstream are written into the literal section,
which is used to restore the unmatched original bytes during decoding.

For the sequence streams, FSE coding is used to generate the sequence section. LL,
ML, and OF are structured state symbols rather than raw byte values. Their values do not
span the full byte space but concentrate around a small number of frequent states with a
low-frequency tail. FSE is a table-based entropy coding method derived from asymmetric
numeral systems and can exploit probability differences among symbols to reduce the
average coding length [15,17]. This property makes it suitable for modeling structured state
streams. To preserve the distribution characteristics of each stream, this module builds
independent FSE representations for the LL, ML, and OF streams. After encoding, the FSE
table descriptions and the compressed state bitstreams are written into the sequence section.

Finally, the secondary entropy-coding module outputs a compressed block consisting
of the literal and sequence sections. The former stores the Huffman-coded literal content,
while the latter stores the FSE-coded LL, ML, and OF state information. This packaging
format maintains LZ4 sequence semantics while further compressing the two reorganized
data streams.

5. Experimental Results
5.1. Experimental Setup

The main experiments were conducted on a Raspberry Pi 4 Model B with 4 GB memory,
which represents a typical resource-constrained edge device. To further examine whether
the observed performance trend depends on a single hardware platform, we also conducted
a cross-architecture validation on a StarFive VisionFive 2 RISC-V edge platform. On each
platform, the proposed sequence-aware cascaded compression framework and the baseline
recompression path were evaluated under the same experimental setting to ensure a fair
comparison. The main hardware configurations are summarized in Table 1.

Table 1. Experimental platform configuration.

Item Raspberry Pi 4 StarFive VisionFive 2

Device Raspberry Pi 4 Model B StarFive VisionFive 2

Processor Broadcom BCM2711, quad-core ARM StarFive JH7110, quad-core 64-bit
Cortex-A72 RISC-V U74

Memory 4 GB LPDDR4 8 GB LPDDR4

Storage MicroSD card, 128 GB MicroSD card, 128 GB

5.2. Compression Size—Latency Trade-Off

Figures 7 and 8 compare the proposed framework with the conventional restore-then-
recompress path in terms of compressed-size ratio and compression latency. The proposed
framework prioritizes compression latency over compression density. Instead of recon-
structing full pages and recompressing them from scratch, it reuses the sequence-level
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representation generated by the LZ4 front end to reduce second-stage compression cost.
The proposed framework produces higher compressed-size ratios for the six application
workloads but lower ratios for the two 3D datasets, with an average increase of 0.70 percent-
age points across all eight datasets. The largest gap is observed in the Browser workload,
where the difference reaches 5.15 percentage points. For 4-kilobyte runtime memory pages,
these differences correspond to an average additional storage cost of approximately 29 bytes
per page and up to approximately 211 bytes per page. Equivalently, for every 1 GiB of
original page data, the average additional compressed storage is approximately 7.2 MiB,
with the largest increase of approximately 52.7 MiB.
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Figure 7. Comparison of overall compressed-size ratio.
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Figure 8. Breakdown of compression processing time.

In contrast, the proposed framework significantly reduces compression processing
time. On average, compression latency is reduced by 42.10% compared with the restore-
then-recompress path, with the largest reductions observed in the Douyin and Weixin
workloads, where latency decreases by 52.22%. The timing results remain stable across
repeated runs, with relative variation typically below 1%. These results show that the pro-
posed framework substantially reduces the processing overhead of restore-then-recompress,
while incurring a moderate increase in compressed size.

The latency breakdown in Figure 8 further explains the source of this improvement.
The proposed framework directly reuses the LZ4 sequence representation, and its process-
ing time consists of sequence transcoding and compression of the transcoded representation.
By contrast, the restore-then-recompress path first restores the LZ4-compressed block into
the original page and then recompresses the reconstructed page from scratch. Sequence
transcoding is substantially faster than LZ4 decompression, reducing preprocessing time
by 35.60% on average and by up to 65.16% in the Weixin workload.

