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ABSTRACT

With streaming floating-point numbers being increasingly preva-
lent, effective and efficient compression of such data is critical.
Compression schemes must be able to exploit the similarity, or
smoothness, of consecutive numbers and must be able to contend
with extreme conditions, such as high-precision values or the ab-
sence of smoothness. We present DeXOR, a novel framework that
enables decimal xor procedure to encode decimal-space longest
common prefixes and suffixes, achieving optimal prefix reuse and
effective redundancy elimination. To ensure accurate and low-cost
decompression evenwith binary-decimal conversion errors,DeXOR
incorporates 1) scaled truncation with error-tolerant rounding and
2) different bit management strategies optimized for decimal xor.
Additionally, a robust exception handler enhances stability by man-
aging floating-point exponents, maintaining high compression ra-
tios under extreme conditions. In evaluations across 22 datasets,
DeXOR surpasses state-of-the-art schemes, achieving a 15% higher
compression ratio and a 20% faster decompression speed while
maintaining a competitive compression speed. DeXOR also offers
scalability under varying conditions and exhibits robustness in
extreme scenarios where other schemes fail.
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Figure 1: Compressing the target 64.56 with the previous

value 64.5487: (a) Elf [33, 35] removes trailing zeros in the bi-

nary representation but wastes bits after xor. (b) Camel [49]

targets the integer part of a decimal value, leaving the frac-

tional part unoptimized. (c) DeXOR extracts the longest com-

mon decimal prefix (64.5) to exploit smoothness and scales

the suffix (from 0.06 to 6) to remove redundancy. It also in-

cludes an exception handler based on exponential subtrac-

tion for extreme-case target values (127.14716377 · · ·).

1 INTRODUCTION

The rapidly growing Internet of Things [31] emits massive volumes
of streaming data, typically in the form of time series. For exam-
ple, aviation systems emit terabytes per second [23]. Across many
domains, including industrial automation, finance, and scientific
research, high-precision floating-point data streams require accu-
rate decompression, as even minor inaccuracies can have critical
operational consequences. As a result, lossless compression with
real-time efficiency is a fundamental and pressing challenge.

To address this challenge, streaming lossless compression (SLC)
has emerged as a key research focus. The present study targets the
common setting where only the previous value is required to com-
press the current one (Figure 1), addressing scenarios with strict
memory constraints or streaming applications where retaining ear-
lier values is infeasible. Existing SLC approaches bifurcate into
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two categories: smoothness-based and redundancy-based schemes.
Smoothness-based schemes, such as Gorilla [42] and Chimp [37],
leverage the similarity among consecutive values, called smooth-

ness, to compress using bitwise operations (e.g., xor). While ef-
fective for sequential patterns, these schemes struggle with the
complex storage formats used for floating-point numbers. In con-
trast, redundancy-based schemes target representational redun-
dancy in floating-point structures, introducing leading or trailing
zeros to minimize bit storage. Prominent examples include scaling-
to-integer schemes (PDE [27] and ALP [8]). However, such schemes
often do not exploit inherent smoothness in the data, causing infe-
rior compression ratios.

Recent proposals, including the Elf series [32–35] andCamel [49],
attempt to combine smoothness- and redundancy-based schemes
(see Figure 1(a) and (b)). However, this integration causes interfer-
ence, where redundancy elimination involves format conversion,
disrupting smoothness. For example, in the Elf series, mantissa
erasure disrupts smoothness by misaligning binary representations
with differing precision. In Figure 1(a), 64.56 erases 39 trailing zeros,
while 64.5487 erases 32, resulting in 64.56 losing 7 additional trail-
ing zeros after the xor, leading to redundancy in the compressed
output. Next, Camel [49], covered in Figure 1(b), separates integer
and fractional components, partially exploiting similarities in the in-
teger parts (64 − 64), while reducing redundancies in the fractional
part by scaling (0.56 to 56 for an integer-based representation).
However, this scheme does not exploit smoothness in the fractional
parts, limiting its compression ratios.

Unlike schemes constrained by binary systems, Camel pioneers
smoothness exploitation in the decimal domain, inspiring our de-
sign of DeXOR, a unified framework that synergizes smoothness-
and redundancy-based techniques via decimal-space conversion. Its
core is the decimal xor, which transforms binary floating-point
values into decimal-aligned ones, isolating the largest common
prefix for smoothness while leaving residuals for redundancy elim-
ination. Consider the target 64.56 in Figure 1(c). Using decimal
xor, the longest common prefix (LCP) with the previous value
— e.g., 64.5 is shared between 64.56 and 64.5487 — is identified and
removed. The residual value (0.06) is then scaled into an integer
suffix (6), achieving optimal redundancy elimination.

While decimal xor is conceptually simple, its processing w.r.t
SLC workflows faces three key challenges:
• C1 (Lossless Reconstruction): Binary-to-decimal conversion

risks precision loss (see Section 2.2), compromising precise suffix
extraction and violating the guarantee of lossless reconstruction.

• C2 (Computational Overhead): Prefix extraction for smooth-
ness, as well as suffix processing for redundancy elimination,
imports additional computational and metadata costs, increasing
time complexity and storage demands.

• C3 (Robustness in Extreme Cases): For high-precision, non-
smooth datasets with little redundancy, decimal xor benefits
may decline, just incurring increased time or space costs.
It is essential to address these challenges, DeXOR offers a suite

of sophisticated optimizations.
To address Challenge C1, DeXOR ensures accurate prefix and

suffix identification through a scaled truncation approach with

error-tolerant rounding (Section 4.2.1). Unlike traditional schemes

that convert from binary to decimal formats for string matching,
DeXOR computes prefixes and suffixes directly from vanilla bi-
nary format. Moreover, an error-tolerant rounding mechanism is
introduced to mitigate edge-case risks, ensuring the decimal xor
operation is robust and lossless. This eliminates conversion-induced
prefix and suffix identification errors while additionally reducing
computational overhead.

To address Challenge C2, DeXOR offers several decimal xor-

specific bit management strategies: (i) DeXOR minimizes prefix
storage complexity by encoding the LCP and suffix using minimal
coordinate data (i.e., metadata in Figure 1(c)), and a lightweight
2-bit case encoding further enables efficient reuse of these coordi-
nate results (Section 4.2.2). (ii) By identifying the sign consistency
between the suffix and prefix; and by assessing the inefficiency of
variable-length suffix storage, DeXOR adopts an optimal fixed-bit
unsigned suffix encoding design (Section 4.3).

To address Challenge C3,DeXOR includes an exception handler

operating in parallel with the decimal xor-driven main pipeline,
designed expressly to handle high-precision or non-smooth streams.
The handler isolates the floating-point exponent and encodes the
exponential subtraction (see Figure 1(c)), leveraging smoothness in
the data while bypassing data components with minimal benefits
(Section 5.1). Given the bounded range, low volatility, and low-bit
density of exponential subtraction, DeXOR introduces compact
adaptive-length encoding to efficiently store essential information
(Section 5.2). The handler can also function as a standalone com-
pressor for datasets known to exhibit exceptional properties.

We evaluate DeXOR using 22 publicly available datasets com-
monly used in state-of-the-art research [33, 35, 37, 42, 49]. Across
all metrics, DeXOR establishes itself as the new leader, achiev-
ing 15% higher compression ratios and 20% faster decompression
speeds compared to the best-performing competitors, while main-
taining comparable compression speeds. On low-precision datasets,
DeXOR delivers an impressive 30% improvement in decompression
speed and 20+% faster compression speed. It achieves the highest
compression ratios across nearly all datasets and exhibits robust per-
formance, maintaining competitive compression even in extreme
cases where other schemes fail. Consistent 15%–20% compression
gains are impactful as they offer benefits across storage cost [42],
network bandwidth [18], query performance [7, 14], and system
sustainability [40, 47], thereby delivering substantial benefits.

The main contributions are summarized as follows.
• We revisit existing SLC schemes and provide insights into leverag-

ing smoothness and redundancy with decimal-space operations.
Building on these insights, we propose DeXOR, a comprehensive
SLC scheme centered around decimal xor (Sections 2 and 3).

• We equip DeXOR’s main pipeline with decimal xor-specific
optimizations, including scaled truncation with error-tolerant
rounding for efficient and precise prefix-suffix extraction, as well
as different bit management strategies to ensure compact storage
of data and metadata (Section 4).

• We present an exception handler to complement decimal xor
in extreme settings involving high-precision and non-smooth
streams. The handler stabilizes exponents and employs adaptive
encoding, maintaining high compression ratios even where other
schemes fall short (Section 5).
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• We report on extensive experiments involving pertinent datasets
and baselines, offering evidence that DeXOR is capable of supe-
rior compression ratios and decompression speeds, offers scal-
ability under varying conditions, and achieves robustness in
extreme scenarios (Section 6).

2 PRELIMINARIES

2.1 Numerical Data Representation

In practice, numerical values are most commonly represented as
floating-point numbers rather than integers, with the IEEE754

standard [4] being the de facto format.Moreover, computer systems
must store each numerical value 𝑣𝑖 using a binary representation
𝜔𝑖 , most often in 64-bit double-precision form:

𝑓IEEE754 : 𝑣𝑖 → 𝜔𝑖 = sign⏞⏟⏟⏞
1 𝑏𝑖𝑡

| | exp⏞⏟⏟⏞
11 𝑏𝑖𝑡𝑠

| | fraction⏞ˉ̄⏟⏟ˉ̄⏞
52 𝑏𝑖𝑡𝑠

. (1)

The original decimal value 𝑣𝑖 can be reconstructed as:

𝑣𝑖 ≈ sign × 2(exp−bias) × (1 + fraction), (2)

where sign indicates polarity; exp is the stored exponent; bias is
a predefined offset that maps negative exponents to non-negative
values for compact storage (the actual exponent is exp − bias); and
fraction represents the significand as a fraction, which, when added
to 1, forms the complete significand value. This format ensures
compact and efficient representation across platforms. This study
adopts double-precision (with bias = 1023 in Equation 2) by default
due to its higher accuracy. Nevertheless, the proposed compression
techniques can be applied readily to single-precision values, with a
similar format (8-bit exp and 23-bit fraction) but bias = 127.

