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To address the dual challenges of data transmission and storage in Internet of Things (IoT) systems, the
development of efficient streaming lossless compression algorithms for floating-point data has become a
critical research focus. Existing XOR-based floating-point compression algorithms adopt a fixed reference
selection strategy by using the immediate predecessor value as the reference. Usually, this choice is not
the best, as earlier values in the data stream often provide more similar and effective references. Based on
this observation, we propose dynamically searching previous values to identify the reference value that
yields the best compression results for the current value. To this end, we present Kangaroo, an efficient
lossless compression algorithm for floating-point time series that implements a dynamic reference selection.
Our approach begins by establishing optimal reference selection criteria aimed at minimizing the number
of encoded bits, introducing a pruning-based encoding strategy to reduce encoding overhead. We further
propose a dynamic search strategy that selects reference values from an extended historical window, skipping
historical data that generates suboptimal XOR results. This strategy enables precise identification of the
suitable reference value while improving search efficiency. Additionally, we design a bit-flip-based erasure
strategy to maximize trailing zeros, thereby comprehensively enhancing compression performance. Extensive
experiments on 26 datasets demonstrate that Kangaroo outperforms all baseline methods across all evaluation
metrics. Most notably, compared to state-of-the-art streaming compression algorithms, our algorithm achieves
a 23.2% average improvement (peaking at 98.0%) in compression ratio, with compression and decompression
speeds averaging 2.13X and 2.21X (reaching up to 11.75X and 5.24X) of the baseline, respectively. This novel
solution establishes comprehensive performance leadership in floating-point time-series compression, and has
been applied to the Lindorm database on Alibaba Cloud since 2024, managing tens of petabytes of Internet of
Vehicles (IoV) data.
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1 Introduction

With the rapid development of IoV, 10T, edge computing, and sensor networks, massive high-
frequency floating-point time series data are increasingly being generated. Didi, a prominent
mobility-as-a-service (MaaS) platform in China, processes over 15 billion data points per day, with
its daily raw data volume reaching 70 terabytes (TB) [1]. Alibaba Cloud’s Lindorm multi-model
database handles 80TB of data streams per day, manages petabytes of IoV data storage, and simul-
taneously supports tens of millions of query requests per second [2-4]. In such high-throughput
applications, storage costs often exceed 50% of the total computing expenditure. General compres-
sion algorithms [5-8] are usually inefficient when processing floating-point formats like IEEE 754,
and they cannot satisfy the stringent requirements of real-time compression and decompression.
This highlights the critical need for high-performance compression methods designed specifically
for floating-point values.

Existing floating-point compression algorithms can be primarily categorized into two types: lossy
compression [9-14] and lossless compression [15-24]. Lossy compression improves compression
ratio at the cost of data precision, making it unsuitable for precision-sensitive applications. There-
fore, lossless compression is required to ensure data integrity for computation. Among lossless
compression algorithms, XOR-based algorithms [15-19] have emerged as particularly efficient
solutions. The core idea is to leverage the temporal correlation between values by computing and
storing their differences via XOR operations, thereby achieving more efficient compression.
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Fig. 1. Comparison of using the immediate predecessor versus a previous value as the reference, showing the
IEEE 754 representations of 11.44, 1.25, and 2.87 after trailing zeros erasure.

Existing XOR-based algorithms select reference values under constrained conditions, primarily
using the immediate predecessor of the current value v; for compression. Although such immediate-
predecessor-based algorithms are computationally efficient, they still suffer from a fundamental
limitation: they ignore the potential of previous values to serve as more effective references, thereby
resulting in suboptimal compression performance. As shown in Fig. 1, the existing XOR strategy
compresses the value v15(11.44) by referencing only its immediate predecessor v17(1.25). After the
XOR operation, this strategy requires storing up to 19 bits of difference information. In contrast,
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Fig. 2. Trade-offs among compression ratio, compression throughput, and decompression throughput. Darker
colors represent lower compression ratios (better compression).

when using the previous value vq(2.87) as the reference, only 1 bit of difference information needs
to be stored, achieving a 28.125% reduction in storage space per value.

In the field of floating-point compression, the idea of utilizing previous values has been prelimi-
narily explored. For example, Chimp,ss [16] maintains a ring buffer of the most recent 128 values
and uses a hash table to match the lower 14 bits for accelerated retrieval. However, this approach
merely extends the window and does not fundamentally improve the criterion for reference value
selection. It suffers from three main limitations: (i) it lacks a quantifiable optimality criterion for
compression; (ii) its hash-based retrieval only guarantees candidate existence but not optimality;
and (iii) its design is tightly coupled with value representation, limiting the integration of prepro-
cessing techniques such as erasure strategies [17-19, 25], and consequently restricting potential
performance gains.

Existing compression algorithms often face a trade-off between compression ratio, compres-
sion speed, and decompression speed. As illustrated in Figure 2, batch-based algorithms [6-8, 25]
incur high computational overhead, resulting in suboptimal performance in streaming scenar-
ios. In contrast, immediate-predecessor-based streaming algorithms [15-19], can achieve higher
[de]compression speed but at the expense of compression ratios. Chimp;2g [16], in order to preserve
compression speed, can only select a previous value that is temporally closest and has similar lower
bits, rather than searching all previous values to find the globally most similar one.

To address these challenges, we propose Kangaroo, a novel lossless compression algorithm for
floating-point time series that achieves a favorable trade-off between compression ratio and speed.
Kangaroo first establishes an optimal reference selection criterion aimed at minimizing the number
of encoded bits. Based on an analysis of redundant bit usage, we design a multi-branch encoding
strategy that improves compression efficiency by selecting high-frequency branches. Furthermore,
we develop a dynamic search algorithm that leverages stored historical computation information
to skip suboptimal candidates during reverse traversal, enabling efficient and precise identification
of the optimal reference. Finally, prior to encoding, Kangaroo integrates run-length encoding to
optimize repeated values and introduces a bit-flip-based erasure mechanism, reducing both storage
and computational overhead compared to conventional methods.

The main contributions of this work are summarized as follows:
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e We propose Kangaroo, a novel lossless compression algorithm for floating-point time series
data. Kangaroo establishes a quantifiable reference selection criterion that identifies the
optimal reference value from previous values. Based on a detailed analysis of redundant bit
overhead in encoding, we further design a pruning-based encoding strategy to achieve high
compression efficiency.

e We also introduce a dynamic reference search strategy that rapidly skips suboptimal refer-
ences, enabling accurate localization of the optimal reference value while improving com-
pression speed. In addition, prior to encoding, we integrate run-length encoding and propose
a bit-flip—based erasure strategy to further enhance overall compression performance.

e Extensive experiments on 26 real-world datasets show Kangaroo outperforms 11 baselines: it
improves compression ratio by 23.2% at 2.13X (2.21X) compression (decompression) speedup
over SEIf*[19], and improves 14.0% compression ratio with 38.71x (8.54X) speedups over
Xz[8].

In the rest of this paper, we first introduce the necessary preliminaries in Section 2. We then elab-
orate on the Kangaroo compression algorithm in Section 3. Section 4 presents a dynamic reference
search strategy for efficient localization of the optimal reference value. Further implementation
optimizations are discussed in Section 5. Experimental results and corresponding analysis are
demonstrated in Section 6. An overview of related work is provided in Section 7, and we finally
conclude the paper and suggest future research directions in Section 8.

2 Preliminaries

In Section 2.1, we introduce the IEEE 754 double-precision floating-point format. Section 2.2 provides
the related definitions, and Table 1 summarizes the key notations.

Table 1. Summary of Notations

Notation Description

S, EEM Sign bit, exponent field, and mantissa field of a floating-point value.

0j, Vi—1, Vopt Current value, immediate predecessor, and optimal reference value,
respectively.

xor, lead, trail, center XOR result of v; and reference; the number of leading zeros, trailing

zeros, and center bits.
leadBits, trailBits, centerBits | Bits allocated for lead, trail, and center, respectively.

index, indexBits Reference value index of v;, and bits allocated for storing the index.

P, H;, L; Previous values, candidate references, and lead of neighboring candi-
date references for v;.

hj, ¢ Shorthand notations for H;[j] and £;[j], respectively.

resultey, coSten Encoded representation of a value, and total number of bits required

for storage, respectively.