After excluding preprocessing overhead, the subsequent compression stage of the
proposed framework remains significantly faster, with an average reduction of 41.92% and
a maximum reduction of 50.62%. This indicates that the performance gain does not come
merely from avoiding full-page reconstruction. More importantly, by reusing the sequence-
level structure already exposed by the LZ4 front end, the proposed framework avoids
rediscovering local redundancy from restored raw pages, allowing the entropy-coding
stage to operate on a more compact and structured data stream.
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Overall, the proposed framework exploits sequence-level redundancy exposed by the
primary LZ4 compression stage and eliminates both full-page restoration and repeated
redundancy analysis required by restore-then-recompress. Therefore, with a moderate
increase in compressed size, the proposed sequence-aware cascade compression framework
consistently reduces second-stage compression latency. These results demonstrate the effec-
tiveness of the proposed runtime memory-page compression design for latency-sensitive
and resource-constrained online memory-management scenarios.

5.3. Compression-Side Resource Overhead

Figure 9 compares the resource overhead of the proposed framework and the restore-
then-recompress path. Figure 9a,b report compression CPU time and peak memory usage,
respectively. The resource-overhead results are obtained from repeated measurements.
For compression-side CPU time, the relative variation is typically below 1%; peak memory
usage remains nearly unchanged across runs. The proposed framework incurs substantially
lower computational and memory overhead than the conventional path. Specifically, CPU
time is reduced by 20.28% on average, with the largest reduction of 33.44% in the Redwood
workload. Peak memory usage is reduced by 29.92% on average, with the largest reduction
of 79.22% in the Weibo workload. These results indicate that the proposed framework
significantly lowers the compute and memory demands of second-stage compression.
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Figure 9. Comparison of resource overhead: (a) compression CPU time and (b) peak memory usage.

The reduction in CPU time mainly comes from avoiding full-page reconstruction and
repeated redundancy analysis. The restore-then-recompress path first restores the LZ4-
compressed block into the original page and then applies a high-compression algorithm
to the reconstructed byte stream, requiring the compressor to rediscover redundancy
from the raw page. In contrast, the proposed framework directly reuses the sequence
structure generated by LZ4 and performs lightweight transcoding and entropy coding over
a structured data stream, thereby reducing CPU time.

The reduction in memory overhead is mainly due to the smaller intermediate repre-
sentation and the more stable working-set size. The restore-then-recompress path must
keep the reconstructed full page and allocate additional workspace for the subsequent
high-compression algorithm, increasing runtime memory consumption. In contrast, the pro-
posed framework directly parses, transcodes, and encodes the fields of LZ4 compressed
sequences without reconstructing full pages. This design produces smaller intermediate
data and yields more stable memory usage during compression.

Overall, by reusing the LZ4 intermediate representation and performing secondary
encoding on a compact sequence-level data stream, the proposed framework improves
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resource efficiency while avoiding full-page reconstruction and repeated compression
analysis. It therefore reduces compression latency, CPU time, and peak memory usage,
while incurring the compressed-size overhead discussed above.

5.4. Decompression Performance and Resource Overhead

The decompression latency and decompression-side resource overhead of the two
compression frameworks are further measured. The cascade compression framework does
not fundamentally change the decompression path. The entropy-coded payload is still de-
coded through the same Zstd decompression path as the baseline, and the additional work
mainly comes from parsing cascade-block metadata and recovering the LZ4-compatible
sequence representation.

As shown in Figure 10, on the Raspberry Pi 4 platform, the decompression latency
of the proposed framework remains close to that of the original Zstd path. Across the
evaluated workloads, the decompression time of the proposed framework is 1.01-1.51x that
of Zstd decompression, with an average of approximately 1.19 x. The smallest difference
is observed in Weixin, where the ratio is 1.01x, while the largest difference is observed
in Redwood, where the ratio reaches 1.51x. These results indicate that the proposed
framework introduces only a small additional cost on the decompression side.