Rounding Errors in Binary-decimal Conversions. Lim-
ited bits in IEEE754 introduce rounding errors during binary-
decimal conversions in Equation 2. For example, when stor-
ing a decimal value 𝑣𝑖 = 88.1479, it may be reconstructed as
𝑣 ′𝑖 = 88.14790000000000702 · · · , causing a negligible error (e.g.,
the rounding error is below 2(exp−bias)−52 for 64-bit precision).
While typically insignificant, rounding errors can accumulate in
typical compression schemes involving binary-decimal conver-
sions [8, 27, 49]; thus, care is needed to maintain accuracy. We
discuss how to combat this issue in Section 4.2.

2.2 Problem Formulation

Following prior studies [33, 35, 37, 42, 49], we assume that the com-
pression system processes a stream of incoming numerical values,
denoted as 𝑣1, 𝑣2, · · · . Such a stream may originate from a subscrip-
tion to an existing time series, or it may encompass random data
emitted by multiple sources. Timestamps, if present, are excluded
from consideration in our framework, as they are typically han-
dled separately using specialized compression techniques, such as
Delta-of-delta compression [42]. Instead, we focus exclusively on
the compression of numerical values. As discussed, such input data
is generally represented as bit streams, defined as follows.
Definition 1 (Bit Stream). An input bit stream is denoted as𝜔1𝜔2 · · · ,
where each 𝜔𝑖 is the IEEE754 binary representation of a numerical

value 𝑣𝑖 from the decimal space.

We define our problem as follows.
ProblemStatement (Streaming Lossless Compression, SLC). Given
an input bit stream, without assuming temporal smoothness, stream-

ing compression is a function C : 𝜔𝑖−𝑁 · · ·𝜔𝑖 → 𝜔 ′𝑖 that transforms

a target 𝜔𝑖 into a compressed binary representation 𝜔 ′𝑖 using a buffer
of 𝑁 preceding values. A streaming lossless compression ensures a

reverse mapping D : 𝜔 ′
𝑖−𝑁 · · ·𝜔 ′𝑖 → 𝜔𝑖 , enabling exact recovery of

𝜔𝑖 from the compressed bit stream (𝜔 ′𝑖 and its 𝑁 preceding ones).

Our problem statement adopts the univariate streaming setting,
thus aligning with prevailing state-of-the-art methods [8, 35, 37, 42].
For high-dimensional datasets (e.g., vector data), each dimension
can be compressed independently and assigned to a separate com-
putational thread, enabling straightforward parallelization.

This study addresses SLC for 𝑁 = 1, where compression and
decompression involve only the preceding value. This minimal con-
text renders it more challenging to achieve effective compression.
When 𝑁 > 1, the larger buffer enables the use of sliding windows
(compressing each current using its previous 𝑁 ) or truncated win-
dows (compressing𝑁 data in a mini-batch). As shown in Section 6.6,
our proposal outperforms schemes using larger buffers in terms of
compression ratio and/or efficiency.

2.3 Rethinking Existing SLC Schemes

In numerical data compression, variable-length encoding [42]
reduces storage by removing unnecessary bits, such as leading or
trailing zeros, resulting from fixed assignments. Referring to the
example in Table 1, 𝑣2’s IEEE754 representation𝜔 (88.1479) has one
leading zero, which can be omitted. The remaining necessary bits,
the center bits, start and end with a 1 bit.

To reconstruct the original value, auxiliary bits (i.e., metadata)
are needed to record the length and (start) position of the center
bits, with little opportunity to compress these bits. Thus, reducing
the center bit length (CBL) often becomes a bottleneck when
trying to achieve higher compression ratios. To address this, prior
approaches [8, 11, 35, 37, 49] introduce preprocessing steps, leverag-
ing properties such as data smoothness [11, 35, 37, 49] or numerical

precision redundancy [8, 35, 49], to shorten the CBL. We refer to
these preprocessing steps as converters, with Table 1 summarizing
common types.
Type-① Smoothness-based Converters leverage the smoothness
of streaming data, where adjacent values often are similar, a prop-
erty particularly prevalent in time series processing [28–30, 36].
Example 1. Methods like Gorilla [42] and Chimp [37] use xor oper-

ations (e.g., 𝜔2 ⊕ 𝜔1) to highlight similarities, yielding many leading

zeros that reduce the CBL from 63 to 39 (see row 2 in Table 1).

Camel [49] separates decimal values into integer and fractional

parts. For 𝑣2 = 88.1479, the integer part 88 is subtracted from the

previous integer part and stored (e.g., 88 − 88 = 0), while the frac-
tional part 0.1479 is mapped into a smaller range using modulus 2−4
(corresponding to the 4 decimal places of 𝑣2) and scaled by 104. This
reduces the center bits to 8 bits but adds a 4-bit overhead for indexing

(row 3 in Table 1).

Type-② Redundancy-based Converters target IEEE754 specifi-
cally and reduce representational redundancy by utilizing knowl-
edge of data precision.
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Table 1: Examples of approaches in converters (assuming the previous value 𝑣1 = 88.1537 and the current value 𝑣2 = 88.1479):
leading zeros , center bits , and trailing zeros are highlighted. CBL includes additional cost, e.g., the decimal separation

method requires a mapping operation, resulting in an index cost of 4 bits, i.e., (index = 0010) (see row 3 in Table 1).

Type Approaches Conversion Binary Representation (after conversion) CBL

- Original IEEE754 𝜔 (88.1479) 0 100000001010110000010010111011100110001100011111100010100000101 63

①
xor (Gorilla [42] and Chimp [37]) 𝜔 (88.1479) ⊕ 𝜔 (88.1537) 000000000000000000000000 101000010000100100001001100111000100111 0 39
Decimal separation (Camel [49]) (88.1479−88) %2−4×104 0000000000000000000000000000000000000000000000000000 11100101 =⇒ (index=0010) 12

②
Erasure (Elf [35]) 88.14788818359375 0 1000000010101100000100101110111 00000000000000000000000000000000 31
Scaling to integers (ALP [8]) 88.1479 ×106 × 10−2 = 881479 00000000000000000000000000000000000000000000 11011110111111100111 20

③ Decimal xor (ours) (88.1479 ⋄ 88.1537) = 479 0000000000000000000000000000000000000000000000000000000 111011111 9

DeXOR
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DeXOR
Compressor 
[Section 4.3]

Decompression[Section 4] Main Pipeline

DeXOR
Decompressor
[Section 4.4.1] 

Buffer
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BufferCompression
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Figure 2: The “main pipeline” features a decimal xor-based

converter and a specialized compressor/decompressor, ac-

companied by an “exception handler” for extreme cases.

Example 2. Elf [35] erases unnecessary mantissas, introducing more

trailing zeros while preserving the original decimal precision (stored

separately) that can round decimal values back (88.14788 · · · in row

4 of Table 1 is rounded up to 88.1479 if 4 decimal places are known).

ALP [8] scales floating-point numbers into integers via 𝑣 ′ = 𝑣 ×
10𝑒 × 10−𝑓 , where ⟨𝑒, 𝑓 ⟩ are chosen carefully to avoid rounding errors.
This scaling adds leading zeros, optimizing the CBL to 20 for 88.1479
(row 5 in Table 1).

Joint Utilization of Smoothness and Redundancy. Most SLC
converters exploit either smoothness or redundancy, but combining
their approaches introduces challenges:
• Smoothness Disruption: Precision-based transformations in

type-② can disrupt smoothness in type-①. For instance, the Elf
series schemes subtract minimal values based on precision, al-
tering binary representations and reducing similarity to prior
values. Similarly, ALP scales values independently, distorting
coordinate systems (e.g., 66.101→ 66101 and 66.1→ 661).

• Partial Solutions: Camel preserves smoothness in integer com-
ponents but ignores fractional similarities (e.g., 88.1479 and
88.1537 share 88.1, but only 88 is retained). Elf attempts to com-
bine erasure (type-②) with xor (type-①), but inconsistencies in
CBL after erasure cause inefficiencies in xor. Here, smoothness
is inter-value continuity. In Elf, variable-length bit erasure is
applied to each value based on its precision; the subsequent xor
then aligns the lengths to the longer, causing smoothness loss.
In this study, we propose the first type-③ converter, which

combines the strengths of smoothness- and redundancy-based con-
verters. Our converter is enabled by a decimal-space xor-like op-
eration that maximizes the exploitation of smoothness (88.1 shared
between 88.1479 and 88.1537) while preserving the remaining por-
tion (88.1479 − 88.1 = 0.0479) for precision-based transformation.
As shown in row 6 of Table 1, the converter, named decimal xor,
achieves a shorter CBL than do existing SLC converters.

3 OVERALL FRAMEWORK OF DEXOR

The proposed framework, illustrated in Figure 2, compresses each
floating-point number 𝜔𝑖 (in IEEE754 format) through a main

pipeline (Section 4) built around the decimal xor technique, sup-
plemented by an exception handler (Section 5) for extreme cases.

Main Pipeline: The input is first processed by the DeXOR con-
verter (Section 4.2) to eliminate precision redundancy while exploit-
ing smoothness. This step generates a 2-bit case code for execution
status during decompression. A special case code, 1 1 , triggers a
switch to the exception process, while other cases proceed with
metadata storage and suffix encoding. The suffix, with its signifi-
cantly reduced information capacity, is then passed to the DeXOR
compressor (Section 4.3) for specialized variable-length encoding.

Exception Handler: Data handled poorly by DeXOR (e.g., 16+
decimals) is redirected to the exception handler, in its original
IEEE754 format via an in-line conditional branch. This module iden-
tifies the most stable components (e.g., exponent with high smooth-
ness) for subtraction and applies adaptive storage of the subtraction
result to reduce the storage overhead. The exception handling pro-
cess is consistent with the global input structure, enabling it to
perform compression independently when necessary.

The framework integrates a decimal xor-centered pipeline with
a plug-in exception-handling module, to achieve robust perfor-
mance across diverse datasets. It dynamically determines whether
to process data through the main pipeline or the exception handler,
optimizing compression for all cases. Thus, prior knowledge of
a data stream can allow direct entry into the exception handler
(see Section 5.3), reducing the conversion overhead and further
improving the compression ratio for high-precision data.