2.1 IEEE 754 Floating-Point Format

The IEEE 754 standard represents a double-precision floating-point value v using 64 bits, as illus-
trated in Figure 3. It allocates 1 bit for the sign, 11 bits for the exponent, and 52 bits for the mantissa.
For a normalized floating-point number, the value is expressed as:

0= (-1)°x2Ex (1+M). (1)
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E and M represent the decimal form of the exponent and mantissa, respectively. For a double-

precision floating-point number, the exponent is calculated as: E = 311, ¢; x 2!'~7 — 1023, and the
mantissa as: M = Y32, m; X 270,
(1 bit) (11 bits) (52 bits)
Sign  Exponent Mantissa
| | |
slefe] - Jeujmmim] . |mg

Fig. 3. lllustration of the IEEE 754 double-precision floating-point format.

2.2 Definitions

DEFINITION 1. Floating-Point Time Series. A floating-point time series TS = {(t1,v1), (£2,02), ...}
is a sequence of ordered pairs, where eachv; € R is a floating-point value observed at timestamp t;.

As delta encoding and delta-of-delta encoding have demonstrated excellent performance in
timestamp compression, this work focuses primarily on the compression of floating-point values.
For notational simplicity, we hereafter refer to the floating-point values simply as “values”.

DEFINITION 2. Decimal Places (a). The number of digits after the decimal point in a base-10
representation of a floating-point number.

DEFINITION 3. Terminal Longest Strictly Increasing Subsequence (T-LSIS). For a sequence
S =(s1,...,sn), the T-LSIS, denoted as T-LSIS(S), is the subsequence (s;,, ..., s;. ) ending at s, that
satisfies s;, < si,,, forall1 < j < k and attains the maximum possible length k.

DEFINITION 4. Terminal Longest Non-decreasing Subsequence (T-LNDS). Given a sequence
S =(s1,...,5n), the T-LNDS, denoted as T-LNDS(S), is the subsequence (s;,, ..., s;. ) terminating at
s, where Si; < Sijy holds for all 1 < j < k and k is maximized.

3 Kangaroo

We provide the details of Kangaroo. Section 3.1 presents the overall workflow of the algorithm.
Section 3.2 introduces the encoding cost-based criterion for optimal reference selection, followed
by the proposed multi-branch encoding strategy in Section 3.3.

3.1 Overview

As illustrated in Figure 4, Kangaroo first applies Variable-Length Run-Length Encoding (VL-RLE) to
the input floating-point values, converting consecutive identical values into compact <value, len>
pairs. Each new run pair triggers a compression operation. For each value v; in a run pair, Kangaroo
performs three steps. First, it applies an erasure operation that removes insignificant fractional bits
to increase trailing zeros, producing an intermediate value v]. Next, it selects the optimal reference
value U;,opt from previous values to minimize the bitwise difference with v}. Finally, the bitwise XOR
between v} and v; ., is encoded to obtain xor;, which serves as the final compressed output. The
encoded results are then stored or transmitted. Since decompression is the inverse of compression,

we focus on the design and optimization of the compression process.

3.2 Cost Model of Reference

When selecting the optimal reference value from the previous values for v;, the goal is to minimize
the storage cost of the encoded result. The encoded result includes not only the number of leading
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Fig. 4. Overall workflow of the Kangaroo.

zeros (lead), trailing zeros (trail), and differing center bits (center) between the current value v; and
its reference, but also the reference’s position information (index). Formally, the encoded result can
be expressed as

result,,, = index|| lead || trail || center. (2)

“||” denotes the bit-level concatenation of encoded bitstreams. Accordingly, we define a cost
model for the encoded result as

cost., = indexBits + leadBits + trailBits + centerBits. (3)

indexBits denotes the number of bits required to encode the reference position, leadBits and trailBits
represent the bits used to store the number of leading and trailing zeros, and centerBits corresponds
to the bits representing the difference between v; and its reference value. This cost model quantifies
the total number of bits needed to encode v; and is used to guide the selection of the optimal
reference value.

Based on this cost model, the optimal reference value v, is selected by minimizing the total
encoding cost over the previous values set P;:

Vopt = arg min(costen). (4)
v;€P;

This selects the reference value from the previous values that minimizes cost.,. Performing a
global search over all previous values to find the optimal reference is computationally infeasible,
especially in low-latency streaming scenarios. Leveraging the inherent temporal locality of floating-
point values, we restrict the search to a fixed-size window W, under the assumption that more recent
values are more likely to serve as effective references than older ones. In this way, the problem
of finding the global optimal reference is transformed into finding the optimal reference within a
given window, which we simply refer to as the “optimal reference” hereafter. However, beyond
a certain window size, the benefits of increasing W diminish: the marginal reduction in encoded
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Fig. 5. Comparison of storage efficiency gains achieved by applying XOR-based trailing zeros versus the
original trailing zeros. A value closer to -100% indicates a higher proportion of negative gains.

bits is often offset by the overhead of storing larger indices. Therefore, choosing an appropriate W
represents a practical trade-off between compression efficiency and computational cost.

3.3 Pruning-Based Encoding

3.3.1 Trailing zeros benefit analysis. Existing XOR-based methods store the number of trailing zeros
in the XOR results directly without assessing their actual contribution to compression efficiency.
However, we observe that XOR operations do not always yield positive trailing-zero gains. In some
cases, they may even produce negative benefits. We define a function f that characterizes the
relationship between the number of trailing zeros in the XOR result and those in the original value,
formally defined as:

flor 00 = {mm (F@.f). i flon) # 1), -
f(vi) +6, if f(0:) = f(2)),
where § € [1,n — f(v;)] denotes the incremental value, and n is the bit width (e.g., 64 bits).

We find that negative benefits occur only when the two XOR operands have different numbers
of trailing zeros. To quantify the gain of storing trailing zeros from the XOR result compared to the
original values, we define the gain g; as the difference between the number of trailing zeros in the
XOR result and that in the original value:

gi = traily,, — traily, (6)

where trail,,, denotes the number of trailing zeros in the XOR result between v; and its reference,
and trail, denotes the number of trailing zeros in v; itself.
We then define the positive and negative gains across all values as

gainpos = Z 9is gainneg = Z 9i> (7)
i:g; >0 i:9; <0
and compute the overall gain metric G as
gainpos + gainneg

G= t)

gain,, . + |gain, .|

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 199. Publication date: June 2026.



199:8 Shuo Li et al.

model [ C1[C2[C3 encoded result | encoding cost ] encoding strategy |

costo |0 |01 | index lead railo, | center o ﬁ :

cost, [1 [0 1 [ index | lead | trailyq | center verification design @

cost, [0 [ 1]0 | index lead railyo, | center

costz | O 1 ndex ead trail | center w 8 16 32 64 128 | Avg. |selec

cost, | 1 0 | index | lead | trail,, | center cost | 0.16 ] 0.11 ] 0.09 1 0.05 1 0.05 1 0.09 | X

costs |1 1 ndex eal rail | center costy | 0:20 110.12 £0.08 [ 0.05 10.07 [ 0.1 J

costg | 0 | xor=0 ndex ead rail | center cost | 0.02 | 0.0 0.0 0.04 10.04 | 0.0 x

cost; | 1 [ xor=0 | index ead rail | center costy | 0.26 | 0.3 0.36 ] 0.37 ] 0.36 | 0.3 J T e T
e e e o — 2| [fcost, [ 0.01 [0.01 | 0.01 [0.01 [0.00 | 0.01 | X Write 0T Write T
IC1: Reference is previous value I'Jstorage | costs | 0.07 [ 0.06 | 0.05 | 0.04 [ 0.04 | 0.0! x trail,(6 bits) index
}CZ: Shares trail with reference \} L ! costs | 0.25 | 0.32 | 0.37 | 0.40 [ 0.44 | 0.3 N lead,,r(3 bits) lead,,r(3 bits)
IC3:gqi<=6 _____________ 1 omission 1| [FGost, [0.03 [ 0.02 [ 0.01 ] 0.04 [ 0.00 [ 0.02 | center center

(a) Analyzing redundancy in cost model (b) Verification cost and design strategy (c) Encoding strategy

Fig. 6. Evolution of pruning-based encoding.