Figure 11 further reports the corresponding decompression CPU time and peak mem-
ory usage. The trend in CPU time is consistent with the latency results, because decompres-
sion follows the same overall decoding path and only adds lightweight metadata parsing
and sequence recovery. Peak memory usage remains stable across repeated runs, indicat-
ing that the proposed framework does not introduce a large additional decompression
working set. Therefore, although the primary benefit of the proposed framework lies on
the compression side, the decompression results show that its page-restoration overhead
remains low and is still suitable for runtime memory-page recovery scenarios.
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Figure 10. Decompression latency comparison on the Raspberry Pi 4 platform.
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Figure 11. Decompression-side resource overhead on the Raspberry Pi 4 platform: (a) CPU time and

(b) peak memory usage.

https://doi.org/10.3390/s26175656


https://doi.org/10.3390/s26175656

Sensors 2026, 26, 5656

14 of 21

5.5. Cross-Architecture Validation on RISC-V

To examine whether the above observations depend on a single hardware platform,
we conduct an additional evaluation of the proposed framework on a StarFive RISC-V edge
platform. We choose RISC-V because its reduced instruction set architecture is increasingly
adopted in lightweight and edge-side systems, making it a useful complementary platform
to the ARM-based Raspberry Pi 4.

As shown in Figures 12 and 13, the results on the RISC-V platform exhibit the same
overall trade-off as those on the Raspberry Pi 4 platform. The proposed framework pro-
duces higher compressed-size ratios for the six application workloads but lower ratios for
the two 3D datasets, while consistently reducing compression latency across all workloads.
On the StarFive platform, compression time is reduced by 47.51%—64.36%, with an average
reduction of 56.92%.

Figure 14 reports the corresponding decompression latency. The decompression time
of the proposed framework is 1.04-1.40x that of Zstd decompression, with an average of
approximately 1.20 x. These results show that the proposed framework maintains the same
performance trend on the RISC-V platform as on the Raspberry Pi 4 platform: its main
benefit lies in compression-side latency reduction, while the additional decompression
overhead remains low.
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Figure 12. Compressed-size ratio on the StarFive RISC-V platform.
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Figure 13. Compression latency on the StarFive RISC-V platform.
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Figure 14. Decompression latency on the StarFive RISC-V platform.

5.6. Functional Correctness and Robustness

This experiment validates whether the proposed framework can preserve byte-level
lossless reconstruction and safely handle abnormal inputs. The results show that the
proposed framework achieves a 100% reconstruction success rate on more than 200K mixed-
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entropy memory pages and successfully detects corrupted compressed streams. Specifically,
the evaluation covers four representative cases: end-to-end reconstruction, extreme entropy
inputs, sequence-boundary cases, and corrupted compressed streams, as summarized in
Table 2.

Table 2. Functional correctness and robustness tests.

Test Case

End-to-end reconstruction

Extreme entropy inputs
Sequence-boundary cases

Corrupted stream inputs

Validation Target Result
Compress and decompress more than 200K mixed-entropy 4-kilobyte pages, o

. 100% passed
followed by byte-level comparison.
Vghc%ate gll—zero pages and repeated-byte pages under highly skewed data 100% passed
distributions.
Validate long literals, extended match lengths, extreme offsets, and trailing literals. 100% passed
Inject bit-level errors into compressed blocks to validate malformed-stream o

. 100% detected

detection.

The end-to-end reconstruction test verifies that the proposed framework preserves the
original page content and that all tested pages are reconstructed correctly. Each 4-kilobyte
page is compressed and then decompressed, and the recovered page is compared with the
original input using byte-level comparison. Across more than 200K mixed-entropy pages,
all recovered pages are identical to their original inputs.

The extreme entropy test verifies that the proposed framework remains correct under
highly skewed data distributions, and all tested extreme inputs are successfully restored.
All-zero pages and repeated-byte pages are correctly encoded and decoded without invalid
metadata or abnormal decoding behavior.