4 MAIN PIPELINE IN DEXOR

4.1 Definition of decimal xor

As discussed in Section 2.3, leveraging both smoothness in bi-
nary representations and precision redundancy in decimal values
presents challenges. This inspires us to consider from another per-
spective: floating-point numbers also exhibit smoothness in decimal
space. This suggests that it is possible to apply xor-like operations
first, to strip away the common parts in decimal space, and then
handle the redundancy in the residual. Hence, we propose deci-
mal xor, a floating-point data conversion method within a global-
aligned decimal coordinate system. It separates the handling of
common decimal prefixes and the rest, addressing smoothness and
redundancy independently.
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A decimal value 𝑣𝑋 can be represented by a finite segment on
its coordinate range, i.e., 𝑣𝑋 = 𝑥𝑝𝑥𝑝−1 · · · 𝑥𝑞+1𝑥𝑞 , where 𝑝 ∈ Z is
the head coordinate (highest decimal place) and 𝑞 ∈ Z is the tail
coordinate (lowest decimal place).We have 𝑣𝑋 =

∑︁𝑝

𝑗=𝑞
𝑥 𝑗×10𝑗 . The

data precision 𝑑𝑝 is defined as the length of meaningful decimal
digits, i.e., 𝑑𝑝 = 𝑝 −𝑞 + 1. Referring to Figure 3, for the target value
𝑣 = 88.1479, we have 𝑝 = 1, 𝑞 = −4, and 𝑑𝑝 = 1 − (−4) + 1 = 6.

Given 𝑣𝑋 the target and 𝑣𝑌 , represented by their decimal digits
𝑥 𝑗 and 𝑦 𝑗 ( 𝑗 ∈ Z), we define the asymmetric decimal xor as:

𝑣𝑋 ⋄ 𝑣𝑌 =

(︂∑︂∞
𝑗=−∞

(︁
𝑥 𝑗 ⋄𝑦 𝑗

)︁
· 10𝑗

)︂
· 10(−𝑞) , (3)

where 𝑥 𝑗 ⋄ 𝑦 𝑗 denotes the decimal xor operation applied to the
individual digits 𝑥 𝑗 and 𝑦 𝑗 , and is defined as:

𝑥 𝑗 ⋄𝑦 𝑗 =

{︄
0 if ∀𝑘 ∈ [ 𝑗,∞)(𝑥𝑘 = 𝑦𝑘 )
𝑥 𝑗 otherwise

(4)

To put it simply, we have 88.1479 ⋄ 88.1537 = 0.0479 × 104 =

479. This leads to a CBL as small as 9 (see type-③ in Table 1). To
further verify its efficacy, we conduct a pilot experiment comparing
different converters using six representative benchmark datasets,
including both time-series and non-time-series ones (see dataset
descriptions in Section 6.1). Figure 4 reports the average CBLs after
conversion. By design the CBL captures the intrinsic compression

potential of each converter and excludes any metadata overhead.
We draw the following key observations: 1) While xor (type-①)

is insensitive to increases in 𝑑𝑝 , the resulting CBL remains consis-
tently poor (CBL ≥ 38). 2) Methods involving precision redundancy
(type-① and type-②) degrade in performance as 𝑑𝑝 increases, with
the erasure method nearly failing when 𝑑𝑝 exceeds 15 bits (CBL

> 60); the scaling-to-integers approach performs worse on time-
series data compared to non-time-series data as it fails to leverage
the smoothness. 3) decimal xor achieves the best CBL reduction
in most cases; this is attributed to its successful integration of the
strengths of type-① and type-② methods. Interestingly, decimal
xor performs similarly to xor in high-𝑑𝑝 scenarios (AS and PA);
these exceptional cases will be analyzed and addressed in Section 5.

4.2 The DeXOR Converter

While decimal xor offers significant advantages, implementing it
in SLC scenarios is non-trivial. The compression system operates
on binary IEEE754 data, requiring costly binary-decimal conver-

sions to identify similar prefixes in the decimal space. Moreover,
conversion errors can compromise accurate prefix and suffix de-
tection. To resolve these issues, we propose a novel approach in
Section 4.2.1, called scaled truncation with error-tolerant rounding,
which enables lightweight and precise prefix-suffix identification.
Furthermore, Section 4.2.2 introduces an efficient method for stor-
ing metadata associated with identified prefixes and suffixes.

4.2.1 Prefix and Suffix Identification. Let 𝛼 be the longest com-

mon prefix (LCP) shared between 𝑣𝑋 and 𝑣𝑌 . We have 𝑣𝑋 −𝛼 = 𝛽 ′,
where 𝛽 ′ is a residual value. Let 𝛽 be the suffix after decimal xor
and we have 𝑣𝑋 ⋄ 𝑣𝑌 = 𝛽 = 𝛽 ′ × 10−𝑞 where 𝑞 is the tail coordinate
of 𝑣𝑋 . We use 𝑜 ≥ 𝑞 to denote the LCP coordinate associated with
𝛼 in 𝑣𝑋 . Given the current value 𝑣𝑋 = 88.1479 and previous value
𝑣𝑌 = 88.1537 in Figure 3, we have 𝛼 = 88.1, 𝑜 = −1, and 𝛽 = 479.

To determine the prefix 𝛼 and the suffix 𝛽 , two coordinates are
required: (1) the LCP coordinate 𝑜 , as 𝛼 =

∑︁∞
𝑗=𝑜 𝑥 𝑗 × 10𝑜 ; and (2) the

tail coordinate 𝑞, as 𝛽 = 𝛽 ′ × 10−𝑞 = (𝑣𝑋 −
∑︁∞

𝑗=𝑜 𝑥 𝑗 × 10𝑜 ) × 10−𝑞 .
However, 𝑣𝑋 and its decimal space coordinates are unknown as

compression systems take in only binary values. A naive method
is to reconstruct a binary value 𝜔𝑋 into its approximate decimal
representation 𝑣 ′

𝑋
using Equation 2, convert 𝑣 ′

𝑋
to a String for

prefix-suffixmatchingwith String(𝑣 ′
𝑌
), and then revert the String

results back to numerical values for further processing. This is
inefficient due to the overhead of multiple type conversions, and
can fail to accurately identify prefixes and suffixes due to IEEE754
conversion errors (𝑣 ′

𝑋
≈ 𝑣𝑋 ), as discussed later in this section.

To address this issue, we propose a lightweight approach to
determine 𝑜 and 𝑞 using simple scaling and truncation operators.
The approach is formalized through the following two lemmas.
Lemma 1 (LCP Coordinate Judgment). Any common prefix 𝛼 ′ be-
tween 𝑣𝑋 and 𝑣𝑌 satisfies 𝛼 ′ =

∑︁∞
𝑗=𝑙

𝑥 𝑗 × 10𝑗 =

trunc(𝑣𝑋 × 10−𝑙 ) × 10𝑙 = trunc(𝑣𝑌 × 10−𝑙 ) × 10𝑙 , (5)

where 𝑙 ≥ 𝑞 is the ending coordinate that indicates 𝛼 ′ and trunc(·)
denotes the truncation function. The LCP coordinate 𝑜 is the smallest

𝑙 that satisfies this condition: ∄ 𝑜 ′ < 𝑜 (trunc(𝑣𝑋 × 10−𝑜
′ ) × 10𝑜′ =

trunc(𝑣𝑌 × 10−𝑜
′ ) × 10𝑜′ ).

We omit the proof for its simplicity.
Example 3. For LCP coordinate 𝑜 = −1 of 88.1479, trunc(88.1479 ×
101) × 10−1 = 88.1 = trunc(88.1537 × 101) × 10−1. However, for 𝑜 ′ =
−2, trunc(88.1479 × 102) × 10−2 = 88.14 ≠ 88.15 = trunc(88.1537 ×
102) × 10−2. For 𝑜 ′ = 0, the common prefix is 88, but not the longest.

853



Lemma 1 suggests that we can iterate from the tail coordinate
𝑞 to find the smallest coordinate satisfying Equation 5. However,
since 𝑞 is unknown, it must be determined first.
Lemma 2 (Tail Coordinate Judgment). A coordinate 𝑞 is the tail

coordinate of 𝑣𝑋 (𝑣𝑋 ≠ 0) if and only if:(︁
trunc(𝑣𝑋 × 10−𝑞) = 𝑣𝑋 × 10−𝑞

)︁
∧
(︁
trunc(𝑣𝑋 × 10−(𝑞+1) ) ≠ 𝑣𝑋 × 10−(𝑞+1)

)︁ (6)

Proof. Sufficiency: if 𝑞 is the tail coordinate, the scaled value
𝑣𝑋 ×10−𝑞 must be an integer, i.e., trunc(𝑣𝑋 ×10−𝑞) = 𝑣𝑋 ×10−𝑞 . Also,
for 𝑞 + 1, the scaled value 𝑣𝑋 × 10−(𝑞+1) cannot be an integer, as a
smaller scaling introduces a fractional part: trunc(𝑣𝑋 × 10−(𝑞+1) ) ≠
𝑣𝑋 ×10−(𝑞+1) . Necessity: if 𝑞 satisfies the condition in Equation 6, 𝑞
is the rightmost coordinate such that 𝑣𝑋 × 10−𝑞 is an integer. Thus,
𝑞 must be the tail coordinate. □

Example 4. For 𝑣2 = 88.1479with tail 𝑞 = −4: trunc(𝑣2×10−(−4) ) =
881479 = 𝑣2 × 10−(−4) whereas trunc(𝑣2 × 10−(−3) ) = 88147 ≠

88147.9 = 𝑣2 × 10−(−3) .
Lemma 2 gives the condition for determining 𝑞, but its possible

range is too large for an iterative search. However, regularities in
input data streams can simplify this. For instance, in the AP dataset,
adjacent values often share the same tail coordinate (𝑞𝑖 = 𝑞𝑖−1) 89%
of the time. This observation allows us to reuse the previous tail
coordinate 𝑞𝑖−1 as the initial point for the tail coordinate search.

