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Abstract

The explosive growth of time series gives rise to a large amount of data, which emphasizes
the importance of data compression. The data compression not only reduces storage costs
but also enhances data transmission efficiency and processing speed. However, traditional
compression algorithms usually suffer an insufficient compression ratio and an excessive
computational cost. To address these problems above, in this paper, we propose a two-stage
compression algorithm for the large-scale time series data. In the first stage, we transform
the time series data into low-volatility residual data by using Autoregressive Integrated
Moving Average (ARIMA) modeling and apply adaptive precision quantization to improve
compressibility. In the second stage, we implement a reinforcement learning-based com-
pression strategy, which utilizes the Q-learning to select the number of blocks to divide the
quantized data segment and achieves compression by storing the same content between the
divided data blocks only once and storing the different content separately; and we incorpo-
rate the Upper Confidence Bound (UCB) to balance exploration and exploitation in order to
track changes in data patterns and improve compression performance. Experimental results
demonstrate that our algorithm achieves a higher compression ratio while maintaining a
low computational complexity compared with traditional compression algorithms.

Keywords: time series data; time series prediction; reinforcement learning; data
compression; upper confidence bound (UCB)

MSC: 94A34; 68T05; 62M10

1. Introduction

In IoT, industrial monitoring, intelligent manufacturing and other fields, the continu-
ous generation of massive time-series data puts tremendous pressure on the storage and
transmission of the system [1]. Taking power data, sensor readings or high-frequency
financial data as paradigms, such time-series data inherently exhibit characteristics of high
sampling rates, extended temporal spans, and multi-source heterogeneity [2,3]. How to
achieve efficient compression under the premise of guaranteeing data availability and
recovery accuracy has become a key topic in current research.

With the rapid growth of time-series data volume, the study of efficient time-series
data compression techniques has become a core topic to realize efficient storage, process-
ing and intelligent decision-making. Hence, time-series databases(e.g., InfluxDB [4] and
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OpenTSDB [5]) applied different compression schemes to storage and mining of time-series
big data efficiently [6].

InfluxDB uses Facebook’s Gorilla [7] compression algorithm for floating-point num-
bers. In the LZ4 [8,9] compression algorithm used in existing time-series databases such
as OpenTSDB, each data segment is usually fixed to 64KB. The algorithm uses a sliding
window and a hash table to match duplicates within the segment, and replaces duplicated
storage with pointer references to reduce redundancy. However, when the data within a
data segment change rapidly and exhibit significant differences, they become difficult for
LZ4 to effectively detect and utilize the duplicate patterns within the data segment, which
results in a reduced compression rate.

To ameliorate this problem, research has been conducted to introduce dynamic seg-
mentation based on time windows instead of relying solely on fixed-size segments, thus
better adapting to the storage characteristics of time-series data, which improves the com-
pression rate to a certain extent. Subsequently, the time-series data segments are further
divided into smaller compressed blocks (chunking) to serve as the basic processing units to
improve the accuracy of redundancy detection and compression efficiency. Based on this
chunking approach, researchers have proposed two commonly used compression methods:
fixed-size chunking (FSC) [10] and content-defined chunking (CDC) [11].

The Fixed-Size Chunking (FSC) algorithm first divides the data stream into fixed
segments based on a set time span, then evenly divides each segment into a fixed number
of compressed blocks, ensuring each block size is 4KB or 8KB. This method is simple and fast
but does not effectively identify and eliminate duplicate compressed blocks. The Content-
Defined Chunking (CDC) algorithm determines block boundaries within each segment
using hash-based rules. Since it relies on data content, the number of compressed blocks
fluctuates significantly with data pattern changes, affecting compression performance.
When data vary drastically, a fixed-length segment is divided into many smaller compressed
blocks, increasing index storage overhead. When data are stable, a segment of the same
length is divided into fewer larger compressed blocks, reducing deduplication efficiency.

Thus, the number of compressed blocks in a segment is critical, directly impacting
deduplication and compression efficiency. Both the FSC and CDC algorithms are executed
independently within each data segment and cannot utilize the correlation between data
segments. To address this, we utilize the periodicity of time-series data to dynamically
adjust the number of compressed blocks across segments. This approach removes the
constraint on the data chunking by the independent segmentation, enhancing deduplication
and compression efficiency.