The sequence-boundary test verifies that field reorganization preserves valid LZ4
sequence semantics, and all tested boundary cases are decoded correctly. The evaluated
cases cover long literals, extended match lengths, extreme offsets, and trailing literals, all of
which are critical to preserving the recoverability of LZ4 sequences.

The corrupted-stream test verifies that malformed compressed blocks can be safely
rejected and that all injected corruptions are successfully detected. Bit-level errors are
injected into compressed blocks, and the decoder detects these malformed streams through
metadata validation and decoding-state checks.

Overall, these results indicate that the proposed framework preserves lossless re-
construction for the tested pages and can reject malformed compressed streams in the
evaluated cases.

5.7. Effectiveness of Stream-Specific Entropy Coding

To validate the effectiveness of the stream-specific entropy-coding strategy, the pro-
posed framework is compared with two uniform coding baselines. Uniform Huffman
coding applies Huffman coding to all reorganized streams, while uniform FSE coding
applies FSE coding to all streams. As shown in Figure 15, the proposed framework achieves
the lowest second-stage compressed-size ratio across all workloads. On average, it reduces
the second-stage compressed-size ratio by 4.79 percentage points relative to uniform Huff-
man coding and by 5.36 percentage points relative to uniform FSE coding. The largest
improvement is observed in the Douyin workload, where the reductions reach 6.0 and
6.9 percentage points, respectively.

These results show that using a single entropy coder for all streams is suboptimal.
By applying Huffman coding to the literal stream and FSE coding to the sequence streams,
the proposed stream-specific strategy better matches the distribution characteristics of
different streams and improves secondary compression efficiency.
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Figure 15. Comparison of secondary entropy-coding strategies.

5.8. Effectiveness on 3D Sensing Workloads

This subsection focuses on the results of two representative 16 MiB 3D sensing memory
samples: the Stanford Bunny point-cloud sample [35] and the Redwood RGB-D Living
Room sample [36]. Their compression-side results are summarized in Table 3.

Table 3. Compression-side results on the 16 MiB 3D sensor memory samples.

Method  Compressed Size (MiB) Ratio (%) Total Compression Time (ms)

Stanford Bunny

Original 13.40 83.77 182.30
Cascaded 12.37 77.29 121.86
Redwood RGB-D Living Room

Original 9.17 57.29 243.32
Cascaded 8.92 55.75 138.52

For the Stanford Bunny sample, the proposed cascaded path reduces the compression
time by 33.16% while lowering the compressed-size ratio by 6 percentage points compared
with the original restore-then-recompress path. For the Redwood RGB-D Living Room
sample, the compression time is reduced by 43.07%, while the compressed-size ratio is
lowered by 1.54 percentage points. These results demonstrate the effectiveness of the
proposed framework for both point-cloud and real-world RGB-D sensing memory data.

6. Discussion

The experimental results show that the proposed sequence-aware cascaded com-
pression framework provides an effective tradeoff for runtime memory compression in
edge-side visual and multimedia workloads. Unlike conventional restore-then-recompress
schemes, the proposed method does not treat the LZ4 output as an opaque compressed
byte stream. Instead, it reuses the sequence-level information already generated by the
primary compressor and reorganizes literals, literal lengths, match lengths, and offsets
into separated streams. This design changes LZ4 from a standalone fast compressor into a
structure-extraction front end for secondary entropy coding. As a result, the second-stage
compression process avoids full-page restoration and repeated redundancy analysis, which
explains the reductions in processing time, CPU time, and peak memory usage observed in
the experiments.

This design is particularly relevant to real-time sensing and edge visual systems.
Applications such as 3D visual perception, continuous spatial tracking, augmented interac-
tion, and multimedia analysis continuously generate runtime memory objects, including
point clouds, depth maps, image buffers, rendering caches, feature tensors, and media
buffers. These data often appear as short-lived memory pages on the system execution
path rather than as complete files or frames. Therefore, runtime memory compression
must preserve byte-level lossless recovery, introduce low latency, avoid large temporary
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buffers, and operate under limited CPU and memory budgets. The proposed framework ad-
dresses these requirements by compressing page-level runtime data through a lightweight
sequence-reuse path rather than a full reconstruction-based recompression path.