So far, we have not addressed IEEE754 conversion errors.
Instead of obtaining the exact values 𝑣𝑋 and 𝑣𝑌 , we work with
their approximations 𝑣 ′

𝑋
and 𝑣 ′

𝑌
. Moreover, scaling operations like

𝑣 ′
𝑋
× 10− 𝑗 (see Equations 5 and 6) introduce additional errors as

10− 𝑗 is also represented as a floating-point number. As a result,
conditions like trunc(𝑣 ′

𝑋
× 10−𝑞) = 𝑣 ′

𝑋
× 10−𝑞 in Lemma 2 may fail

due to minor rounding errors. To address this, we introduce a small
tolerance Δ, typically set to 10−6. If |trunc(𝑣 ′

𝑋
×10−𝑞)−𝑣 ′

𝑋
×10−𝑞 | <

Δ, we treat the condition as satisfied. The same tolerance is applied
to the equality condition in Lemma 1.
Example 5. Assume 𝑣2 = 88.1479 with its reconstructed value 𝑣 ′2 =
88.14790 · · · 7 · · · . Scaling introduces small rounding errors, caus-

ing exact equality to fail: 𝑣 ′2 × 104 = 881479.0 · · · 1 · · · ≠ 881479 =

trunc(𝑣 ′2×104). As a result, 𝑣 ′2 .𝑞 may differ from the actual 𝑣2 .𝑞 = −4.
However, the difference |𝑣 ′2×104−trunc(𝑣 ′2×104) | = 0.0000000001 · · · <
Δ. By allowing this tolerance, we ensure that 𝑣 ′2 .𝑞 = 𝑣2 .𝑞 = −4.

The scaled truncation with error-tolerant rounding is described
in Algorithm 1. Here, 𝑞𝑖 is determined via a locality-aware heuristic
starting from 𝑞𝑖−1, converging within two steps. If |𝑣 ′𝑖 × 10−𝑞𝑖−1 −
trunc(𝑣 ′𝑖 × 10−𝑞𝑖−1 ) | < Δ then 𝑞𝑖 ≥ 𝑞𝑖−1, and a forward search is
performed until Lemma 2 ismet. Otherwise, a backward search finds
the correct 𝑞𝑖 . And the search for 𝑜𝑖 starts from 𝑞𝑖 and continues
until the first common prefix is identified.The longest common
prefix 𝛼𝑖 and the suffix 𝛽𝑖 are extracted for processing (lines 4–5).

4.2.2 Efficient Metadata Storage. Figure 3 depicts the procedure
after identifying the LCP 𝛼𝑖 and suffix 𝛽𝑖 . The prefix 𝛼𝑖 is excluded
from storage, as it can be derived using the LCP coordinate 𝑜𝑖 and
the previous value 𝑣 ′𝑖−1. Storing 𝑜𝑖 is far more space-efficient than
storing 𝛼𝑖 . Conversely, 𝛽𝑖 is passed to the DeXOR compressor for
variable-length encoding (detailed in Section 4.3). Note that 𝑞𝑖 must

Algorithm 1 get_prefix_and_suffix (current value𝜔𝑖 , previous
tail coordinate 𝑞𝑖−1)
1: 𝑣′𝑖 ← binary_to_decimal(𝜔𝑖 ) ⊲ Equation 2
2: Tail coordinate 𝑞𝑖 ← get_tail(𝑣′𝑖 , 𝑞𝑖−1)
3: LCP coordinate 𝑜𝑖 ← get_LCP(𝑣′𝑖 , 𝑞𝑖 )
4: Prefix 𝛼𝑖 ← [𝑣′𝑖 × 10−𝑜𝑖 ] × 10𝑜𝑖
5: Suffix 𝛽𝑖 ← round( (𝑣′𝑖 − 𝛼𝑖 ) × 10−𝑞𝑖 )
6: return 𝑞𝑖 , 𝑜𝑖 , 𝛼𝑖 , 𝛽𝑖

be stored to scale 𝛽𝑖 back to its decimal value in decompression, e.g.,
479 × 10−4 = 0.0479. Thus, both 𝑜𝑖 and 𝑞𝑖 are stored as metadata
using auxiliary bits.

Assuming the decimal values fall within a coordinate range:
−20 ≤ 𝑞 ≤ 𝑝 ≤ 11 1, 𝑞𝑖 and 𝑜𝑖 each require 5 bits to cover the
interval of 31. To minimize the sign overhead, an offset of 20 is
added to make 𝑞𝑖 and 𝑜𝑖 non-negative. Furthermore, instead of
storing 𝑜𝑖 , we store (𝑜𝑖 − 𝑞𝑖 ), which typically falls within [0, 15]
and only requires 4 bits. If (𝑜𝑖 − 𝑞𝑖 ) > 15, the value 𝑣𝑖 is treated as
high precision and directed to the exception handler in Section 5.

Importantly, 𝑜𝑖 and 𝑞𝑖 (and (𝑜𝑖 −𝑞𝑖 )) can often be reused without
storage, as they frequently match the values of the previous element.
A two-bit control code is used to indicate the following reuse cases:
• Case 1 0 (𝑞𝑖 = 𝑞𝑖−1 ∧ 𝑜𝑖 = 𝑜𝑖−1): Only 2 bits are needed to

indicate reuse of both 𝑞𝑖−1 and 𝑜𝑖−1.
• Case 0 1 (𝑞𝑖 = 𝑞𝑖−1 ∧ 𝑜𝑖 ≠ 𝑜𝑖−1): In addition to the control code,

4 bits are used to store (𝑜𝑖 − 𝑞𝑖 ), while 5 bits for 𝑞𝑖 are saved.
• Case 0 0 (𝑞𝑖 ≠ 𝑞𝑖−1): 2 bits are used for the control code, 5 bits

for 𝑞𝑖 , and 4 bits for (𝑜𝑖 − 𝑞𝑖 ).
We do not distinguish whether 𝑜𝑖 = 𝑜𝑖−1 when 𝑞𝑖 ≠ 𝑞𝑖−1, as

(𝑜𝑖−1−𝑞𝑖−1) is rarely reusable in such cases. Instead, the remaining
Case 1 1 serves as the entry point for the exception handler.
Example 6. Referring to Figure 3, the binary stream after the DeXOR
converter is 0 1 0 0 1 1 . The first two bits are the control code, and
0 0 1 1 indicates 𝑜𝑖 − 𝑞𝑖 = −1 − (−4) = 3. Five bits for (𝑞𝑖 + 20) are
saved due to the reuse of (𝑞𝑖−1 + 20).

4.3 The DeXOR Compressor

The DeXOR converter extracts the suffix 𝛽𝑖 , the most informative
part of the value. Since 𝛽𝑖 is an integer, its binary representation
often contains leading zeros. For simplicity, we refer to the binary
representation of 𝛽𝑖 without leading zeros as the binary suffix. For
example, the binary suffix of 𝛽2 = 479 is 111011111 (see Table 1).
The DeXOR compressor then reduces the storage overhead of the
binary suffix using variable-length encoding.

Figure 5(a) illustrates the vanilla variable-length encoding: 1 bit
for the sign, 6 bits for the length of the unsigned binary suffix (up
to 63 bits), and the required bits for the suffix itself. For example,
111011111 uses 1 + 6 + 9 = 16 bits. To optimize this process, the
DeXOR compressor employs the following two strategies.

4.3.1 Optimized Sign Management. Using Lemma 3, we reduce the
overhead of sign storage:
Lemma 3 (Sign Consistency). ∀𝑗, 𝑘 ∈ Z, 𝑥 𝑗 ×𝑥𝑘 ≥ 0 =⇒ 𝛼 · 𝛽 ≥ 0.

Lemma 3 implies when 𝛼𝑖 ≠ 0, sign of 𝛽𝑖 matches that of 𝛼𝑖 .

1This range is sufficient in practical real-world applications such as geographical
information systems and scientific computing [23].
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Sign Binary Suffix Length Sign Unsigned Binary Suffix

Binary Suffix Length Fixed Binary Suffix Length

0 001001 111011111 011011111

Unsigned Binary Suffix

DeXOR CompressorVanilla Variable-length Encoding(a) (b)

padded

Figure 5: The optimization strategies in the DeXOR compres-

sor. The sign overhead can be waived except 𝛼𝑖 = 0.

Since 𝛼𝑖 is encoded via 𝑜𝑖 , the sign of 𝛽𝑖 (and its binary suffix)
can be omitted. However, in the rare case where 𝛼𝑖 = 0, the sign of
𝛽𝑖 must still be stored in 1 bit.

4.3.2 Optimized Binary Suffix Length. Given 𝛽𝑖 as an integer, the
length of its unsigned binary suffix is ℓ𝑖 = ⌈log2 (abs(𝛽𝑖 )+1)⌉ where
abs(·) denotes the absolute value. E.g., 𝛽2 = 479 needs ℓ2 = 9 bits to
store the unsigned binary suffix. Indeed, the recorded tail coordinate
𝑞𝑖 and the LCP coordinate 𝑜𝑖 can approximately determine the
value 𝛽𝑖 , such that abs(𝛽𝑖 ) ∈ [10𝛿−1, 10𝛿 ) where 𝛿 = 𝑜𝑖 − 𝑞𝑖 . E.g., if
𝛽2 = 479, then 𝛽2 < 10(−1−(−4) ) = 103. This means the maximum
required bits to represent 𝛽2 is ℓ̄2 = ⌈log2 (103)⌉ = 10. By using a
fixed length ℓ̄𝑖 = ⌈log2 (10𝛿 )⌉, we avoid storing ℓ𝑖 (which requires
6-bit storage as this length is up to 63 bits). For cases where the
unsigned binary suffix 𝛽𝑖 requires fewer bits than the fixed length,
leading zeros are padded to match ℓ̄𝑖 .