To achieve optimal numbers of compressed blocks in each segment, a theoretical
approach is to exhaustive enumeration. However, it requires a large computational load,
making it impractical. Therefore, we utilize reinforcement learning (RL) to select the
number of compressed blocks for each data segment. Reinforcement learning does not
need to evaluate the actual reward of this choice to make a decision when doing an action
in each data segment (picking the number of compressed blocks), i.e., it evaluates the
actual data compression rate that can be obtained with this number of compressed blocks,
in which case it would have to exhaust the actual reward of each action. Reinforcement
learning makes decisions based on experience and then evaluates the actual reward at
the end of the decision and puts it into the experience pool, which is used to correct the
next decision, thus avoiding the exhaustive process of decision making and reducing the
amount of calculation.

We refer to the algorithm selecting actions with high action rewards from the experi-
ence pool as exploitation. However, the estimated action reward is obtained by the average
of the compression ratios of the action, and if this action is executed too few times in
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the experience pool this reduces the accuracy of the estimate. Therefore, the proposed
algorithm, in addition to exploiting experience, needs to select actions that have been
chosen less frequently, allowing their action rewards to be updated through more selections.
This operation is called exploration because it tries to explore more unknown information.
The algorithm needs to handle the balance between exploration and exploitation correctly,
so that the reward of each action can be evaluated accurately. Even after the algorithm
converges and each action has been executed a sufficient number of times, exploration is
still necessary “from time to time” due to potential data pattern drift, ensuring that the
algorithm can adapt to these changes.

To solve this problem, the proposed algorithm utilizes the Upper Confidence Bound
(UCB) [12] algorithm and defines the Q-value of the action as the upper bound of the action
reward. We can prove that the Q-value is negatively correlated with the number of times
the action has been selected and positively correlated with its action reward. The proposed
algorithm selects the action with the largest Q-value, instead of the action with the largest
estimated action reward, and, in this sense, the proposed algorithm balances exploration
and exploitation.

Although reinforcement learning (RL) has demonstrated good performance in com-
pression strategy optimization, the original time-series data typically exhibit significant
non-stationarity, which poses a major challenge to the RL learning process. To address
this issue, we introduce the Auto Regressive Integrated Moving Average (ARIMA) [13,14]
model. By treating historical observation data as a continuous time-series sequence and
performing global modeling, we effectively remove long-term evolutionary trends and
periodic disturbances from the sequence, thereby extracting a residual sequence with lower
volatility. This process transforms the compression target into a stationary residual se-
quence, enabling subsequent compression to be performed based on a more stable sequence.
Meanwhile, the global modeling strategy ensures that the ARIMA model comprehensively
captures the overall structure of the sequence, avoiding model structure integrity issues
caused by local modeling, thereby guaranteeing prediction accuracy.

Although the ARIMA model produces a residual sequence with reduced volatility,
these sequences still exist in floating-point form, making them difficult to compress ef-
ficiently. Therefore, we further propose an adaptive precision quantization mechanism
that dynamically allocates quantization precision to encode the residual sequence into a
multi-precision bitstream format compliant with the IEEE 754 standard. This mechanism
automatically selects an appropriate quantization precision level based on the amplitude
characteristics of the residual sequence, significantly reducing the average bitstream rep-
resentation length while effectively controlling reconstruction error, thereby achieving
efficient compression of the residual sequence. We integrate the ARIMA model prediction
with the adaptive precision quantization mechanism into a pre-compression module with
both general applicability and compression capabilities. The output bitstream structure is
clear and can be integrated with various compression algorithms.

The novelty of our algorithm lies in the synergistic integration of statistical modelling
and intelligent decision-making. Unlike traditional algorithms treating predictive mod-
elling and adaptive quantization as separate tasks, we construct a unified two-stage time
series compression algorithm: the ARIMA-driven pre-compression module effectively
eliminates the non-stationarity of data, enabling reinforcement learning agents to explore
the compression strategy space more efficiently. This coupled algorithm resolves the long-
standing challenge of applying reinforcement learning to highly volatile real-world time
series data.

The main contributions of this paper are as follows:
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(1)  We propose a time-series sequence pre-compression module that combines residual
modeling and adaptive precision quantization mechanism, which can be used as a
pre-processing unit for a variety of compression algorithms.

e Interms of residual modeling, we introduce the ARIMA model for trend predic-
tion of time-series sequence, which transforms the original sequence into resid-
ual sequence with lower volatility and improves the compression friendliness.

* In precision quantization, we design an adaptive precision quantization mecha-
nism based on residual amplitude, which can effectively compress the bitstream
length while controlling the reconstruction error with good compression com-
patibility by dynamically allocating the quantization precision.