The evaluations on the Stanford Bunny and Redwood RGB-D Living Room point-
cloud memory samples further demonstrate the applicability of the proposed framework
to 3D sensing workloads. For both datasets, the cascaded path reduces compression latency
and the compressed-size ratio compared with the conventional restore-then-recompress
path. These results show that the sequence information produced during primary LZ4
compression can be effectively reused when processing memory buffers derived from
point-cloud and RGB-D data. The stream-specific entropy-coding strategy also remains
effective for these structured 3D data buffers, allowing the secondary compression stage to
reduce the storage footprint without introducing a complete restoration process.

These properties are valuable for edge-based 3D perception and tracking systems.
Point-cloud and RGB-D processing pipelines may retain multiple intermediate buffers for
data acquisition, registration, tracking, reconstruction, and visualization. Compressing
these buffers with lower processing latency can improve effective memory utilization while
limiting the computational overhead introduced by memory management. The current
experiments use individual 16 MiB point-cloud memory samples to validate compression-
side effectiveness. Further evaluation on continuous RGB-D sequences and complete
3D sensing pipelines is needed to examine sustained throughput, frame-to-frame data
variation, and application-level responsiveness.

The proposed method should therefore be understood as a latency- and resource-
oriented recompression strategy rather than a maximum-density compressor. Com-
pared with the conventional two-stage recompression baseline, it slightly increases the
compressed-size ratio, with an average gap of 0.70 percentage points. However, this limited
compression-density loss is accompanied by a 42.10% average reduction in compression
processing time, a 20.28% average reduction in CPU time, and a 29.92% average reduction
in peak memory usage. For memory-constrained edge devices, such a tradeoff is important
because the overhead of compression itself may otherwise offset the benefit of memory
saving. In this sense, the proposed framework is more suitable for online runtime memory
management than for offline archival compression, where compression density is usually
the dominant objective.

The ablation study further confirms the necessity of stream-specific entropy coding.
The parsed LZ4 fields exhibit different statistical characteristics: literal bytes are distributed
over the byte-value space and show multi-peak behavior, whereas literal lengths, match
lengths, and offsets are structured state symbols with head-concentrated and long-tailed
distributions. Applying a uniform entropy coder to all streams ignores these differences
and weakens compression effectiveness. By assigning Huffman coding to the literal stream
and FSE coding to the sequence streams, the proposed framework better matches the
statistical properties of each stream. This indicates that the performance gain comes not
only from skipping full-page restoration, but also from making the second-stage coding
process aware of the semantic structure of the first-stage compression output.

Several system-level issues should also be considered when integrating the proposed
framework into practical compressed-memory systems. First, the current evaluation mainly
focuses on compression-side latency, CPU time, memory usage, and reconstruction cor-
rectness. Although reconstruction correctness has been validated, full-system effects
such as decompression latency, page-fault handling, scheduling interference, swap be-
havior, and application-level responsiveness still require further investigation. Second,
although the tested workloads cover representative visual, multimedia, and 3D sensing
data, the generality of the method should be further validated on broader sensing work-
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loads, such as robotics perception, augmented reality, video analytics, and embedded
3D reconstruction.

Another integration issue is the cost of dynamic coding decisions. The current im-
plementation adopts fixed stream-specific coding choices, while future systems may dy-
namically decide whether to apply secondary coding and which coding strategy to use
according to page entropy, LZ4 sequence density, literal ratio, stream sizes, or runtime
resource pressure. The additional overhead of such dynamic decisions mainly comes from
collecting page-level statistics, evaluating policy conditions, and recording small metadata
for the selected coding path. This overhead is expected to be modest because many useful
statistics, such as sequence count, literal bytes, compressed stream sizes, and LZ4 output
size, are already generated during sequence parsing and stream separation. Therefore,
the dynamic decision does not require an additional full-page scan or trial recompression
before making the coding choice.