Overall, the optimized scheme incurs 4 bits to store 𝛿 = 𝑜𝑖 − 𝑞𝑖
(see Section 4.2.2) and ℓ̄𝑖 bits for the suffix. In contrast, the original
scheme requires 6 bits for ℓ𝑖 and ℓ𝑖 bits for the suffix. The following
lemma formalizes the advantage of the fixed-length approach:
Lemma 4 (Fixed Bit Allocation for Unsigned Binary Suffix). For
any 𝛽𝑖 ∈ Z, fixed allocation of ℓ̄𝑖 bits achieves better compression than

variable allocation of ℓ𝑖 , i.e., E[(4 + ℓ̄𝑖 )] < E[(6 + ℓ𝑖 )].
We provide a proof sketch for E[(ℓ̄𝑖 − ℓ𝑖 −2)] < 0. The derivation

conditions on [10𝛿−1, 10𝛿 ). With 2𝑗−1 < 10𝛿−1 ≤ 2𝑗 < 2𝑗+1 <

2𝑗+2 < 10𝛿 , we have 𝛿 ∈ [( 𝑗 − 1) log10 2 + 1, 𝑗 log10 2 + 1]. We
distinguish two cases: the probability P1{2𝑗+3 > 10𝛿 } ≈ 0.6781,
and P2{2𝑗+3 ≤ 10𝛿 } ≈ 0.3219. We know that ℓ̄𝑖 is constant over
[10𝛿−1, 10𝛿 ); ℓ𝑖 is a piecewise function, the expectation E1 = E(ℓ̄𝑖 |
2𝑗+3 > 10𝛿 ) − E(ℓ𝑖 | 2𝑗+3 > 10𝛿 ) − 2 < ( 𝑗 + 3) − ( 𝑗 + 7

6 ) − 2 =

− 1
6 . Similarly, E2 = 𝑗 + 2 − E(ℓ𝑖 | 2𝑗+3 ≤ 10𝛿 ) < − 1

7 . Finally,
E[(ℓ̄𝑖 −ℓ𝑖 −2)] = E1×P1+E2×P2 < − 1

6 ×P1−
1
7 ×P2 ≈ −0.159 < 0.

Example 7. Referring to Figure 5, the DeXOR compressor reduces

the storage for the suffix 𝛽2 = 479 from 16 bits (vanilla design: 1 bit

for sign + 6 bits for ℓ2 = 9 and ℓ2 = 9 bits for 𝛽2) to 10 bits (0 bit

for 𝛼𝑖 ≠ 0 + ℓ̄2 = 10 fixed bits allocated for 𝛽2 in Figure 5(b)). Even

after accounting for the 4 bits overhead for 𝛿 already recorded in the

DeXOR converter, the optimization yields a net improvement of 2 bits.

4.4 Accelerated Decompression

The decompression process extracts and parses segments from the
compressed bit stream. For each new value, the DeXOR decompres-
sor reads a two-bit control code(see Section 4.2). If the exception
handler is not triggered, 𝑞𝑖 and 𝑜𝑖 are reused or derived from the
metadata bits: 𝑞𝑖 scales back the original suffix 𝛽 ′𝑖 , while 𝑜𝑖 identi-
fies the LCP 𝛼𝑖 . The final value is reconstructed by combining 𝛼𝑖

Sign Fraction Exponential Subtraction

Sign Fraction

Expansion

Contraction

Adaptive StorageExponential Subtraction (a) (b)

Figure 6: The data flow of the exception handler (exp𝑖 = 1029
with the predefined bias = 1023); EL is an adjustable variable.

and 𝛽 ′𝑖 . When the control code is 1 0 and 𝑞𝑖 = 𝑞𝑖−1 ∧ 𝑜𝑖 = 𝑜𝑖−1,
we simply reuse the previous LCP (𝛼𝑖 = 𝛼𝑖−1), avoiding additional
computation and accelerating the decompression. In Section 6.2,
we examine the efficiency of this scheme.

5 THE DEXOR EXCEPTION HANDLER

Referring back to Figure 4, all converters, including decimal xor,
perform poorly on high-precision datasets (e.g., AS and PA), of-
ten matching or underperforming compared to smoothness-based
xor converters. This is because high-precision data reduces preci-
sion redundancy, weakening the performance of redundancy-based
techniques, including decimal xor.
Example 8. High-precision datasets exhibit minimal smoothness

and precision redundancy, leading to longer suffixes in DeXOR main

pipeline. E.g., with 𝛿 = 𝑜𝑖 − 𝑞𝑖 = 16, the required suffix length ℓ̄𝑖 is 54

bits, exceeding the 52 bits used by the fraction in the IEEE754 format

(see Equation 1). Such data leaves precision-based methods such as Elf
with minimal opportunities for erasure and pushes ALP to overflow.

While xor converters rely solely on smoothness and remain
relatively robust, their performance is still suboptimal for high-
precision data (CBL ≥ 38) due to limited inherent smoothness. To
address this, the proposed exception handler focuses on enhanc-
ing smoothness utilization specifically for high-precision cases. As
shown in Figure 6(a), the exception handler targets the exponent
(exp) in the IEEE754 format. It performs subtraction on adjacent
exponents, exp𝑖 − exp𝑖−1 (red line), to enable data reuse. The sign
and fraction fields are retained as-is (gray lines) due to their lim-
ited smoothness. To optimize storage further, an adaptive storage
mechanism dynamically adjusts storage space for the exponen-
tial subtraction based on the streaming data. The subtraction and
adaptive storage are detailed in Sections 5.1 and 5.2, respectively.

5.1 Exponential Subtraction

In the IEEE754 representation (see Table 1), the fraction part fraction
typically lacks smoothness, while the exponent exp contains more
stable and meaningful bits.

We summarize the key properties of the exponent stored in the
IEEE754 representation: (1) wide range of shared values: A single ex-
ponent value represents all real numbers within a given range. For
example, if exp−bias = 6 (see Equation 2), it represents all values in
[26, 27) = [64, 128), regardless of precision. (2) low volatility: expo-
nent values exhibit infrequent changes along the stream. (3) dense
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lower bits: the lower bits of an exponent’s binary representation
are compact because exponents are all integers.

Given these properties, the exponent is ideal for compression
and forms the foundation for the adaptive storage strategy detailed
in Section 5.2. Subtraction is used instead of xor between consec-
utive exponents, as subtraction often yields shorter CBLs in high-
precision datasets. For high-precision data, the IEEE754 sign bit
and fraction are stored in their original binary form, while compres-
sion focuses exclusively on the exponent, the most cost-effective
component for capturing smoothness.

From these findings, we define exponential subtraction as
ES𝑖 = exp𝑖 − exp𝑖−1. This result is then processed by the adaptive
storage module. The required length to store ES𝑖 is defined as:
ℓ𝑒𝑖 = 1 + ⌈𝑙𝑜𝑔2 (abs(ES𝑖 ) + 1)⌉. Unlike ℓ𝑖 defined in Section 4.3.2, ℓ𝑒𝑖
accounts for 1 extra bit to handle the sign, as ES𝑖 can be negative.
Example 9. Consider the high-precision number 88.147977 · · · (11
trailing sevens) in Figure 6, where exp𝑖 − bias = 6. Typically, the
preceding value exp𝑖−1 equals exp𝑖 , resulting in ES𝑖 = 0. This yields
a required bit length of ℓ𝑒𝑖 = 1 + log2 (⌈0 + 1⌉) = 1 for ES𝑖 = 0. In
contrast, encoding exp𝑖 with variable-length encoding requires 4 bits

(1 bit for the sign and 3 bits for (exp𝑖 − bias) = 6).

5.2 Adaptive Storage of Subtraction Results

Compressing only the exponent offers limited savings, as the expo-
nent requires just 11 bits. Additionally, a 4-bit metadata overhead
is needed to represent the length of ES𝑖 , which ranges from 1 to 11
bits, further reducing compression ratios.
Example 10. Consider compressing three exponential subtraction

results: ES1 = 3, ES2 = 1, and ES3 = 1. They originate from four dis-

tinct exceptional values, which may not be contiguous in the original

sequence. Their required lengths are ℓ𝑒1 = 3 and ℓ𝑒2 = ℓ𝑒3 = 2. With a

fixed metadata approach, 4 bits are needed for each ℓ𝑒𝑖 , plus 53 bits for

the residual sign and fraction, resulting in a fixed overhead of 57 bits

per entry. The total storage cost is: ℓ𝑒1 + ℓ𝑒2 + ℓ𝑒3 + 57 × 3 = 178 bits.
We propose an adaptive storage mechanism that dynamically

adjusts the storage length EL based on historical data, fitting ES𝑖

elastically. The storage length EL is maintained as a local variable
in the main memory during de/compression. EL varies from 1 to 12
bits, sufficient to cover any ES𝑖 ∈ [−2047, 2047]2.

Given the current EL, the range [0, 2EL−1] is used to store integers
(i.e., ES𝑖 ), with the maximum representable value 2EL − 1 reserved
to indicate overflow (described below), reducing the usable range
by 1. Since ES𝑖 can be negative, a bias of 2EL−1 − 1 is added to offset
the sign of ES𝑖 . The actual stored value becomes: ES𝑖 + 2EL−1 − 1,
and the valid range of the original ES𝑖 is [−(2EL−1 − 1), 2EL−1 − 1].

After storing the current ES𝑖 , EL is dynamically adjusted for the
next ES𝑖+1 using two operations, as shown in Figure 6(b):
• Expansion: If ES𝑖 is outside the valid range defined by EL, the

current EL-length space is filledwith 1 s. This is an overflow case
that triggers the storage of the 64-bit IEEE754 representation. In
response, EL is increased by 1 for the next entry ES𝑖+1 (hopefully
addressing potential overflow).

• Contraction: If ES𝑖 consistently fits within a smaller range
(ES𝑖 ∈ [−(2EL−2 − 1), 2EL−2 − 1]) for more than 𝜌 consecutive

2This range is required for IEEE754 double format, where exp𝑖 ∈ [0, 2047] [4].

times (with interruptions resetting the count), EL is reduced by 1
(but never below 1), as a smaller EL is likely sufficient. A small 𝜌
risks premature contraction, while a large 𝜌 delays adjustment.
We use 𝜌 = 8 by default, and Section 6.4 analyzes its impact on
high-precision datasets. Note that EL remains unchanged if the
𝜌-parameterized condition is not met.

Example 11. Continuing from Example 10, using adaptive storage,

we attempt to store ES1 = 3 with an initial length of EL = 1. Since
ES1 > 2EL − 1, it triggers overflow (all bits in EL are 1 ). The total
storage required is 65 bits (1 for EL to indicate overflow + 64-bit

original IEEE754 representation). After the overflow, EL is expanded to
2, which is sufficient to store ES2 ≤ 22−1 − 1. This results in a storage

cost of 55 bits (EL = 2 to store ES2 + 53 bits for residual sign and

fraction). Similarly, ES3 also requires 55 bits, as no further expansion

is needed. The total storage for these three results is 175 bits.
Although this method requires a warm-up phase, EL quickly

stabilizes at the optimal value (EL → ℓ𝑒𝑖 ), allowing the scheme
to approach the theoretical compression limit with no overhead.
Additionally, the gain of Example 11 over Example 10 becomes
more pronounced as the overhead is amortized across more ES𝑖 .