(2) We propose a main compression strategy based on reinforcement learning and
combine it with the pre-compression module to construct a unified two-stage com-
pression algorithm.

*  We propose a reinforcement learning-based compressed block chunking method
for time-series sequence, which can achieve close to the optimal compression
rate achievable by exhaustive search while greatly reducing the computational
effort compared to the exhaustive method.

*  We introduce the Upper Confidence Bound (UCB) to dynamically balance ex-
ploration and exploitation. Not only can we achieve more accurate reward
estimation but we can also adapt to changes in data patterns, thus improving
the compression rate.

2. Related work

In recent years, ARIMA models have been widely used in forecasting tasks due to their
capability in modeling non-stationary time-series sequence [15-18]. Banihabib et al. [19]
developed a hybrid modeling approach that combines an ARIMA model with exogenous
inputs and a neural network in order to improve the water resources forecasting accuracy.
Similar studies include combining ARIMA models with various neural network models [20],
such as multilayer perceptron and radial basis function networks, aiming to improve the
prediction accuracy of future observations.

This prediction-based paradigm was prominently featured in early telecommunica-
tions big data compression [21]. Around 2015, research in this field established a mature
“step-by-step processing” mode. First, the strong periodicity of telecom traffic was ex-
ploited through prediction or differencing to eliminate temporal redundancy by recording
only deviations from expectations. Subsequently, spatial redundancy was mitigated by
aggregating data from different spatial nodes based on geographical proximity (e.g., the
synchronicity of traffic between adjacent base stations). For instance, the SPATE [22] frame-
work introduced decaying factors to smooth random noise. However, a limitation of this
approach is its heavy reliance on empirical rules, which makes it difficult for the model to
perceive dynamically changing distribution characteristics in non-stationary, irregular data
streams, often leading to uncontrollable cumulative errors.

Addressing these limitations, we have shifted the modeling perspective. Rather than
employing ARIMA for precise forecasting, we utilize it as a lightweight stationarization
method. It serves to eliminate trend components and periodic disturbances from the
original sequence, transforming highly volatile raw data into statistically more station-
ary residual sequences, thereby creating favorable input conditions for the downstream
compression stage.

However, sequence stationarization alone is insufficient to handle the complexity of
time-series data; dynamically adjusting compression strategies based on residuals remains
a challenge. The adaptive capabilities of Reinforcement Learning (RL) in complex decision-
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making tasks offer a new trajectory for solving this problem. Currently, RL is widely used
for parameter tuning in image compression, inter-frame redundancy modeling in video,
and model compression on embedded devices [23]. Some works have also attempted to
introduce RL into time-series data processing. For example, Jiang et al. [24] proposed a
time-series data compression method based on Deep Q-Networks (DQN). Its core inno-
vation lies in optimizing the organizational structure of compressed data to enable direct
querying without decompression, significantly improving random access efficiency. Nev-
ertheless, that method primarily focuses on query performance rather than compression
ratio, resulting in limited improvements compared to traditional methods.

Despite the profound research foundation in redundancy elimination for telecom
datasets, and the excellent performance of ARIMA and RL in their respective fields, com-
bining them to meet the compression demands of large-scale time-series data remains
an underexplored area. The two-stage compression algorithm proposed in this paper
leverages ARIMA for stationarization and RL for dynamic policy optimization, which aims
to synergistically optimize the compression efficiency and reconfiguration precision, and to
fill the research gap in this direction.

3. Pre-Compression Module
3.1. Predictive Modeling Based on ARIMA Models

In the prediction modeling stage of the pre-compression stage, we introduce the
ARIMA model to strip redundant information from the original sequence and con-
vert it into a smoother, compression-friendly residual sequence as the target for subse-
quent compression.

Considering that most measured sequences do not satisfy the stationarity assumption
required for ARIMA modeling, we first perform stationarity preprocessing on the original
sequence. Let the original sequence be {x;}L ;, and eliminate its trend term through
d-order differencing;:

x; = V% = (1— B)x;. (1)

where V denotes the differencing operator, B represents the lag operator, BXx; = x;_, and
the resulting stationary sequence is denoted as {x}}/_,. ;.

To determine whether a differencing operation is required, we use the Augmented
Dickey-Fuller (ADF) unit root test. When the test results indicate that the sequence has
stable mean and variance and there is no significant trend term, we recognize the sequence
as smooth; otherwise, we will perform the differencing operation to further strip off the
trend term until a stationary sequence is obtained.