We analyzed the overall gain of immediate-predecessor-based compression algorithms, as shown
in Figure 5. The results indicate that negative gain occurs across all datasets, with over 30%
of the datasets exhibiting a negative gain proportion exceeding 90%. This compelling evidence
demonstrates that retaining trailing zeros after XOR operations substantially degrades compression
efficiency. Therefore, when the operands have unequal trailing zeros, we adopt the strategy of
keeping only the trailing zeros of the original values, thereby completely avoiding the performance
penalty induced by XOR operations.

3.3.2  Analyzing redundancy in cost model. The cost,, introduced in Section 3.2 is employed to
evaluate the storage overhead between v; and candidate reference values, thereby determining the
selection of the optimal reference value. As shown in Figure 6(a), our analysis identifies optimization
opportunities in specific scenarios: (C1) when the immediate predecessor is used as the reference,
storing the index variable is unnecessary; (C2) when v; and the reference have different trailing
zeros, according to the method in Section 3.3.1, we store the trailing zeros of v; directly; (C3)
when v; and the reference share identical trailing zeros, we further examine the gain g;: if g; > 6
(corresponding to the 6-bit exact representation of trail), the trailing zeros of the XOR result
are stored; otherwise, trailing zeros information is not stored, as it can be implicitly obtained
from the reference value. When the XOR result equals zero, lead, trail, and center can be entirely
omitted. For lead, we adopt the 3-bit approximate representation proposed by Chimp. Based on the
above optimization strategies, we further define eight sub-cost models to accommodate different
optimization scenarios.

3.3.3  Verification and Pruning of Cost Models. As shown in Figure 6(b), we analyze the distribution
of optimal reference selections under different cost models across varying window sizes W on
real-world datasets, revealing how frequently each model is applied in practice. Although a more
fine-grained set of cost models can theoretically improve compression ratio, it also introduces non-
negligible encoding and control-flow overhead. Specifically, an 8-branch design results in an average
label length of 2.24 bits, whereas the optimized 3-branch scheme requires only 1.54 bits, reducing
metadata overhead by 31.3%. Moreover, the complex branching structure significantly reduces
branch-prediction effectiveness, leading to additional runtime penalties. To balance compression
efficiency and computational cost, we retain the two most frequently used cost models, cost; and
costg, and prune the rarely used models whose marginal compression benefits are outweighed by
branch management overhead. Among the remaining candidates, we select a single fallback model
to handle cases where neither costs nor cost applies. Since the usage frequency of costy and cost;
is comparable, we adopt the simpler cost;, which relies solely on the immediate predecessor. In
practice, when a reference value with matching trailing-zero patterns is found in the history window,
costs or costg is applied; otherwise, cost; is used as a fallback. By partitioning reference candidates
based on trailing-zero characteristics, this combined strategy accelerates the reference search
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process and improves throughput while preserving most of the compression gains of fine-grained
models.

3.3.4 Encoding strategy based on pruned cost models. Based on the three pruned cost models, we
propose a pruning-based encoding strategy, as illustrated in Figure 6(c). Variable-length markers
“17,“00”, and “@1” are assigned to these branches according to their usage frequency. Notably,
both branches storing center employ precise trailing zero preservation for v;. This implementation
reveals a key optimization opportunity: when the center bits length exceeds zero, the last bit must
be ‘1’ due to the trailing zero representation. We can therefore safely omit this deterministic bit,
achieving an additional 1-bit saving for all qualifying values without information loss. Results show
this optimization applies to over 70% of datasets.

3.3.5 VL-RLE optimization for repeated values. Existing XOR-based compression algorithms process
each repeated value independently during encoding, requiring a complete compression cycle for
every occurrence, which leads to low computational efficiency. SEIf” further calculates and stores
the number of significant decimal digits for each value while performing erasure operations,
introducing additional computational and storage overhead [17]. For k consecutive repeated values
(starting from the first value), SEIf* consumes 64 + (1 + 2) X k bits of storage, and such redundant
operations degrade the overall compression performance. To overcome this limitation, Kangaroo
introduces the VL-RLE optimization before the erasure stage. This method records only the run
length of consecutive repeated values, avoiding redundant compression for each repeated value.
When a new distinct value is detected, the algorithm performs compression only for that value
and simultaneously writes its run length. By doing so, Kangaroo effectively reduces redundant
computations and improves compression efficiency for high-repetition floating-point values while
maintaining correctness.

4 Dynamic Reference Search

Although the partitioning based on trailing zeros reduces candidate redundancy, exhaustive traversal
within each partition remains costly. To address this issue, this section presents a dynamic reference
search strategy that efficiently identifies the optimal reference value by skipping over values that
cannot serve as the optimal reference

Let H; denote the set of previous values within the temporal window that share identical trailing
zeros with the current value v;. Each element in this set, denoted as h; € H;, is a candidate reference
value. To efficiently select the optimal reference value from H;, Kangaroo employs a dynamic search
strategy that chooses the candidate h; maximizing the number of leading zeros in the XOR with v;,
thereby improving compression efficiency:

Uopt = arg hr?ea%,- lead(v; @ hj), 9)

where lead(+) returns the number of leading zeros in the XOR result. By skipping candidate
references that cannot yield the maximal leading zeros gain, this strategy reduces computational
complexity while maintaining high compression performance.

To minimize redundant computations over the candidate set H;, we propose a filtering strategy
that leverages historical computation results lead(h; @ hj.1). Based on the algebraic property:

lead(v; @ hj) =lead((v; ® hy) @ (hy ® hj)). (10)

DEFINITION 5. LZ-History Array. For a value v; with candidate set H;, the LZ-history array
L; € N¥ is defined by its components:

Li[j] =lead(h; ® hjs1), for0<j<k-2, (11)
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Fig. 7. An example of the optimal reference value selection.

where h; € H;.

The LZ-history array £L; records the number of leading zeros in the XOR results between
consecutive values in H;. Upon the arrival of a new value v;, only one entry is updated:

b1 « lead(hx_q ® v;), (12)

stored at index k — 1 of .£;. This incremental update mechanism preserves the computation history
and allows for efficient identification of optimal reference values while maintaining O(1) update
complexity per new value.

ExXAMPLE 1. As depicted in Fig. 7, given the current value v; and a history buffer H; of size
|H;| = 16 with its associated LZ-history array .L;, the conventional update procedure would compute
the exact number of leading zeros in the XOR result between v; and each element in H;, storing these
counts in L. For instance, the XOR between the last element v15 € H; and v; yields 12 leading zeros,
which would be recorded in L;. However, in our proposed dynamic search strategy, it is unnecessary to
compute the exact leading zeros for every element in H;. Instead, the algorithm efficiently identifies
the optimal candidate to maximize leading zeros gain, reducing computational overhead while still
ensuring optimal reference selection.

DEFINITION 6. Incomplete Hop. Forv; with H; and its associated LZ-history array L;, interval
[a, b) is an incomplete hop if:
T-LSIS(L;[a: b) U {£}) = TLNDS(L;[a: b) U{f}), (13)
where ¢, = lead(h, @ v;).

EXAMPLE 2. As illustrated in Fig. 7, the interval [12,15) constitutes an incomplete hop for the
current value v;, since:

T-LSIS(L;[12 : 15) U {12}) = T-LNDS(L;[12 : 15) U {12}) = (12).
The same property holds for intervals [6,11) and [0,5).
DEFINITION 7. Complete Hop. Forv; with H; and its associated LZ-history array L;, the interval
[a, b) is a complete hop if:
e (1) [a+ 1,D) is an incomplete hop (Definition 6)
® (2)f; =min(Li[a+1:b)U{f})
where t; = lead(hp ® v;).
EXAMPLE 3. As shown in Fig. 7, interval [11,15) with reference v; satisfies both conditions of
Definition 7:
o (1) [12,15) is an incomplete hop (Definition 6)
e (2) t;; =min (£;[12: 15) U {12}) = 12
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Therefore, interval [11,15) is considered a complete hop. The symmetric interval [5,11) similarly
qualifies as a complete hop.

Based on Definitions 6 and 7, we partition the candidate references into subintervals. We then
rigorously prove the optimization effectiveness of these two interval classes through the following
theorems.