The only drawback is that the maximum compression gain is
capped at 11 bits. However, in most extreme cases with 𝛿 = 16, the
main pipeline requires at least 56 bits, increasing with precision.
In contrast, the adaptive storage consistently achieves 56-bit stor-
age (the pipeline’s lower bound) regardless of precision, even for
high-precision data. Given this, our exception handling process is
triggered when 𝛿 = 𝑜𝑖 − 𝑞𝑖 > 15, with 𝑞𝑖 and 𝑜𝑖 provided by the
converter (see Section 4.2), for maximum compression ratios.

5.3 Extended Use of the Exception Handler

The exception handler not only addresses inefficiencies in the main
pipeline but also handles exceptions caused by rounding errors
in binary-decimal conversions (see Section 2.2). In Section 4.2, we
introduce a tolerance for errors within Δ = 10−6, eliminating most
rounding inaccuracies. However, two exceptions remain:
(1) Misclassification of Correct Results: For example, a value

19.0000005with a very small residual may be incorrectly treated
as 19 when calculating the tail coordinate 𝑞, resulting in 𝑞 = 0
instead of its true value 𝑞 = −7. This causes lower coordinate
bits to be discarded, and the decompressed value becomes 19.

(2) Rounding Errors During Decompression: When recon-
structing values using 𝑣 ′𝑖 = 𝛼𝑖 + 𝛽𝑖 × 10𝑞𝑖 , rounding errors,
from the scaling operation, may occur even if 𝛼𝑖 , 𝛽𝑖 , and 𝑞𝑖 are
correct, leading to slight discrepancies from the original data.
While these errors are rare (< 0.01%), they still require special

handling. The exception handler operates entirely in binary, ensur-
ing reliability and enabling full restoration of the original binary
representation. Though it cannot match the high compression ratio
of the main pipeline, it guarantees decompression accuracy with
negligible impact on overall compression due to the rarity of anom-
alies. The corresponding condition is given as 𝑣 ′𝑖 ≠ 𝛼𝑖 + 𝛽𝑖 × 10𝑞𝑖 .
This is combined with the condition 𝑜𝑖 − 𝑞𝑖 > 15 (Section 5.2) to
immediately identify exceptional cases after Algorithm 1.

Typically, dataset precision is known and consistent, making
exception cases predictable. If the precision is known or consecutive
exceptions exceed a threshold, we skip storing the case code and
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Table 2: Overall comparisons of ACB (↓), compression speed (unit: MB/s, ↑), and decompression speed (unit: MB/s, ↑). Data
precision dp = 𝑝 − 𝑞 + 1 reflects the average information per value. Datasets are divided into low-dp (dp ≤ 7) (marked in blue )

and high-dp (in red ). Camel [49] works losslessly only in low-dp datasets.

Time-Series Datasets with Ascending dp Non-Time-Series Datasets with Ascending dp GEOMEANDatasets WS PM CT IR DPT SUSA SUK SDE AP BM BW BT BP AS FP EVC SSD BL CA CO PA PO FULL low-𝑑𝑝
Gorilla 52.77 32.12 46.34 39.73 53.71 43.85 35.65 46.18 45.93 49.28 59.79 58.71 53.10 53.06 32.26 59.33 37.24 44.82 63.83 68.02 61.94 68.31 49.09 46.82
Chimp 51.94 33.31 45.75 43.36 56.69 49.52 43.31 52.18 56.76 54.58 60.13 59.96 58.59 58.33 34.05 57.99 34.99 44.57 61.71 64.20 60.75 64.60 51.18 48.31
Elf 16.44 13.12 20.78 18.09 27.38 24.78 24.25 27.10 36.81 36.12 39.33 39.81 43.92 62.73 17.82 24.20 18.24 23.84 36.53 40.19 64.39 69.45 29.72 23.18
Elf+ 14.27 9.70 18.35 14.91 24.32 21.86 22.82 25.29 33.37 34.61 37.80 37.21 40.97 63.69 17.30 21.58 16.24 21.21 34.56 39.49 65.34 70.36 27.31 20.57
Camel 10.36 10.79 11.47 11.59 12.09 11.45 10.18 13.58 / / / / / / / 13.85 20.01 19.97 31.94 34.41 / / / 14.86

A
CB

DeXOR 10.35 7.12 11.33 8.01 13.22 9.71 11.59 12.22 14.87 19.47 30.67 29.25 25.89 52.28 12.38 14.13 13.27 15.00 24.76 26.53 57.86 58.70 17.82 12.70

Gorilla 10.06 34.37 9.77 34.42 3.55 18.19 30.80 17.69 28.78 2.97 3.50 25.95 21.16 23.17 22.68 6.81 11.66 30.46 25.45 7.41 7.65 12.16 13.94 14.95
Chimp 13.20 35.01 10.58 15.13 16.25 35.63 34.60 26.57 31.80 2.25 5.35 20.34 28.19 16.57 21.51 25.50 0.56 31.92 26.26 30.09 23.01 7.91 15.69 17.47
Elf 10.94 13.36 35.11 36.87 18.11 36.20 18.45 22.77 32.79 2.89 6.67 19.96 1.58 26.90 4.14 5.07 1.12 34.45 4.98 10.02 9.90 6.37 10.93 13.53
Elf+ 17.01 10.85 11.16 39.70 17.63 39.74 31.35 26.23 36.51 4.12 4.77 33.40 20.86 1.22 21.01 6.15 7.82 38.34 29.13 30.79 19.16 4.81 15.14 19.92
Camel 8.46 0.47 6.28 15.25 2.98 9.61 10.44 4.21 / / / / / / / 2.75 0.34 3.66 21.46 3.97 / / / 4.23Co

m
.S
pe
ed

DeXOR 23.86 37.08 32.88 51.57 16.74 49.63 37.71 19.60 33.22 3.61 4.65 21.44 13.49 7.45 15.89 6.77 19.00 21.82 19.93 17.49 2.14 1.86 14.94 24.05

Gorilla 60.61 78.96 52.20 72.09 7.76 62.94 48.26 44.95 58.26 8.37 37.97 48.03 53.97 52.49 29.12 21.72 40.45 66.49 54.81 48.25 42.46 40.66 41.39 44.82
Chimp 64.87 81.76 69.16 73.51 8.29 46.08 21.46 58.53 52.25 26.50 34.56 52.79 47.65 43.73 71.59 33.08 24.80 70.72 54.92 59.81 50.23 37.58 44.41 44.21
Elf 60.92 69.30 21.75 67.49 26.59 28.57 57.27 23.17 36.11 6.14 27.19 51.41 47.86 51.22 56.38 24.52 15.01 37.78 37.70 7.35 43.99 25.98 31.86 30.97
Elf+ 42.92 44.18 56.77 68.25 33.23 53.84 58.62 51.62 53.78 5.36 5.75 36.37 28.64 48.47 10.05 11.26 1.04 49.29 51.56 48.81 9.67 26.43 25.90 33.11
Camel 95.15 75.00 38.54 95.04 35.78 32.68 83.70 35.83 / / / / / / / 67.42 12.51 36.22 56.90 48.56 / / / 48.28

D
ec
om

.S
pe
ed

DeXOR 48.28 47.15 63.86 105.21 56.43 84.58 87.13 91.15 92.65 8.89 40.85 68.78 26.22 62.16 62.48 27.25 82.46 42.06 73.83 64.61 59.51 24.59 53.12 63.29

default to using the exception handler alone for compression. This
trims a few percent of bits and nearly doubles the compression speed
on high-precision, non-time-series datasets, yet the full DeXOR still
achieves the best compression on time-series sets. As this “prior-
knowledge” mode yields an unfair advantage, Section 6 disables it
and reports only on the precision-agnostic configuration.

6 EXPERIMENTAL STUDY

6.1 Experimental Settings

Datasets. We employ one synthetic and 21 real-world datasets
from previous studies [33, 35, 49]: 14 time-series and 8 non-time-
series sets kept in original order (see Table 2). The latter lack times-
tamps, and their irregularity challenges smoothness-based con-
verters (type-①); AS (synthetic, noisy) stresses redundancy-based
converters (type-②); PA/PO supply high-precision geospatial coor-
dinates that strain both types. These datasets contain sequences of
up to several hundred million points, with numerical precision (dp)
from 3 to 17, value ranges vary from narrow (e.g., [0.01, 1.45]) to
broad (e.g., [13,068, 532,323]), and domains spanning meteorology,
finance, ecology, mobility, blockchain, and geospatial analysis 3.
Baselines andMetrics. We compare DeXORwith several state-of-
the-art SLC schemes, includingGorilla [42],Chimp [37],Camel [49],
and the Elf series (Elf [35] and its variant Elf+ [33]). To broaden the
comparison, Section 6.6 also covers shemes that use sliding or trun-
cated windows: ALP [8],Chimp128 [37], SElf∗ [34], and Elf∗ [34]. To
provide a more intuitive measure of compression ratios, we adopt
the Average Compression Bits (ACB) metric from ALP [8]. Com-
pression ratio equals ACB/64 (the IEEE754 representation length).
We assess the efficiency in terms of compression and decompres-

sion speed, measured in megabytes per second (MB/s).
Settings and Implementation. Experiments run on an Ubuntu
server (Intel Xeon Gold 6348, 512 GB RAM). All SLC schemes are
Java-based and Docker-containerized for reproducibility and re-
source isolation; the pipeline supports timestamp-driven streaming.
System-level IoTDB [43] integration is reported in Section 6.7.

3The resources, statistics, processing scripts for datasets, and DeXOR source code, as
well as the appendix, are publicly available at https://github.com/SuDIS-ZJU/DeXOR.
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Figure 7: Box-plot visualization of Table 2 under low-dp (top)

and full-dp (bottom); boxes show IQR as median, whiskers

span 1.5×IQR, and points mark individual dataset outcomes.