After obtaining the stationary sequence {x{}]_, ;, we construct an ARMA (p,q)
model to describe its dependence on historical observations and error terms. This model
models the time-series sequence as a linear model composed of an autoregressive (AR) [25]
component and a moving average (MA) component. The specific mathematical expression
is as follows:

q
(,bix;f,- + Z 9]‘615,/' + €y, 2)
i—1 =1

=

xp =

where ¢, ¢3,. .., ¢p is the model parameter for the autoregressive (AR), 61,62, ..., Gq is the
parameter for the moving average (MA), and €; ~ N(0, 02) is the Gaussian white noise.
In order to determine the optimal order combination (p, g), we first analyze the lag
characteristics of the sequence by using the autocorrelation function (ACF) plot. By exam-
ining whether the autocorrelation coefficients at various lags exceed the 95% confidence
bounds, we assess the presence of statistically significant linear dependencies and accord-
ingly constrain the candidate range for model orders. Subsequently, multiple ARMA
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models are constructed within a predefined search interval, specifically setting the range as
p,q € [0,5]. This constraint is imposed to balance model complexity with computational
efficiency. The Akaike Information Criterion (AIC) values are calculated separately:

AIC = 2k — 2In(L), 3)

where k = p + g + 1 is the number of model parameters and L is the log-likelihood of the
model under maximum likelihood estimation. Ultimately, the group of orders with the
smallest AIC is selected as the optimal model structure, achieving a balance between model
accuracy and complexity.

After determining the optimal model order (p, q), we use the maximum likelihood
estimation (MLE) method to estimate all parameters of the ARMA model. For the au-
toregressive (AR) model, which describes the linear relationship between the current
observation and past observations, an analytical solution can be obtained using the least
squares method. The mathematical expression of the pth order autoregressive model
(AR(p)) is:

Xp=P1x_q +paxp o+ X, e )

In order to show the estimation process of the model parameters more clearly, we
represent the above AR(p) model in matrix form:

y=X¢p+e, (5)

/
p+
each row of which consists of lagged observations [x;_1, x;_5, ..., Xt ] at the corresponding

where y is the target vector containing observations from x/ . ; to x/; X is the design matrix,
moment; ¢ is the p-dimensional AR coefficient vector and € is the error vector containing
error terms from €p+1 toer.

Based on the least squares method, by minimizing the Mean Squared Error (MSE),
we can obtain the optimal estimate of the AR coefficients, which minimizes the prediction
error of the model.

$=(XTX)"'XTy. (6)

However, in the ARMA model, the Moving Average (MA) model is used to describe
the linear relationship between the current observations and the past error terms, and its
parameter estimation is more complicated. Its prediction relies on unobservable historical
error terms that cannot be solved directly using least squares. For a g-order Moving Average
model MA(g), its mathematical expression is:

X; =€ +0161+ 00+ + 9q€t_q, (7)

where €; ~ N (0, (72) is the white noise and 01, 65, .. ., 6, is the moving average coefficient.
Since these error terms are not directly observable in the modeling, we need to construct
a joint objective function to incorporate the AR and MA parameters together into the
maximum likelihood estimation framework, and use the Maximum Likelihood Estimation
(MLE) method to estimate the model parameters by maximizing the likelihood function.
For this purpose, we construct a joint objective function by combining Equations (4) and (7):

T

p q 2
16,0 =Y ( Y zejet_j) | ®
i=1 =1

t=1

Since this joint objective function Equation (8) involves unobservable error terms, its
optimization process constitutes a nonlinear least squares problem. To solve this prob-
lem, we employ the Broyden—Fletcher—-Goldfarb—Shanno (BFGS), an anthropomorphic
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Newtonian method, for the solution. During the iterative process, the search direction
is jointly determined by the current gradient and the approximate Hessian matrix, i.e.,
dk) = —HO v k),

The parameters are updated according to o+ = o) 1 4 d*), where the step
size a¥) is determined by a line search strategy. The Hessian matrix is updated using the
BFGS formulation:

(g7 F® 050 TE®
(k+1) _ pqk) .. & '8 _ 57’S
H HEt 0Ts® ~  s0Tams® ®)

where s(K) = k+1) — g(k) denotes the amount of parameter update and g(t) = V1) —
VJ%) denotes the amount of gradient change.

After completing the parameter estimation in Equation (8), we obtain the predicted
value at each time step excluding the contemporaneous disturbance term £}:

p q
=) ¢ix,_;+ ) 0je. (10)

i=1 j=1

Accordingly, the corresponding residual r; can be computed based on
Equations (2) and (10):
1= x; — %I (11)

Compared with the original sequence {x;}._;, the residual sequence {r;}._; after
smoothing and periodic trend removal has more stable structural characteristics and is more
suitable as input for subsequent compression algorithms, thereby effectively improving the
upper limit of the compression ratio.