THEOREM 1. Given v; with H; and its associated LZ-history array L;, if [a, b) is an incomplete hop,
there exists no optimal reference value in H;[a : b) that is strictly better than hy,:

lead(h; @ v;) < lead(hy ® v;), forVj € [a,b). (14)

ProoF. Let S := T-LSIS(L;[a : b) U {£;}) be the selected subsequence according to Definition 6,
and denote its i-th element by S;. The strict monotonicity S; < S;;1 for consecutive elements is
guaranteed by Definition 3.

For any interval (I, r) derived from ¢, U S, the number of leading zeros for the value satisfies:

Vie (Lr), lead(h; ®v;) =1, (15)
4, ifr=> .

¢, otherwise

The conjunction of these results establishes the uniform bound:

Vj € [ab), lead(h; ®v;) <lead(hy ®v;). (16)

]

with the boundary condition ¢/ =

ExamPLE 4. As illustrated in Fig. 7, the interval [6,11) constitutes an incomplete hop, from which
we derive the subsequence S := T-LSIS(L;[6 : 11) U {£],}) = (11,13, 17). The corresponding indices
(8,10, 11) together with the left boundary 6 partition the interval into three segments:[ 6, 8], (8, 10], (10, 11].
Within each segment, all points yield identical leading zeros when XORed with v;. Since S is strictly
monotonically increasing, there is no value on [6,11) that is better than vy;.

THEOREM 2. Given the current value v;, its candidate set H;, and the corresponding leading-zero
history array L;, if the interval [a, b) constitutes a complete hop, then within this interval, only h,
may serve as a reference value superior to hy,.

Proor. By theorem 1, lead(h; © v;) < lead(hp © v;) holds for all j € (a, b). Definition 7 gives
tp =min(L;[a+1:b) U{£}).
The key inequality from (5) and (10) is:

lead(h, @ v;) > £, (17)

which has the potential to exceed lead(hj, @ v;) and become a better reference value. When £, =
lead(hp @ v;), this necessarily implies the strict inequality:

lead(h, ® v;) > lead(hy & v;). (18)
m]

EXAMPLE 5. As shown in Fig. 7, the interval [5, 11) constitutes a complete hop while [6,11) is an
incomplete hop, which implies no point in [6,11) is better than vi,. Given s = {3, we derive:

lead(hs & hg) =lead(hg ® v;) = 11.
Consequently, the computation lead(hs ® v;) = 20 demonstrates that vs generates more leading zeros

than vg when XORed with v;, and outperforms vy in this example.
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Algorithm 1 The Optimal Reference Value Selection

Require: v;, candidate set H; = {hy, ..., hr_1}, precomputed L; = {f, ..., f—1}
Ensure: The optimal reference v},

t
1: v;pt «— NULL ' > Default to no valid candidate
2: max_lead « lead(v; ® hr_q) > Initialize with last candidate
3: min_lead < max_lead > Initialize lead threshold for decision-making
4: for j «— k — 2 downto 0 do > Reverse traversal
5: if £; < min_lead then
6: min_lead « ¢; > Update minimum threshold
7: else if ¢; = min_lead then
8: min_lead « lead(h; @ v;) > Exact recomputation
9: if min_lead > max_lead then

10: max_lead « min_lead > New optimal found

11: ngt «— h; > Update optimal reference

12: end if

13: end if

14: end for

15: return v > Return the optimal reference in H;

pt

THEOREM 3. Given v; with H; and its associated LZ-history array L;, the search space consists of p
consecutive complete hops with boundary set B; = {H;[sp ], ..., H;[s1], Hi[so = k — 1]} S H;, where
an additional incomplete hop [0, s,) exists if and only if s, # 0. The optimal reference value for v;
must lie in B;.

Proor. We systematically construct the boundary set B; through backward traversal of H;:

(1) Complete Hop Identification: Starting from hi_;, we detect complete hops [sj.1,s;) for
j = 0,..,p — 1 where each s;;; < sj, using criterion in Theorem 2. This yields ordered
boundaries B; = {H;[sp], ..., Hi[s1], Hi[so =k — 1]} € H;.

(2) Incomplete Hop Handling: When s, # 0, the residual segment [0, s,) forms an incomplete
hop. Theorem 1 shows no values on [0, s,) can surpass #;[s,] in XOR optimization.

The boundary set B; contains all candidate optimal reference values, as all other values have
been rigorously proven non-optimal. O

Theorem 3 rigorously proves that the optimal reference value for v; must be contained within the
boundary set B;. By processing the candidate values within $;, we enhance the overall compression
efficiency while preserving optimality guarantees. Building upon Theorem 3, we derive a concrete
algorithmic realization of optimal reference value selection as shown in Algorithm 1.

As shown in Algorithm 1, the process first initializes the maximum number of leading zeros
max_lead and the minimum threshold min_lead (Lines 2-3), followed by a reverse traversal of
the candidate set H; (Line 4). For each candidate value h;, the algorithm initially compares the
precomputed ¢; with the current threshold (Line 5): if ¢; is less than the threshold, min_lead is
updated (Line 6); if equal, we recompute the number of leading zeros between v; and h;, marking
the boundary of a complete hop (Line 8). When a superior boundary is identified (Line 9), the
algorithm immediately updates the optimal reference value v} , (Lines 10-11). The returned v , is
guaranteed to maximize the leading zeros gain lead(v; ® h;) among candidates h; € H; (Line 15).
Although the algorithm has a time complexity of O(k), its practical efficiency outperforms linear
scanning due to the pruning effect of the min_lead threshold.
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To further enhance efficiency, we constrain the optimal reference value selection to cases satisfy-
ing £, = lead(hy, ® v;) in Theorem 2, which guarantees strictly positive gain over hy_; and main-
taining near-identical compression performance. We refer to the former as Compact-Kangaroo
for its superior compression ratio, and the latter as Fast-Kangaroo for its accelerated processing
speed.

Fast-Kangaroo employs an efficient search strategy that eliminates the overhead of scanning the
candidate references. Its core operation consists of two steps: first, it computes the XOR between
the current value v; and the most recent reference hy_1, and records the number of leading zeros
f;.—1 (consistent with Compact-Kangaroo); second, the algorithm uses #._; as a direct index to
retrieve the optimal reference value from a precomputed lookup table. This approach reduces the
time complexity of the search from O(W) to O(1), making its performance independent of the
window size W. In terms of memory footprint, the algorithm only requires maintaining a lookup
table whose size is determined by the maximum possible leading zeros (e.g., 64 in 64-bit systems),
thereby bounding the space overhead to a constant.

EXAMPLE 6. As shown in Figure 7, through reverse traversal of the L; array and by applying
Definitions 7 and 6, we identify two complete hops and one incomplete hop. Leveraging Theorems 2, 1,
and 3, we obtain the candidate set B; = {vs,v11,015}. The optimization results demonstrate that
Compact-Kangaroo identifies vy, = vs withlead(v; ® v,,) = 20, while Fast-Kangaroo selectsv,,, = 011
achieving lead(v; @ vy,,) = 17.

If no candidate references is found in the history buffer, the algorithm defaults to using the
preceding value as the reference. Theoretical analysis demonstrates that this approach achieves
O(1) search complexity. Experimental results show only a 0.005 compression ratio degradation
at W = 32 (0.245 vs. 0.240). Consequently, we adopt the Fast-Kangaroo scheme with the best
cost-effectiveness as our primary solution, hereafter referred to as Kangaroo.

5 Bit-Flip-Based Erasure

In this section, we present a bit-flip-based erasure strategy aimed at increasing trailing zeros in
floating-point values by discarding less significant mantissa bits. While existing algorithms such as
BUFF [25], SEIf* [19], and Camel [26] also exploit trailing zeros, they require additional computation
and storage for auxiliary information. Our approach guarantees lossless reconstruction without
extra space or computational overhead, and it facilitates the identification of reference values in
the previous values that share identical trailing zero patterns with v;.

By erasing the last few bits of the mantissa within the IEEE 754 standard, we increase the number
of trailing zeros in the value itself, thereby effectively enhancing the compression efficiency in the
subsequent encoding phase. The length of bits to be erased is defined by the following formula:

Lerao =max (0, 52 — E — [alog, 10]) . (19)

Here, @ denotes the decimal places, as defined in Section 2.2.

If Lera o = 0, no erasure operation is performed. Therefore, the subsequent analysis in this paper
addresses only cases with a non-zero length of bits to be erased.