6.2 Overall Performance

Table 2 and Figure 7 present the results across the three metrics.
Average Compression Bits. DeXOR consistently delivers the best
ACB overall, trailing only Camel by ≤ 2 bits on three low-dp sets
(DPT, SUK, EVC), where Camel employs lossy truncation targeting
𝑞 ∈ [−4,−1]. This specialization, however, incurs accuracy loss
or overflow on high-dp data (red) and outlier series (FP). Gorilla
and Chimp yield ≥ 30 and generally above 50 bits via xor and
variable-length encoding strategies; Elf and Elf+ exhibit reduced
ACBs (≤ 30 and even ≤ 10 in some cases) on low-dp but degrade
on high-dp (AS, PA, PO). Overall, only DeXOR (alongside Camel)
sustains ACB≤ 20 in most cases, compressing low-dp inputs to
≤ 25% of their original size, and reaching as low as 12.5% at best.
Compression Speed. DeXOR stays within 5% of the fastest base-
line (Chimp) and doubles the throughput of its closest ratio rival,
Camel. On CA it lags because unstable tail coordinates trigger re-
computation (Algorithm 1); yet in the low-dp blue zone (dp ≤ 7
and 𝑞 ∈ [−4,−1]) it outruns Elf+ by 21% and Camel by 4.7×. xor
schemes (Chimp, Gorilla) minimize CPU; Elf and Elf+ balance I/O;
DeXOR’s dynamic heuristics (see Algorithm 1) favour regular series,
with only rare irregulars (IR, CA) incurring overhead.
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Figure 8: Scalability vs. CPU quotas. Bars show mean over 10

runs, with error bars indicating one standard deviation.

Decompression Speed. DeXOR leads on 13/22 datasets, outpacing
Camel by 31% andGorilla by 41% on average; it remains fastest even
where its compression lags (IR, CA) and doubles state-of-the-art
throughput on SSD. The only exception is a few low-dp sets (e.g.,
WS) where DeXOR runs at roughly half the speed of Camel.

This superior decompression performance stems from two fac-
tors. First, DeXOR reads only the stored coordinate, so unstable pat-
terns do not slow decompression. Second, reusing the previous LCP
𝛼𝑖 cuts decompression work by ∼50% versus full recomputes (Sec-
tion 4.4). On low-dp datasets (PM, EVC) I/O savings and reusable
steps are limited, narrowing the advantage slightly, yet DeXOR
remains markedly faster on high-dp data.

6.3 Scalability Studies

We assess the scalability of all schemes along two axes — (1) CPU-
quota constraints and (2) data-sampling variability:
CPU-quota constraints (Figure 8). We throttle CPU from 25% to
100% and record speeds. Most schemes scale linearly; xor-based
schemes (Gorilla, Chimp) accelerate fastest at 50–75%. DeXOR im-
proves steadily: second for decompression at 25%, first for both
compression and decompression at 50–100%.
Data-sampling variability (Figure 9). We also assess robustness
by compressing representative time-series datasets of distinct pre-
cisions, under two sampling strategies: (1) continuous sampling,
which preserves order, and (2) random sampling, which disrupts it.

Overall, DeXOR consistently achieves the lowest ACB with min-
imal variance across both sampling strategies. Random sampling
significantly impacts the smoothness of streaming data. xor-based
methods like Gorilla are highly sensitive to smoothness, achiev-
ing the poorest ACB at 60% random sampling in the AP dataset.
Elf and Elf+ demonstrate better tolerance than simple xor-based
methods. Decimal-aware methods (Camel and DeXOR) perform
well on CT and DPT datasets, but Camel suffers a significant drop
in ACB (10 ∼ 15 bits lost) under random sampling on CT and DPT,
while DeXOR remains stable. On WS, the Elf series suffers from
disrupted correlations. In contrast, DeXOR maintains ACB stability
by effectively utilizing data regularity (Section 4.2.2).

6.4 Parameter Sensitivity Analysis

Section 5.2 introduces a hyperparameter 𝜌 , which acts as a threshold
for determining when to contract the bit length EL of the recorded
exponential subtraction. Optimizing 𝜌 can slightly improve com-
pression ratios in high-dp datasets, such as AS, PA, and PO.

As shown in Figure 10, the three dashed lines represent the sce-
nario where contraction never occurs (𝜌 → +∞), resulting in sig-
nificant redundancy and the worst ACB. Conversely, unconditional

Table 3: Ablation study with best ACB results in bold. Δ indi-

cates ACB changes, with green for gains and red for losses.

Gray sections indicate deactivation of the exception handler.

Dataset DeXOR w/o Excep. w/o dec. xor w/o Both

ACB ↓ ACB ↓ Δ (%) ACB ↓ Δ (%) ACB ↓ Δ (%)

T
i
m
e
-
S
e
r
i
e
s
(
T
S
) WS 10.35 10.35 0.00 10.73 -3.67 10.73 -3.67

PM 7.12 7.12 0.00 8.72 -22.47 8.72 -22.47
CT 11.33 11.33 0.00 14.02 -23.74 14.02 -23.74
IR 8.01 8.01 0.00 13.47 -68.16 13.47 -68.16
DPT 13.22 13.22 0.00 18.18 -37.52 18.18 -37.52
SUSA 9.71 9.71 0.00 19.06 -96.29 19.06 -96.29
SUK 11.59 11.59 0.00 21.16 -82.57 21.16 -82.57
SDE 12.22 12.22 0.00 21.68 -77.41 21.68 -77.41
AP 14.87 14.87 0.00 27.68 -86.15 27.68 -86.15
BM 19.47 19.47 0.00 29.33 -50.64 29.33 -50.64
BW 30.67 30.67 0.00 32.21 -5.02 32.21 -5.02
BT 29.25 29.25 0.00 31.73 -8.48 31.73 -8.48
BP 25.89 25.89 0.00 34.35 -32.68 34.35 -32.68
AS 52.28 53.13 -1.63 55.93 -6.98 64.70 -23.76

N
o
n
-
T
S

FP 12.38 12.38 0.00 16.99 -37.24 16.99 -37.24
EVC 14.13 14.13 0.00 14.77 -4.53 14.77 -4.53
SSD 13.27 13.27 0.00 17.20 -29.62 17.20 -29.62
BL 15.00 15.00 0.00 18.62 -24.13 18.62 -24.13
CA 24.76 24.76 0.00 24.97 -0.85 24.97 -0.85
CO 26.53 26.53 0.00 26.19 1.28 26.19 1.28

PA 57.86 63.97 -10.56 57.61 0.43 64.70 -11.82
PO 58.7 65.05 -10.82 58.49 0.36 65.24 -11.14

Average 21.76 22.36 -2.78 26.05 -19.74 27.08 -24.46

contraction (𝜌 = 0) performs better, indicating that uncontrolled
expansion has a more detrimental impact than failures caused by
premature contraction. This observation suggests favoring smaller
𝜌 values. The effect of 𝜌 on ACB follows a consistent trend across
datasets: ACB decreases rapidly to a minimal value and then grows
very slowly. For the PA dataset, the ACB stabilizes once 𝜌 ≥ 1 and
only begins to rise noticeably at 𝜌 ≥ 9. In contrast, for the PO
dataset, 𝜌 = 0 outperforms 𝜌 ≥ 1, suggesting frequent attenuation
of exponential fluctuations, making 𝜌 = 0 a locally optimal choice.

Based on these findings, we set 𝜌 = 8 as the default value for
all datasets. This choice is likely optimal for PA and PO, while the
difference from the local optimum for AS is less than 0.01 bits. In
most cases, this default setting suffices.

6.5 Ablation Studies

We conduct a module-wise ablation analysis to evaluate the con-
tribution of each component while always retaining the DeXOR
compressor. We examine: (1) w/o Excep., which stores extreme-case
data directly in IEEE754 format without exception handling; and
(2) w/o dec. xor, which skips eliminating the LCP (Section 4.2) but
still stores metadata and the scaled suffix, including 𝛿 = (𝑜𝑖 − 𝑞𝑖 ),
𝑞𝑖 and 𝛽𝑖 = 𝑣𝑖 × 10−𝑞𝑖 . Results are summarized in Table 3.
Effect of the Exception Handler. This plug-in module is primar-
ily triggered for high-dp datasets, as indicated by the gray sections
in Table 3. While its activation is limited to specific cases, it con-
tributes greatly to ACB performance on datasets like AS, PA, and
PO. Without this module, DeXOR experiences a slight drop in per-
formance on the time-series dataset AS and suffers notable degra-
dation on non-time-series datasets such as PA and PO—sometimes
performing worse than the original 64-bit IEEE754 representation.
However, we confirm that DeXOR remains competitive w.r.t. all
baselines in terms of ACB, even without the exception handler. In
contrast, after ablating this module, any drawback on low-precision
datasets must stem from tolerance failure (see Section 4.2.1), yet the
observed value is zero; therefore, tolerance errors are negligible.
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Figure 9: Scalability test on six representative time-series datasets (‘continuous’ means temporal order preserved while ‘random’

means contextual continuity disrupted). Camel does not work in high-dp datasets AP, BT, and BW.
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Figure 10: The impact of 𝜌 on ACB for DeXOR. Dashed lines

represent the cases when 𝜌 → +∞.

Effect of decimal xor. Removing decimal xor results in severe
performance degradation, reducing DeXOR to a scaling-to-integer
scheme. As reported in Table 3, this leads to an average ACB loss
of 19.74% across all datasets. However, decimal xor introduces
overhead for specific datasets (e.g., PA, PO, CO) when misaligned
scales result in front-padding with zeros, increasing required pre-
cision. For example, processing 8.81479 ⋄ 88.1479 as the reference
could result in the LCP coordinate (𝑜𝑖 = 2) > (𝑝𝑖 = 0), rendering
𝛿 = (𝑜𝑖 − 𝑞𝑖 = 7) > dp = (𝑝𝑖 − 𝑞𝑖 + 1 = 6)4. This reflects a trade-off
in our converter: while reusing the previous suffix avoids storing it
explicitly, misalignment can occasionally demand higher precision.
Effect of BothModules. When bothmodules are removed,DeXOR
essentially retains only the functions ofmetadata reuse (Section 4.2.2)
and the compressor (Section 4.3). Even so, Table 3 shows that the
remaining components achieve competitive compression ratios
compared to Elf, Elf+, and Camel (cf. Table 2).