3.2. Adaptive Precision Quantization Mechanism Based on Residual Magnitude

Although we significantly reduced the volatility of the compression target through
the above ARIMA modeling, it still contains a large number of small-amplitude, highly
repetitive values. Therefore, in the second stage of the pre-compression process, we
introduce an adaptive precision quantification mechanism based on residual amplitude
statistical characteristics. We first define the Empirical Cumulative Distribution Function
(ECDF) of the residual sequence {r;}[_; as:

T

B(0) = £ L (nl <), 12)

t=1

where [(-) is the indicator function and 7 is the residual amplitude threshold. This function
reflects the proportion of residuals whose amplitude does not exceed the threshold 7 .

In order to achieve a dynamic balance between compression ratio and reconstruction
accuracy, we introduce a compression control parameter « € (0,1), which represents the
desired proportion of residuals to be quantized with low precision. We use the mini-
mum threshold 7* that satisfies the condition F,(7*) = & as the quantization amplitude
boundary point.

To ensure that the error after compression is within an acceptable range, we introduce
the following relative error constraint:

YL (7 1)

<eg, (13)
ZtT:1 r%

where 7; represents the residual value after mixed precision quantization, and € represents
the upper limit of the reconstruction error.
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Based on the above constraints, we construct a hierarchical quantization mechanism
for amplitude. Using the optimal threshold 7* obtained from Equation (13), we divide the
residuals into two subsets and assign different quantization precisions to them. The process
is defined as follows:

5= Floatl6(ry) if [r¢] < T*, (14)

Float32(ry) if |r¢| > T*

where Float16(-) and Float32(-) denote the half-precision (16-bit) and single-precision
(32-bit) floating-point representation formats according to the IEEE 754 standard, re-
spectively, which are two quantization methods for approximating the residual values.
Float16(-) is suitable for residuals with smaller magnitude and lower precision require-
ments to reduce the representation overhead, while Float16(-) retains higher numerical
precision and is used to represent residuals with larger magnitude that are more sensitive
to reconstruction errors.

After quantization, each residual value is mapped to a discrete floating-point repre-
sentation in a fixed-precision format. We then encode the quantized residual sequence to
form a continuous binary bitstream, which we define as residual encoded bitstream, as the
final representation format of the residual sequence in the pre-compression stage.

In order to correctly recover the quantization format used for each residual in the
decoding stage, we introduce a set of precision bitmasks consistent with the length of the
residual sequence to record the precision identification information, as shown in Figure 1.
Each bit corresponds to the quantization precision of a residual, and a value of 1 indicates
that the residual at the corresponding position is quantized in 16-bit floating-point format,
while a value of 0 indicates that it is quantized in 32-bit floating-point format. This mask
provides the basis for precision resolution in the decoding stage, and is stored separately to
assist in the subsequent recovery of the correct quantization format of the residuals.

Residual sequence:

’ 0.253 ’ 1214 }—2‘332‘ 2.672 ‘—0.379‘ 0.579 ’ 0.752 ’—2‘987‘ 0.891 ‘ 1.208 ‘—1.829‘ 2773 ’—1.238’ 0.367 ‘—0,339‘ 2.391 ‘ 1.768 ’ 0.773 ‘

Corresponding precision bitmasks:

o lofofof ] [rJof-Jofofofof [r+[ofo]-]

Quantized Length: l

‘16’32’32‘32‘16‘16‘16’32‘16‘32‘32‘32’32’16‘16‘32‘32’16‘

Figure 1. Illustration of residual quantization precision bitmask.

To rigorously evaluate the potential overhead of the precision bitmasks, we define
the break-even point for the proposed scheme. Let « denote the proportion of data points
stored in Float16 format, N represent the segment length, and K signify the fixed metadata
overhead (comprising ARIMA coefficients, initial observations, and model orders). The
total storage cost is lower than the raw Float32 storage when: 16aN + 32(1 —a)N + N +
K < 32N.

Solving for «, we obtain the critical threshold & > 11—6 + %.