To achieve lossless recovery of value after erasure, « of v; must be known. From Equation 19, we
derive the relationship between the decimal places «, the exponent E, and the erased bits length
Lera,a of v;:

@ =1[(52—E — Leran) 1g 2]. (20)

THEOREM 4. Given a value v; and its erased value v’ with corresponding exponents E and E’
respectively, then E = E’.
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a=DP(v), v' = erase(v, a)

1S S1and S Sland!S2
write '111" write '0' v'" = bit-flip(v")
out v out v' |
F—— = —— — — — = write '10'
S1 : trail, benefits from erasure | -
| s2:vsatisfies Theorems ;| outv

Fig. 8. Workflow of the bit-flip-based erasure.

Proofr. According to IEEE 754 standard, the exponent value is entirely determined by bits 62-52.
From Equation (19), the erasure operation only modifies bits 51-0, thus v; and v’ have identical
exponent bit fields. Therefore their exponent values must satisfy E = E’. O

THEOREM 5. Letv; be a floating-point value and its erased value v'. If the following trailing zeros
constraint holds:

Lerao < traily < Leraa—1s (21)
then the a can be uniquely reconstructed as:
a=|(52—E —traily)lg2]. (22)

Proor. Starting from Equation 20 under the trailing zeros constraint specified in Theorem 5, we
derive the fundamental bounding inequality:

a>|(52-E-traily)lg2] > a—1. (23)

By Theorem 4, we have established E = E’ through exponent bit preservation. Combining this
with the integer constraint on «, the solution is uniquely given by:

a=|(52—E - traily)lg2]. (24)
O

Theorem 5 states that the decimal places a can be directly recovered from the erased value when
the trailing zeros constraint is satisfied. For cases that do not satisfy this constraint, We propose
flipping the 0-bit at the (Lera,o—1—1)-th position to 1, thereby enforcing compliance with the trailing
zeros constraint. This correction operation requires an additional flag bit for identification.

Based on the above analysis, we propose a bit-flip-based erasure strategy (Fig. 8). The process
begins by performing an erasure operation on the current value: v” = erase(v, ). We define S1 as
the condition that the erasure operation yields a positive trailing-zero gain, i.e., trail(v’) > trail(v).
If S1 is not satisfied, the original value v; is output directly. Otherwise, we further verify whether
the erased value satisfies the condition specified in Theorem 5.2. We denote this condition as S2,
which indicates that the decimal precision « can be derived from o’. If S2 is satisfied, we store v’. If
not, we apply a bit-flip operation to generate and store v”’ = bit-flip(v’).

According to the observed frequencies of these three cases, we assign variable-length encoding
tag bits as follows. Considering that the less frequent VL-RLE is reserved with the tag “110”, the
three cases above are assigned the tags “111”, “0”, and “10”, respectively.

ExAMPLE 7. The three cases illustrated in Fig. 9 demonstrate different data processing mechanisms.
For value 1.25, the erasure operation provides no positive gain, so the original value 1.25 is stored
directly. When processing value 2.87, the erasure operation produces 2.8671875, yielding positive trailing

Proc. ACM Manag. Data, Vol. 4, No. 3 (SIGMOD), Article 199. Publication date: June 2026.



Kangaroo: Efficient Lossless Floating-Point Compression via Dynamic Reference Selection 199:15

| 125 ]0i01111111111,010000000000000000 -++ 0000000000000

(a) v;: original values before any processing
eragure

2.87 0:10000000000:011011110101110000 ==+ 0100011110110
2.8671875 | 0:10000000000:011011110000000000 +*+ 0000000000000

(b) v’: values after erasure operation
erasure

11.44 [ 0i10000000010 0110111000l01010001 === 1101011100001
11.4375 [0:10000000010:011011100000000000 **= 0000000000000
11.46875 | 0:10000000010:0110111/20000000000 --- 0000000000000

bit flip

(c) v”: values after both erasure and bit-flip operations

Fig. 9. llustration of three cases in the bit-flip-based erasure.

zeros gain while satisfying the recovery conditions in Theorem 5; therefore, the erased result 2.8671875
is stored. For value 11.44, the erasure produces 11.4375, which fails to meet the recovery conditions,
triggering a bit-flip; consequently, the re-encoded value 11.46875 is stored.

6 Experiments
6.1 Datasets and Experimental Settings

6.1.1 Datasets. In this study, we evaluate 26 datasets, including 13 time-series (TS) datasets—three
from the Lindorm database—and 13 non-time-series (Non-TS) datasets without temporal corre-
lations. Building on the benchmarks from EIf [17] and ALP [20], we extend the evaluation to
additional domains such as vehicular networks, database systems, and network monitoring. Table2
reports the decimal places (DP) , Coefficient of variation(CV) and the average consecutive length
(ACL) for use in subsequent performance analysis.

6.1.2 Baselines. We evaluate a comprehensive set of 12 lossless floating-point compression algo-
rithms: 6 state-of-the-art streaming algorithms including Gorilla [15], Chimp [16], Chimp;,s [16],
Elf [17], Elf+ [18], and SEIf* [19];along with 6 widely-used batch algorithms: EIf* [19], Buff [25],
XZ (8], Zstd [7], Snappy [43] and ALP [20]. All streaming compressors except Chimp;zg use the im-
mediate predecessor value, while Chimp;,s leverages 128 previous values. Batch-based algorithms
operate on data chunks. Prior to compressing the current batch, they typically perform statistical
analysis to extract global characteristics, thereby optimizing compression performance through
holistic information utilization. In our experiments, we use Fast-Kangaroo (hereafter referred to as
Kangaroo) as our proposed method for comparison.

6.1.3  Metrics. We evaluate lossless compression algorithms using three core metrics: the compres-
sion ratio p = Scomp/Sorig, the compression speed vcomp = Sorig/ Teomp (MB/s), and the decompression
speed vgec = Sorig/ Taec (MB/s), where Sz and Scomp are the sizes of the original and compressed
data, and Teomp and Ty are the compression and decompression times.

6.1.4 Settings. We implemented the Kangaroo algorithm in Java. All experiments were conducted
on an Alibaba Cloud server with the following specifications: Intel(R) Xeon(R) Platinum 8369B
CPU @ 2.70GHz (8 cores, 16 threads). Following Chimp’s methodology, for any given dataset,
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Table 2. Details of Datasets.

Dataset [ Records [ DP [ Ccv [ ACL [ Domain ]
Air-pressure (AP) [27] 525600 | 0~5 | 0.01 3 Meteorology
Bird-migration (BM) [28] 17964 1~5 0.66 1 Ecology
DEPADD-demand (DD) [29] 2106 1~11| 0.11 1 Electricity
o HMIxAce (HMD) [30] 143160 | 1~2 | 16.92 1 IoV
] _.E InD-xVelocity (IND) [31] 1059267 | 0~5 | 14.01 3 TIoV
5 £| LW-precipitation (LW) [32] 15341 0~1 | 2.24 1 Hydrology
. Network-flow (NF) [33] 35250 1~9 | 5.11 1 Networking
g Online-Retail/5 (OR) [34] 541909 1~3 | 20.98 1 E-commerce
= Phone-gyro (PG) [35] 41797896 | 1~16| 93.83 1 IoT
Stocks-USA (SU) [36] 100000 1~2 0.54 1 Finance
° Decel (DE) 5720095 | 0~7 | 0.15 | 150529 Tov
s Latpos (LAT) 124996 | 0-8 | 121.55 | 18 IoV
£ Rln-poly (RP) 124996 | 0~8 | 34.97 1 IoV
Blockchair (BC) [37] 389717 | 1~4 | 47.99 1 Blockchain
CMSprovider1 (CMS) [38] | 18575752 | 1~10| 2.20 2 Healthcare
Food-prices (FP) [39] 2050638 | 1~4 | 16.68 3 Economics
2 Gov1/10 (G10) [38] 11387079 | 1~2 | 4371.42 10 Monetary
'5 o Gov1/26 (G26) [38] 11387079 | 1~2 | 134.15 215 Monetary
- Gov1/30 (G30) [38] 11387079 | 1~2 | 25.70 8 Monetary
E| Z| ovesIpsales (GJ) [40] 16719 | 1~2 | 3.98 1 Gaming
=~ Medicare2/26 (M26) [38] 9153273 | 0~11| 7.39 2 Healthcare
g Medicare2/27 (M27) [38] 9153273 | 0~11| 3.35 1 Healthcare
Z Medicare2/28 (M28) [38] 9153273 | 0~10| 7.23 2 Healthcare
SD-bench (SB) [41] 8927 1~4 | 1.64 1 Technology
Tpcxbb-store (TS) [42] 98740116 | 1~2 2.03 1 Retail
Tpcxbb-web (TW) [42] 123347835| 1~2 1.80 1 E-commerce

we partition every 1,000 consecutive values into a block. The compression algorithm evaluates
performance metrics on each individual block, with the final results obtained by averaging all
block-level measurements. In particular, for the highly competitive ALP algorithm, to ensure a fair
comparison, we also implemented Kangaroo in C++ and compared it with the open-source C++
implementation of ALP under different batch sizes.