The proposed transcoding logic also provides opportunities for hardware-aware opti-
mization on edge devices. The current design can be decomposed into several streaming
stages, including LZ4 token parsing, length-extension decoding, literal and offset extraction,
LL/ML/OF stream separation, stream packing, and table-based entropy coding. These
stages mainly process the compressed block sequentially and pass compact intermediate
fields to the next stage, making them suitable for pipeline-style hardware support. For ex-
ample, a lightweight SoC or FPGA accelerator could parse LZ4 sequence fields in the
front-end pipeline, dispatch literals and structured fields into separate buffers, and then
feed them to dedicated Huffman/FSE coding units. On ARM-based edge platforms, some
byte copying, stream packing, and histogram-related operations may also benefit from
NEON/SIMD optimization. Such hardware-aware support could further reduce CPU
involvement and improve energy efficiency for real-time edge workloads.

7. Concluding Remarks and Future Work

This work presented a sequence-aware cascaded compression framework for runtime
memory pages generated by visual and multimedia workloads on edge devices. The key
insight is that the output of a fast dictionary compressor can be reused as a structured
intermediate representation for secondary entropy coding. Based on this observation,
the proposed framework parses LZ4-compressed blocks into literal and structured sequence
streams, and applies Huffman and FSE coding according to their statistical characteristics.
This avoids the conventional restore-then-recompress path, where the full page must be
reconstructed and analyzed again.

The proposed design makes three main contributions. First, it introduces a sequence-
aware recompression path that directly reuses LZ4 sequence information, reducing unnec-
essary data transformation. Second, it separates heterogeneous LZ4 fields into literal and
sequence streams, allowing entropy coding to better match their different data distributions.
Third, it preserves lossless reconstruction semantics while reducing the computational and
memory overhead of secondary recompression.

Experimental results on representative visual and multimedia applications confirm the
effectiveness of the proposed framework. Compared with the conventional restore-then-
recompress path, the proposed method reduces compression processing time by 42.10% on
average and by up to 52.22%, CPU time by 20.28%, and peak memory usage by 29.92%,
while maintaining a comparable compressed-size ratio. Functional validation on over
200K mixed-entropy 4-kilobyte pages demonstrates byte-level lossless reconstruction and
successful detection of corrupted streams. These results show that the proposed framework
reduces the runtime cost of memory compression without sacrificing correctness, making it
suitable for memory-constrained edge-side scenarios.
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The evaluations on the Stanford Bunny and Redwood RGB-D Living Room point-
cloud memory samples further confirm the applicability of the proposed framework to
3D sensing workloads. For both datasets, the cascaded path reduces compression latency
and the compressed-size ratio compared with the conventional restore-then-recompress
path. These results demonstrate that the proposed sequence-reuse and stream-specific
entropy-coding mechanisms can effectively process memory buffers derived from point-
cloud and RGB-D data. This capability is particularly relevant to edge-based 3D perception
and tracking systems, where large sensing buffers are generated continuously under strict
latency, processing, and memory constraints.

Future work will focus on full-system integration and broader validation. First,
the framework will be integrated into compressed-memory systems to evaluate decompres-
sion latency, page-fault handling, swap behavior, and application responsiveness. Second,
lightweight adaptive policies will be investigated to select coding strategies according
to page characteristics and runtime resource pressure. Third, decompression-side opti-
mization and hardware-aware acceleration will be further explored on edge platforms.
Finally, the evaluation will be extended from individual point-cloud memory samples to
continuous RGB-D streams and end-to-end 3D sensing pipelines, including augmented
reality, SLAM, robotics vision, and embedded 3D reconstruction, to evaluate sustained
processing throughput, frame-to-frame data variation, and system-level effects.
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CPU Central Processing Unit

FSE Finite State Entropy
GZIP GNU zip
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