Given the continuous nature and long-term storage requirements of time-series data,
the segment length N is typically much larger than the metadata overhead K (N > K).
Consequently, this threshold asymptotically approaches 6.25%.
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4. Reinforcement Learning Based Compression Algorithms
4.1. System Framework

We take the residual-encoded bitstream output from the pre-compression stage as
input to the reinforcement learning compression algorithm. First, it is divided into fixed-
length bitstream segments (hereinafter referred to as “segments”) based on a fixed window.
Each segment is further divided into a selected number of bit blocks (hereinafter referred
to as “blocks”), and pairwise comparisons are performed among all blocks. The common
content across blocks is defined as base sub-blocks and stored only once to optimize space
utilization. The remaining portions across blocks are defined as difference sub-blocks,
which are stored sequentially to preserve the independence and integrity of each block. As
shown in Figure 2, when a segment is divided into three blocks and four blocks, the base
sub-blocks and difference sub-blocks are illustrated accordingly.

A serialized input bitstream segment:

[ [ oo e T T T o o

The corresponding difference sub-blocks
are as follows:

When divided into three bitstream blocks:
The corresponding base sub-blocks
‘ 1 ‘ 1 ‘ 1 ‘ 0 ‘ 1 ‘ 0 ‘ are as follows:

,_.
o
(=
(=]

Figure 2. Illustration of base sub-blocks and difference sub-blocks.

For the base sub-blocks, this paper adopts a mask-based representation for storage.
Figure 3 demonstrates the storage method for the first base sub-block in Figure 2. This
method uses a 0/1 mask vector of the same length as the sub-block to indicate the presence
of valid values at each position, while storing the valid values themselves. This achieves
compressed storage of the blocks while ensuring rapid access and processing capabilities.

The base sub-block is stored as follows:

~ Location Index:

0 1 2 3 4 5 0| 2

A

The base sub-block: | 1

Corresponds to the
effective value:

- 1 1

Figure 3. Illustration of base sub-blocks storage method.
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The reconstruction process first relies on the recorded base sub-block position masks
and their corresponding values, as well as the bit content of all difference sub-blocks. The
restoration of each compressed block involves combining the mask structure provided
by the base sub-block with the bitstream in the difference sub-block, mapping it to the
corresponding compressed block according to the mask position, and finally restoring the
complete bit segment.

4.2. Storage Space and Number of Sub-Blocks

Assume that a segment of length # is divided into k + 1 blocks as Cy, Cy, ..., Cy1. The
length of each block is:

7=17) (15)
r =n mod k. (16)

Here, | x| represents the floor function. Equations (15) and (16) indicate that the length
of the first k blocks (Cq,Cy, ..., Cyy1) are all of length g, and the last block (Cy,1) is of
length r.

The size of the storage space occupied by this segment without compression is:
S(k) = n bits.

If compression is used, each block is divided into two parts for storage: the base
sub-block and the difference sub-block. The base sub-block is the same part between each
block, and its length is defined as a. Then, the storage space it occupies consists of the base
sub-block location index and the effective value, as shown in Figure 3. Therefore, the size
of the storage space occupied by the base sub-block is:

Sa(k) = alog, n +a = a(log, n + 1) bits, 17)

where g is the length of base sub-block.
Then, the difference sub-blocks length By of block k is:
Bi=By=---=By=g—a, B =r r#0
{ 1=B k=4 1 # a8)

OrBlzBZZ---:Bk:q_a 7’20

The entire segment is stored as follows: the base sub-block and its location index are
stored only once, as well as the difference sub-blocks of each block, so the segment occupies
a storage size of:

1 1)+k-(g— 0
Se(k) = a(logyn+1) +k-(g—a)+r r# bits. 19)
a(logyn+1) +k-(qg—a) r=0

The compression ratio can be obtained as Equation (20). The larger the CR, the better
the compression ratio.

n

r#0
S(k) a(logyn+1)+k-(g—a)+r
CR = A . . (20)

alogyn+ 1) + k- (7 —a)
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where both the block length g and 7 can be expressed by the number of blocks k and the
base sub-block length a. This is obtained by substituting Equations (15) and (16) into
Equation (20):

n

a(logyn+1) +k- Q%J —a) + (n mod k)

a(logyn+1)+n—k-a

r#0

CR = (1)

r=20

From Equation (21), it can be seen that, by optimizing the number of blocks k and the
base sub-block length 4, the compression ratio can be maximized under the constraints,
thus optimizing the utilization of storage space. However, although a changes with k,
and once the value of k is determined, a is also determined, the two presents a nonlinear
relationship and thus cannot be solved purely by optimization methods.