6.2 Compression Ratio

As shown in Table 3, we report the compression ratio to systematically compare streaming and
batch algorithms for floating-point compression on both time-series (TS) and non-time-series
(Non-TS) datasets. The window size parameter W in Kangaroo is set to 32, which achieves the best
performance across our datasets, as demonstrated in Subsection 6.4.

Overall, Kangaroo demonstrates strong advantages in both streaming and batch compres-
sion scenarios. For streaming algorithms, Kangaroo improves the average compression ratio
by 23.2%-60.4% compared to classical methods such as Gorilla, Chimp, and their variants (e.g.,
(0.619 — 0.245)/0.619 ~ 60.4%). These gains stem primarily from its dynamic reference encoding
mechanism and low erasure overhead. For batch-based algorithms, although can exploit statistical
information to achieve better compression ratios, both general-purpose compressors and exist-
ing floating-point-specific compressors still fail to fully leverage the structural characteristics of
floating-point values, resulting in suboptimal performance on datasets with certain data charac-
teristics. In contrast, Kangaroo outperforms the most competitive batch compressors (e.g., Xz and
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Table 3. Overall comparison with baselines, Batch Size=1000(the best results are in bold and shaded back-
ground).

Dataset Streaming Batch
Gorilla|Chimp|Ch.128| EIf | Elf+ | SEIf* [Kangaroo|| ALP | EIf* | Buff | Xz | Zstd [Snappy|

AP 0.247 | 0.246 | 0.234 | 0.185 | 0.126 | 0.117 0.091 0.262 | 0.115 | 0.378 | 0.151 | 0.176 | 0.224
BM 0.742 | 0.655 | 0.410 | 0.356 | 0.312 | 0.290 0.223 0.316 | 0.254 | 0.407 | 0.360 | 0.428 | 0.514
DD 0.922 | 0.878 | 0.707 | 0.913 | 0.912 | 0.829 0.733 0.792 | 0.793 | 0.878 | 0.534 | 0.664 | 0.850
HMI 0.689 | 0.562 | 0.222 | 0.243 | 0.234 | 0.193 0.111 0.183 | 0.191 | 0.253 | 0.082 | 0.117 | 0.201
InD 0.299 | 0.270 | 0.340 | 0.155 | 0.147 | 0.133 0.104 0.103 | 0.124 | 0.131 | 0.228 | 0.267 | 0.341
LW 0.661 | 0.588 | 0.279 | 0.249 | 0.252 | 0.218 0.141 0.147 | 0.214 | 0.253 | 0.128 | 0.164 | 0.229
NF 0.900 | 0.861 | 0.696 | 0.677 | 0.652 | 0.595 0.437 0.720 | 0.592 | 0.753 | 0.635 | 0.669 | 0.744
OR 0.743 | 0.674 | 0.283 | 0.320 | 0.286 | 0.244 0.160 0.246 | 0.242 | 0.320 | 0.152 | 0.201 | 0.269
PG 1.030 | 0.989 | 0.727 | 0.797 | 0.762 | 0.655 0.528 0.661 | 0.653 | 1.002 | 0.568 | 0.597 | 0.740
SU 0.671 | 0.633 | 0.214 | 0.217 | 0.165 | 0.139 0.149 0.147 | 0.121 | 0.253 | 0.157 | 0.220 | 0.303
DE 0.017 | 0.033 | 0.142 | 0.049 | 0.063 | 0.050 0.001 0.003 | 0.051 | 0.020 | 0.008 | 0.004 | 0.049
LAT 0.073 | 0.082 | 0.155 | 0.076 | 0.090 | 0.072 0.015 0.070 | 0.071 | 0.124 | 0.023 | 0.024 | 0.066
RP 0.582 | 0.533 | 0.270 | 0.342 | 0.288 | 0.273 0.152 0.418 | 0.264 | 0.478 | 0.169 | 0.197 | 0.250
TS AVG. || 0.583 | 0.539 | 0.360 | 0.352 | 0.330 | 0.293 0.219 0.313 | 0.283 | 0.404 | 0.246 | 0.287 | 0.368
BC 0.900 | 0.819 | 0.688 | 0.562 | 0.521 | 0.482 0.426 0.554 | 0.462 | 0.560 | 0.571 | 0.622 | 0.759
CMS 0.575 | 0.543 | 0.439 | 0.434 | 0.398 | 0.373 0.285 0.570 | 0.354 | 0.735 | 0.392 | 0.433 | 0.501
FP 0.593 | 0.436 | 0.384 | 0.271 | 0.263 | 0.239 0.237 0.377 | 0.230 | 0.444 | 0.255 | 0.312 | 0.411
G10 0.899 | 0.715 | 0.534 | 0.478 | 0.473 | 0.426 0.375 0.498 | 0.416 | 0.550 | 0.382 | 0.457 | 0.599
G26 0.021 | 0.036 | 0.144 | 0.050 | 0.065 | 0.053 0.003 0.006 | 0.052 | 0.027 | 0.010 | 0.007 | 0.052
G30 0.145 | 0.137 | 0.201 | 0.112 | 0.125 | 0.110 0.055 0.115 | 0.106 | 0.174 | 0.068 | 0.075 | 0.130
GJ 0.565 | 0.563 | 0.195 | 0.206 | 0.199 | 0.183 0.108 0.081 | 0.175 | 0.240 | 0.090 | 0.115 | 0.185
M26 0.526 | 0.517 | 0.448 | 0.443 | 0.436 | 0.404 0.284 0.465 | 0.401 | 0.755 | 0.388 | 0.394 | 0.454
M27 0.920 | 0.857 | 0.761 | 0.740 | 0.705 | 0.651 0.554 0.677 | 0.648 | 0.754 | 0.768 | 0.771 | 0.839
M28 0.560 | 0.558 | 0.447 | 0.482 | 0.472 | 0.439 0.292 0.474 | 0.437 | 0.766 | 0.378 | 0.387 | 0.455
SB 0.787 | 0.706 | 0.291 | 0.319 | 0.289 | 0.265 0.172 0.233 | 0.253 | 0.378 | 0.125 | 0.166 | 0.264
TS 1.020 | 0.907 | 0.492 | 0.508 | 0.491 | 0.434 0.363 0.347 | 0.434 | 0.378 | 0.381 | 0.488 | 0.631
™ 1.018 | 0.898 | 0.503 | 0.507 | 0.485 | 0.429 0.373 0.353 | 0.428 | 0.395 | 0.395 | 0.499 | 0.645
NON-TS || 0.656 | 0.592 | 0.425 | 0.393 | 0.379 | 0.345 0.271 0.365 | 0.338 | 0.473 | 0.323 | 0.364 | 0.456
ALL AVG. || 0.619 | 0.565 | 0.393 | 0.373 | 0.354 | 0.319 0.245 0.339 | 0.311 | 0.439 | 0.285 | 0.325 | 0.412

ALP), achieving compression ratio improvements of 14.0% and 27.7%, respectively, highlighting its
strong efficiency and broad applicability.