Two notable observations emerge: (1) On the CO dataset, the
stripped-down version of DeXOR achieves slightly better perfor-
mance than the full version (+1.28%), due to misalignment overhead
caused by rare data cases. A similar effect is observed on PA and PO,
though the losses are offset by the removal of the exception handler.
(2) decimal xor reduces exceptions by eliminating the LCP, allow-
ing some high-dp data to fall outside the bounds of exceptional
cases. For example, on the AS dataset, ablation deteriorates ACB by
-23.76%, far worse than the combined impact of individual ablations
((-1.63%) + (-6.98%)). This underscores a key advantage of DeXOR:
its ability to perform post-judgment of exceptions, enabling more
accurate handling of high-dp yet smooth data.

4Consider a simplified case: 𝑣𝑋 = 8.8 and 𝑣𝑌 = 88.1 have different head coordinates
(𝑣𝑋 .𝑝 = 0) ≠ (𝑣𝑌 .𝑝 = 1) , implying LCP 𝛼 = 0 at 𝑜 = 2 = max(𝑣𝑋 .𝑝, 𝑣𝑌 .𝑝 ) + 1.
This pads the suffix to 088 in decimal xor, which, while correct, is inefficient.

Table 4: Comparison with larger buffer schemes.

Metrics (geomean) Chimp128 SElf∗ ALP Elf∗ DeXOR (ours)
AVG. Comp. Bits ↓ 31.37 19.55 52.97 17.55 17.82
Comp. Speed (MB/s) ↑ 12.65 14.54 2.07 16.06 14.94
Decomp. Speed (MB/s) ↑ 40.27 49.69 38.73 23.41 53.12

Table 5: ACB (↓) under pre-processing strategies: original,

zero-mean (-Z), and standardization (-S) on four datasets.

Dataset Gorilla Chimp Elf Elf+ DeXOR (ours)
CT 46.34 45.75 20.78 18.35 11.33

CT-Z 47.95 47.66 52.51 53.51 57.10
CT-S 51.48 52.04 54.97 55.95 55.94
AS 53.06 58.33 62.73 63.69 52.28

AS-Z 51.00 58.39 60.57 61.56 53.44
AS-S 53.21 58.43 62.74 63.68 54.34
FP 32.26 34.05 17.82 17.30 12.38

FP-Z 29.79 34.69 37.53 38.53 56.05
FP-S 35.99 40.90 43.60 44.56 42.20
PA 61.94 60.75 64.39 65.34 57.86

PA-Z 65.77 63.69 66.48 67.44 59.11

PA-S 67.40 63.89 68.27 69.24 59.10

6.6 SLC with Buffering or Pre-processing

Larger Buffer. Our main setting (Section 2.2) restricts access to
only the immediately preceding values. In contrast, some schemes
leverage larger buffers — e.g., sliding windows (Chimp128 [37],
SElf∗ [34]) or mini-batches (ALP [8], Elf∗ [34]) — to improve com-
pression. Because these methods require more memory, we report
them separately rather than mixing them with the primary base-
lines in Table 2. Each scheme’s sensitivity to buffer size and its
target scenarios differ. To ensure fairness, we use each’s recom-
mended buffer sizes: 𝑁 = 128 for Chimp128, 𝑁 = 1024 for ALP, and
𝑁 = 1000 for SElf∗ and Elf∗. As shown in Table 4, despite com-
peting against buffer-heavy schemes, DeXOR achieves the fastest
decompression and ranks second in both compression ratio and
speed, trailing Elf∗ by only 0.27 bits and 1.12 MB/s.
Pre-processing Methods. Zero-mean normalization and 0-1 stan-
darization reduce smoothness, increase entropy, and inject irre-
versible loss with extra runtime cost: e.g., 50.0 → −0.0431 · · ·
expands precision requirements that strain each SLC scheme. As Ta-
ble 5 shows, these pre-processingmethods hurt precision-redundancy
schemes including DeXOR, while simple xor schemes (Gorilla,
Chimp) benefit. The impact on DeXOR is milder for high-precision,
irregular datasets (AS and PA), where it stays competitive. Therefore,
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Table 6: All results are produced within Apache IoTDB Tsfile engine, evaluated on three heterogeneous real-world datasets:

CT (time-series), FP (non-time-series), and PA (high-precision non-time-series).

Secondary Compression Algorithm Average Compression Bits (↓) Compression Throughput (MB/s, ↑) Query Latency (ms/1k, ↓)
CT FP PA Avg. CT FP PA Avg. CT FP PA Avg.

Uncompressed Sprintz 51.94 52.01 61.85 55.27 1.344 4.160 3.136 2.880 0.67 0.188 0.132 0.330
Gorilla 58.17 40.28 67.57 55.34 6.016 5.888 4.096 5.205 0.174 0.073 0.090 0.112
DeXOR 12.91 13.96 59.45 28.78 6.144 6.016 3.072 4.949 0.093 0.083 0.106 0.094

Lz4 Sprintz 37.57 34.93 60.95 44.48 4.032 5.696 3.264 4.331 0.105 0.118 0.127 0.116
Gorilla 29.00 27.97 66.70 41.22 5.120 5.760 4.480 5.120 0.095 0.081 0.101 0.092
DeXOR 11.56 12.83 58.54 27.64 5.952 5.824 3.008 4.928 0.079 0.086 0.090 0.085

Snappy Sprintz 36.70 34.17 60.72 43.86 3.840 5.632 4.032 4.501 0.119 0.099 0.091 0.103
Gorilla 30.13 28.89 66.44 41.82 5.120 6.208 3.968 5.099 0.140 0.077 0.080 0.098
DeXOR 11.69 12.83 58.32 27.61 6.272 5.760 3.328 5.120 0.073 0.092 0.092 0.085

Table 7: Compression and query performance of Gorilla

and DeXOR in IoTDB on reprsentative vector datasets.

Metric Algorithm Datasets
SIFT WR WW

Average Compression Bits (↓) Gorilla 19.65 42.84 43.03
DeXOR 12.99 13.47 13.11

Compression Throughput (MB/s, ↑) Gorilla 13.510 4.933 6.958
DeXOR 18.493 11.167 14.724

Query Latency (ms/1k, ↓) Gorilla 0.017 0.014 0.005
DeXOR 0.0002 0.010 0.004

we recommend avoiding transformations that inflate precision or
introduce loss before DeXOR; if normalization is required, it should
be applied post-DeXOR’s decompression for better performance.

6.7 Real-World Time Series Database Testing

Apache IoTDB’s TsFile [43] has a pluggable encoding layer en-
ablingDeXOR integration without system changes. On datasets (CT,
FP, PA), we compare DeXOR against IoTDB’s Gorilla and Sprintz
schemes, each paired with Lz4 [3] or Snappy [6] for secondary com-
pression. Table 6 shows that DeXOR consistently outperforms both
(up to 4.5×), retains ingestion throughput, and answers 1,000 single-
value queries faster; the secondary compressors Lz4 and Snappy
yield only < 2% extra space reductions and negligible runtime
overhead and are thus optional for DeXOR.
Support for Vector Data Compression. While the main study
covers 22 one-dimensional sequences, vectors are also used widely.
To determine whether DeXOR can be reused as-is, we pick two
representative sets: SIFT [2] (10k vectors, 128-dim computer vi-
sion) and Wine-Quality [15] (4,898 vectors, 11-dim red/white
wines—WR,WW), with each dimension compressed independently.
A query retrieves a vector record, and the latency is measured
over 1,000 queries. As shown in Table 7, without vector-specific
redesign, DeXOR still achieves ∼ 3.5× better compression, ∼ 2×
higher throughput, and much lower latency versus dimension-wise
Gorilla, indicating the utility of DeXOR for vector data.

7 RELATEDWORK

General-purpose Compression. LZ4 [3], LZMA [1], Snappy [6],
XZ [5], and Brotli [9] exploit redundancy via Huffman and dictio-
naries, achieving better compression on static data but incurring
decompress-recompress cycles that hinder real-time use.

Streaming Lossy Compression embeds data-cleaning tech-
niques [17, 26, 39] and error-bounded mechanisms [12, 16, 32, 38,
48] to trade precision for compression ratio. Though we target loss-
less compression, our techniques readily extend to lossy regimes.

Learned Compression [16, 19, 24, 39, 48] predicts values and
encodes high-precision stochastic residuals, so most are lossy (e.g.,
SZ [16], MOST [48]). NeaTS [19] stands out by providing a con-
figurable switch, enabling both lossy and lossless compression.
Strongly model-dependent and hardware-demanding, these tech-
niques are promising but need further exploration.

Lossless Compression has been developed for streaming

data [8, 10, 11, 13, 20–22, 24, 25, 27, 33–35, 37, 41, 42, 45, 46, 50]
and floating-point data [8, 27, 33–35, 42]. Compressing streaming
data often utilizes contextual statistics. Batch schemes like ALP [8]
and Elf∗ [34] employ off-line techniques, including entropy and
dictionary coding, trading higher latency for better compression.
For floating-point data, IEEE754 encoding issues are mitigated by
techniques like xor [42] and scaling-to-integer [8]. DeXOR extends
these techniques to support integer compression and includes a
configurable exception handler to adapt online to diverse datasets.

Vector Data Compression. Low-dimensional vectors can be
compressed dimension-wise with SIMD parallelism [8]; Compress-
ing high-dimensional vectors (e.g., DeltaPQ [44]) relies on quanti-
zation. Compressing sequential values in a vector is intuitive (see
our implementation in Section 6.7), while exploiting inter-vector
smoothness for lossless compression remains an open problem.

8 CONCLUSION

We presents DeXOR, a streaming lossless compression scheme for
floating-point data that applies lightweight xor-like conversions in
decimal space. By exploiting common decimal prefixes and suffixes,
it unifies smoothness- and redundancy-based techniques while mit-
igating IEEE754 conversion errors, anomalies, and high-precision
cases. DeXOR delivers state-of-the-art performance and flexibility
for decimal-system numerical compression.

Clear directions exist for building a DeXOR family for diverse
scenarios: (1) Batch-modeDeXOR: Employing advanced parallelism
(e.g., SIMD vectorization) for high-performance, native vector data
compression. (2) Model-based lossless DeXOR: Refining decimal
xor for compressing prediction residuals from lightweight time-
series forecasting models. (3) Lossy DeXOR: Creating powerful,
error-bounded variants adapted to specific data conditions.
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