4.3. QL-Based Block Chunking Optimization

This paper introduces a chunking decision-making mechanism based on Q-Learning
algorithm, one of the RL series algorithms. Each segment is treated as a discrete decision
cycle. Due to the independence of bitstream processing, the current action does not
influence the arrival or statistical characteristics of subsequent segments. This implies
that the state transition probability satisfies P(s;11 |st, at) = P(s;11). Consequently, the
environment is simplified into a stateless model. The agent decides the number of blocks by
calculating the reward of each possible action based on the initial environment state during
a decision cycle. At the end of each decision cycle, the agent evaluates the effectiveness of
the chunking in terms of compression ratio and continuously optimizes its strategy through
the Q-value update process.

4.3.1. Action

In Section 4.2, a segment of length # is divided into k + 1 blocks, where k is a positive
integer. Thus, the total number of blocks per segment is k + 1. In the reinforcement learning,
we directly take this total number of blocks as the action, denote it by k; for decision cycle ¢,
and therefore set k; = k + 1. For the chunking problem, define the action 4; as selecting
the number of blocks k; at decision cycle t for chunking. For a segment of length n, it can
be divided into 1 to n blocks, meaning the possible values for k; range from 1 to n, i.e., the
action set A = {1,2, ..., n}. In this paper, A can be narrowed down by the following proof,
so as to reduce the computation even more.

In order for compression to be effective, it is necessary to ensure that the compression
ratio is constantly greater than 1, so we first simplify the denominator of Equation (21).

n
Since there exists the constant equation: n = k; - L{J + (n mod k;). Therefore we can
t

rewrite the denominator in Equation (21) as: a(logon + 1) + n — ak;.
n

At this point, the compression ratio is: . Since the denominator
n+a(log,n+1—ki)

is always positive, in order to ensure that the compression ratio is greater than 1, we require:
a(log,n+1—k;) <O0.

Since a > 0, we have: k; > log, n + 1.

Given that the total length is 7, the final range of k; must satisfy: log, n +1 < k; < n.

As k¢ should be an integer, the minimum value of k; should be [log, n + 1], where
[-] represents the ceiling function. Therefore, the possible values for k; lie in the range:
[[logy n+11,1).

Thus, the action set A = {[log, n + 1], [log, n + 1] +1, ..., n}.
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4.3.2. Reward

The overall objective is to maximize the compression ratio. Therefore, we define the
actual reward r(t) obtained by the agent after executing the action a; as the compression
ratio obtained by dividing the segment into k; blocks, so that according to Equation (21),
the actual reward function is:

n

. r#0
r(t) = a(logyn +1) +k; - (LQJ a) + n mod k; . (22)
n r=20
a(log,n+1)+n—ki-a
The optimal policy 77* should be the one that maximize r(t):
" = argmaxr(t). (23)
7T

Since the actual reward is not available during decision-making, the agent uses the
average historical reward as the basis for executing actions. When the number of algo-
rithm iterations gradually increases, the estimated reward progressively approaches the
actual reward.

In the initial stage of the Q-Learning algorithm, since the system has not yet executed
any actions, the historical rewards of all actions is unknown. To provide an effective
starting point for the subsequent Q-Learning process, we need to calculate the average
of the compression ratio of all the number of blocks in the first segment as rewards, and
assign them to actions.

At the decision cycle ¢, the estimated reward of the action a; is defined as the average
reward of this action in the historical segment:

1 Jt . .
) = 7 Z]':1 r(j) ji # 0// (24)
0 jr = 0.

where j; denotes the number of times the a; has been executed.

4.3.3. Balance Exploration and Exploitation

In each subsequent cycle, if the execution number of a; is small, there may be a large
gap between the estimated and the actual rewards. If the algorithm consistently chooses
the maximum estimated reward as the basis for executing actions (i.e., ‘exploiting’ the
experience), it may overlook actions that occur less frequently but have higher compression
ratios. In order to be able to correctly evaluate the reward of each individual action, the
proposed algorithm needs to fully explore the compression ratio of each individual action
(without relying on the experience r(t) for selection) and to make the estimated action
reward converge to the actual reward. Even if the algorithm has converged, exploration is
still necessary to track and adapt to drifts in data patterns. Therefore, we need to properly
deal with the problem of balancing between exploration and exploitation. We use the

Upper Confidence Bound (UCB) algorithm to balance exploration and exploitation.