When Kangaroo Performs Best. Kangaroo performs best on datasets with large fluctuations
in decimal precision and strong local correlations. For example, on the CMS dataset (widely used
in prior evaluations), Kangaroo achieves a 23.6% compression ratio improvement over the best
streaming competitor SEIf*. This improvement is mainly due to its dynamic reference selection,
which identifies more effective reference values within the history window and captures local
similarity more accurately. Compared with general-purpose batch compressors (e.g., Xz), Kangaroo
better exploits floating-point structural characteristics. Compared with the floating-point-specific
batch compressor ALP, Kangaroo improves compression by approximately 50% on CMS, because
ALP treats many values as outliers under high decimal precision variability, introducing substantial
exception-handling overhead. Moreover, the proposed VL-RLE mechanism further enhances Kan-
garoo’s ability to compress repeated values. For instance, on the DE dataset, Kangaroo compresses
the data to 0.001 of the original size, achieving a 66.7% improvement over ALP (which incurs fixed
metadata overhead). This result surpasses the traditional lower bound of streaming compressors;
for example, Gorilla can only compress the same dataset to 0.017 due to its per-value marker bit
requirement.
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Table 4. Average compression and decompression speed (MB/s) across all datasets. Speedup is computed as
Kangaroo speed divided by the algorithm speed.

Speed (MB/s)
Algorithm|| Comp | Speedup [[Decomp| Speedup
Kangaroo 271 - 444 -
Gorilla 420 0.65x 465 0.96x
Chimp 349 0.78x 361 1.23x7
Ch.128 258 1.05x] 335 1.33x]
EIf 165 1.64x7 198 2.24x7
Elf+ 191 1.42x7 218 2.04x7
SEIf* 127 2.13x] 201 2.21x]
Elf* 102 2.66x7 218 2.04x7
Buff 102 2.66xT 93 4.77x7
Xz 7 38.71x] 52 8.54xT
Zstd 42 6.45xT 175 2.54x]
Snappy 67 4.04x7T 233 1.91x7

When Kangaroo Performs Worse. When the optimal reference value within the history window
is most often the immediate predecessor, Kangaroo may perform slightly worse than predecessor-
based XOR compressors such as Elf*. However, since Kangaroo omits unnecessary trailing-zero
markers, the degradation is limited and can be mitigated by reducing the window size W. Kangaroo
also underperforms ALP on four datasets where floating-point values can be efficiently mapped to
integers, making them particularly suitable for integer-based compression schemes. Additionally,
Kangaroo is slightly worse than Xz on five datasets, with the largest gap observed on DD. This
dataset contains many high-precision floating-point values, which are challenging for most floating-
point compressors. On the remaining datasets, the performance gap is small and mainly due to
weak local value correlation and stronger bit-level similarity than value-level similarity.

6.3 [De]compression Speed

Since ALP is highly sensitive to batch size and is designed as a batch-based compressor, it is not fully
aligned with the streaming compression scenario considered in this paper. Therefore, we exclude
it from the overall performance comparison in this subsection and provide a detailed analysis in
Subsection 6.6.

Compression Speed. Kangaroo achieves higher compression ratios than existing streaming
compressors while maintaining competitive compression speed. Its compression speed is compara-
ble to Chimp,s, which also uses extended historical references, while the overhead introduced by
its preprocessing erasure mechanism remains minimal. Compared with erasure-based compressors
such as SEIf*, Kangaroo avoids costly statistical modeling and adaptive parameter tuning, achieving
a 2.13x speedup. The integrated VL-RLE module further enables an 11.75X speedup on the DE
dataset.

Decompression Speed. Kangaroo’s decompression speed is comparable to that of Gorilla, as
it also supports O(1) access to XOR references. It is 2.21x faster than SEIf*, 8.54x faster than the
best batch compressor Xz, and 2.04X faster than Elf*. The simplified design and the integration of
VL-RLE allow repeated floating-point values to be efficiently decompressed.

We investigate the impact of observation window size W on the compression performance of Fast-
Kangaroo and Compact-Kangaroo algorithms (note that decompression time remains unaffected by
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Fig. 10. Performance comparison between Fast-Kangaroo and Compact-Kangaroo under different window
sizes W.

W). As shown in Figure 10a, the compression speed of Compact-Kangaroo decreases monotonically
as W increases, due to the growing number of candidate values that need to be checked. When W
reaches 256, the speed drops to 165 MB/s, matching the compression speed of the EIf algorithm.
This demonstrates that the run-length encoding and proposed bit-flip-based erasure strategy in the
preprocessing stage improve efficiency.

Compared to Compact-Kangaroo, Fast-Kangaroo sacrifices a small amount of performance to
achieve O(1) time complexity in locating the optimal XOR reference. Consequently, its compression
speed remains nearly constant (with minor fluctuations due to experimental environment) as W
increases.

Both algorithms exhibit a non-monotonic trend in compression ratio (Figure 10b), reaching their
minimum values at W = 32. This occurs because while larger W provides more XOR references, it
also increases the index size accordingly. When W < 8, the compression ratios of both algorithms
are nearly identical, since the boundary set 8 within small windows is sufficiently small that Fast-
Kangaroo can find the identical optimal XOR reference. For W > 8, as W increases, the boundary set
8B expands, allowing Compact-Kangaroo to find better XOR targets than Fast-Kangaroo at the cost
of more computation time. As the window size W increases, this performance difference becomes
more pronounced, since a larger window provides more candidate reference value selections.

Although Compact-Kangaroo utilizes the expanded search space more effectively than Fast-
Kangaroo, the performance gain diminishes relative to the computational cost. At W = 32, for
instance, Compact-Kangaroo achieves only a 2% better compression ratio than Fast-Kangaroo, but
suffers a 21% reduction in speed. We therefore conclude that Fast-Kangaroo offers better cost-
effectiveness for most applications. In our experiments, we compare Fast-Kangaroo with other
baseline algorithms. However, Compact-Kangaroo may still be preferable in scenarios where space
efficiency outweighs time efficiency.

6.4 Ablation Study of Core Modules

To understand the contribution of each component, we conduct an ablation study on the three
core modules of Kangaroo: Dynamic Reference (DR), Bit-Flip Erasure (BF), and VL-RLE (VL). We
evaluate each module individually and in combination, using Gorilla as the baseline. When VL-
RLE is enabled, the original repeated-value handling branch is removed, as its functionality is
subsumed by VL-RLE. We also analyze dataset characteristics, including coefficient of variation
(CV) and average run length (ARL), to study how data properties affect module effectiveness. For
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each configuration, we measure compression ratio, compression speed, and decompression speed.
Figure 11 presents violin plots summarizing module impacts across datasets.

DR improves compression on datasets with high variability (e.g., HMI) by increasing the likelihood
of selecting suitable reference values and consistently provides gains on low-CV datasets (e.g., AP).
This is because DR evaluates references based on both numerical similarity and structural properties,
such as potential for trailing-zero sharing, reducing metadata overhead. VL-RLE substantially
improves compression and decompression throughput on datasets with long run lengths (e.g., DE),
common in IoT workloads, and introduces no overhead on datasets with minimal repetition (e.g.,
DD, ARL = 1) since it removes fixed-marker encoding and unnecessary preprocessing.

Each module individually improves compression ratio, with BF contributing the largest gain
(up to 39.9%) by increasing zero density in mantissa bits. Combining BF with DR further benefits
high-variability datasets, yielding an average 29% improvement. Adding VL lowers the compression
ratio floor and simultaneously improves throughput, achieving on average 7% better compression,
50% higher compression speed, and 88.9% higher decompression speed, effectively offsetting BF
and DR overheads.

Kangaroo is not universally optimal. On highly redundant datasets such as DE, disabling BF
slightly improves compression ratio (from 0.00096 to 0.00091), because the overhead of storing
erasure markers outweighs the benefit of removing trailing zeros. With an average run length
of 150,528 under our 1000-value block configuration, most values lack an intra-block reference,
making BF less effective. In such cases, increasing block size or disabling BF can mitigate this effect.

6.5 Cross-Algorithm Evaluation of Kangaroo Components

We integrate Kangaroo’s Bit-Flip Erasure (BF) and Dynamic Reference (DR) into six streaming
compressors and evaluate their impact on compression ratio and compression speed in Figure 12.
For compressors without existing erasure (e.g., Gorilla and Chimp), BF trades off some compression
speed to achieve a significant improvement in compression ratio. For compressors with existing
erasure (Elf, Elf+, and SEIf*), the marginal gain of BF diminishes, and SEIf* slightly degrades due to
conflicts with its adaptive bit-selection model; however, replacing the original erasure stage with
BF substantially improves throughput (e.g., 1.98x speedup for SEIf*), demonstrating a favorable
efficiency—-overhead trade-off. DR improves compression for predecessor-based compressors but can
slightly reduce speed due to expanded reference search. For SEIf*, DR achieves a 6.58% compression
gain with 6.30% speed loss, while for Elf and Elf+, DR yields limited benefit but noticeable slowdown,
as strong existing erasure leaves little residual structure and DR introduces extra memory accesses
and branching.

Applying BF or DR to Chimp,,s results in worse compression ratio and speed, as BF increases
trailing zeros, which hinders Chimp;,s from effectively mapping values to suitable references, and
DR offers limited benefit since Chimp,,s already searches 128 prior values. Overall, no baseline
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augmented with individual components surpasses Kangaroo in compression ratio. While Gorilla
and Chimp remain faster due to simpler designs, they achieve inferior compression. BF and DR
exhibit synergistic effects: BF increases trailing-zero density, enlarging DR’s effective reference pool
and enabling better reference selection. Their joint design is essential for achieving state-of-the-art

compression ratio and speed.

6.6

Impact of Batch Size on Performance

The performance of ALP is highly sensitive to batch size. We compare Kangaroo and ALP using a
small batch of 800 and multiples of 1024 (1x, 10x, 50x, 80x, 100x), with experiments conducted using
the C++ version of Kangaroo and the open-source SIMD C++ implementation of ALP. As shown
in Figure 13, Kangaroo’s compression ratio is largely insensitive to batch size and consistently
outperforms ALP. For ALP, the compression ratio is lower at the small batch of 800, which does not
meet its minimum requirement of 1024, and improves slightly with larger batches due to metadata
sharing across vector groups, though the gain is limited. Kangaroo achieves better compression
speed with large batches, benefiting from longer runs that avoid repeated processing, whereas ALP
suffers at small batches because the sampling stage dominates; increasing the batch size amortizes
sampling overhead and allows SIMD optimizations to take effect, but excessively large batches (e.g.,
100x1024) may slightly reduce compression speed due to increased outliers. For decompression, ALP
consistently outperforms Kangaroo across all batch sizes as it avoids sampling and fully leverages
SIMD optimizations, with larger batches further improving performance. Overall, ALP is better
suited for decompression-intensive workloads, while Kangaroo excels in streaming small-batch or
compression-ratio-critical scenarios, mainly because ALP’s shared parameters cannot fully adapt
to datasets, resulting in more outliers and higher storage overhead.
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7 Related Work

In this section, we introduce the algorithms used for lossless compression of floating-point values.

7.1 General Compression Algorithms

General compression algorithms aim to support diverse data types through distinct technical
approaches, making specific trade-offs between compression ratio, speed, and computational
overhead. Mainstream algorithms such as LZ77 [5] employs sliding-window dictionary encoding by
detecting repeated data patterns and replacing them with compact representations, demonstrating
high efficiency for data with significant byte-level redundancy like text and source code. Brotli [6]
combines static and dynamic dictionaries to achieve deep compression for web resources through
context modeling. As a modern representative, Zstandard (Zstd) [7] integrates a multi-strategy
architecture including dictionary matching and finite state entropy coding to achieve a highly
configurable balance between speed and compression ratio. In contrast, XZ [8] utilizes large
dictionary windows and high-order statistical models to pursue maximum compression rates at the
cost of higher computational and memory overhead. While these algorithms perform excellently in
their respective target scenarios, their general design often leads to efficiency limitations when
meeting the high throughput and low latency requirements of streaming floating-point compression.

7.2 Floating-Point Specialized Compression Algorithms

General compression algorithms exhibit suboptimal performance for floating-point data. Conse-
quently, specialized compression have emerged, where model-prediction-based approaches[44-48]
are less prevalent than XOR-based methods due to their higher computational overhead. XOR-
based compression techniques primarily fall into three categories: (1) immediate-predecessor-based
compression algorithms, (2) sliding-window-based compression algorithms, and (3) batch-based
compression algorithms.

7.2.1 Immediate-predecessor-based Compression Algorithms. Floating-point compression algo-
rithms based on immediate predecessors exploit correlations between consecutive data points
for high efficiency. This relies on a property of IEEE 754 representation: adjacent values tend
to have similar high-bit and low-bit patterns, reflected in the leading and trailing zeros of XOR
results. Gorilla [15] is a baseline method that XORs adjacent values and encodes leading zeros (5
bits) and trailing zeros (6 bits) separately. Subsequent improvements include Chimp [16], which
optimizes non-uniform leading-zero distributions with 3-bit approximate encoding; EIf [17], which
introduces mantissa bit-erasure and shows that 4-bit Decimal Significand Count markers suffice
for lossless reconstruction; Elf+ [18], which further leverages continuity in Decimal Significand
Count for encoding efficiency; and SEIf* [19], which uses adaptive Huffman coding and dynamic
programming to jointly optimize leading and trailing zeros, improving compression ratio at some
cost to speed. However, all these methods rely solely on the immediate predecessor as the reference,
ignoring potentially better references within the historical window, which can degrade compression
efficiency when consecutive values vary substantially.

7.2.2  Sliding-window-based compression algorithms. Chimpyzs [16] extends beyond adjacent-value
encoding by maintaining a sliding window of 128 previous values to identify optimal XOR reference
points. This method employs 14-bit LSB hashing to ensure real-time performance. However, by
ignoring leading zeros patterns and not necessarily selecting the previous values that maximizes
trailing zeros, the approach may fail to identify globally optimal reference points. This limitation
suggests that improved window-based compression schemes considering both leading and trailing
zero patterns remain an area for further research.
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7.2.3  Batch-based compression algorithms. Batch-based compression algorithms achieve better
compression ratios through comprehensive analysis of data characteristics. The Buff [25] algo-
rithm proposes an integer/fraction separation architecture and precision-aware erasure strategy
specifically for bounded low-precision data. The ALP [20] algorithm adaptively selects compression
schemes through a two-level sampling mechanism: employing pseudoDecimal [49] conversion with
FFOR [50] compression for low-precision data, and bit-packing with skewed dictionary techniques
for high-precision data. While ALP’s vectorized implementation delivers exceptional decompres-
sion speed, its compression performance degrades with outlier presence. Elf* extends SEIf* [19] to
batch processing mode by utilizing intra-batch statistics rather than inter-batch prediction. These
batch-based methods require preliminary data analysis, leading to slower compression speeds
compared to streaming methods, yet they achieve superior compression ratios over SEIlf”. However,
batch compression algorithms share limitations with general compression schemes—specifically,
higher memory overhead and reduced compression speed—making them unsuitable for streaming
scenarios.

7.24  GPU-based compression algorithms. Recent work has explored GPU-based lossless floating-
point compression to mitigate data transfer bottlenecks in scientific computing and analytics
workloads. Delta-based compressors such as GFC [51] and MPC [52] exploit warp-level parallelism
and bit-level transformations to achieve high throughput, while transform-based pipelines such
as ndzip-GPU [53] parallelize predictive coding and bit transposition across thousands of threads.
Neural-network-based compressors such as Dzip [54] represent an emerging direction, but their
throughput remains several orders of magnitude lower than traditional compressors, limiting
practical deployment. More recently, G-ALP [55] extends the ALP integer-mapping approach to
GPUs and integrates it into the FastLanes [50] framework, enabling automatic schema selection
and register-level decompression. However, G-ALP is designed for batch-oriented processing and
relies on block-based metadata and exception handling, which introduce nontrivial overhead and
latency. Overall, prior GPU compressors primarily target batch workloads and maximize parallel
throughput, whereas Kangaroo explores a complementary design point by targeting low-latency
streaming floating-point compression with lightweight dynamic reference selection and erasure
mechanisms.

8 Conclusion and Future Work

This paper proposes Kangaroo, an efficient and compact lossless floating-point compression al-
gorithm. Unlike immediate-predecessor-based reference algorithm, Kangaroo utilizes previous
values as compression references and employs a dynamic reference search for rapid optimal refer-
ence retrieval. Additionally, the proposed bit-flip-based erasure strategy further enhances trailing
zeros gains. Experimental results on 26 datasets demonstrate that Kangaroo achieves significant
improvements in both compression ratio and speed compared to state-of-the-art methods.

Future work will focus on two directions: (1) developing GPU-accelerated implementations
based on parallel computing architectures to further enhance real-time processing capability, and
(2) creating an error-bounded lossy compression extension of Kangaroo for precision-tolerant
applications, providing flexible solutions for diverse accuracy requirements.
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