Lemma 1. For any action, the actual reward r(t) exists within a confidence interval centered on

the estimated reward r(t), i.e., the confidence interval of r(t) is

1 1
- 2g21n£17C),m+ 2a21n]('t17C) /

https:/ /doi.org/10.3390/math14050841


https://doi.org/10.3390/math14050841

Mathematics 2026, 14, 841 13 of 23

where ¢ denotes the confidence, j; denotes the number of selected times, o denotes the stan-
dard deviation.

Proof. The probability that there is usually a difference between the expected value and
the mean value calculated by averaging the samples, and that this difference is less than
the smaller value o > 0, is called the confidence. That is:

g

where X;(i =1,2,...,n) represent for the independent and identically distributed statistical

ZX—E

<94 } (25)

sample data, n is the number of samples, E(X) the true expectation of these samples, ¢ is
the confidence. We transform the Equation (25) to obtain:

P{—(S < il(x"ﬂ‘ EX) 5} > c. (26)

It follows from the central limit theorem [26,27]:

;ﬁ Y (X N(0,0?), (27)
i=1

where 02 denotes the variance of X;(i=1,2,...,n),s0we have:

Y (Xi — E(X)) LA W
P{J\/ﬁ< NG <5\/ﬁ} —/5\[ We dx

ST

Since erfc(x) < exp(—x?), we have:

(i\i) =1- erfc(j\\/ﬁzl) >1-— exp(—;fz) (29)

Let the confidence c =1 — exp (f %) then the relationship between J and ¢ can be
calculated as:

5= Mrgll) (30)

Combining Equation (25) with Equation (30) shows that the confidence interval for
the mean value of X; (i =1,2,.

202 ln 1 202 ln( ﬁ )
N\ n n \ n

All the rewards of a; are also independent and identically distributed random variables,
so the confidence interval of 7 (

2(72 ln 202 ln 1 C

https://doi.org/10.3390 /math14050841


https://doi.org/10.3390/math14050841

Mathematics 2026, 14, 841

14 of 23

202In( ;)
jt
proportional to the number of selected times j; , that is, the fewer times an action is selected,

From the above lemma, the width of the confidence interval is inversely
the higher the uncertainty of its reward. Therefore, the width of the confidence interval can
be defined as a measure of the uncertainty of the reward of the action, and we can adjust
the width of the confidence interval to balance the exploration and exploitation.

We define the Q-value of action a; as the upper bound of the confidence interval as the
basis for action execution:

(31)

The former in the expression of Q(t) is the estimated reward of the action, encouraging
the algorithm to select the action with higher estimated reward, so it can be regarded as
the exploitation component; the latter is the width of the confidence interval, which is a
measure of the uncertainty of the action reward, encouraging the algorithm to select the
action that has been selected fewer times. Thereby, it can be regarded as the exploration
component. The UCB can achieve a balance between exploration and exploitation. The
width will decrease as the number of selections increases, while the estimated reward of the
action will gradually approach the actual reward. The overall flowchart of the proposed
algorithm is shown in Figure 4.
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}

Take the common part of bitstream blocks as a base sub-block stored
once, and store the different parts as difference sub-blocks separately

Calculate the compression ratio as the actual reward
(Eq. (22)) for the current action
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Use Eq. (24) to update estimated rewards T(t)

Figure 4. Overall flowchart
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5. Experiments
5.1. Introduction to Datasets

We select a proprietary real-world telecommunications dataset (Ver. 2024.v1) collected
from a provincial branch of a major national telecommunications operator. Due to data
privacy and security agreements, this dataset is not publicly available. The dataset features
high-frequency sampling and high volatility, which aligns with the authentic demands
of time-series data analysis in industrial environments. Specifically, it records granular
network traffic flow, including source/destination IP addresses, source/destination ports,
protocol types, transmission timestamps, and data volumes. We take the values of different
IPs of the same port for experimentation.

Table 1 shows the amount of data in the telecommunication dataset used for our
experiments. We take one day as a period and use 60 days of data from 8 February to
7 April 2024, for a total of 60 data segments, where one segment includes 71 data values.

Table 1. Data volume of telecommunication dataset.

Data Item Records Data Item Records
IP1 (1.1.0.%) 1 4260 P4 (1.1.1.%) 4260
IP2 (1.1.0.%) 4260 IP5 (1.1.1.%) 4260
IP3 (1.1.0.%) 4260 IP6 (1.1.1.%) 4260

1 IP addresses are partially anonymized in the format 1.1.x.x, where the last segment is masked to protect

privacy while preserving the dataset structure.

5.2. Experimental Results

The compression ratio is an important measure of the effectiveness of a time-series data
compression algorithm because it directly reflects the amount of data reduction achieved
by the algorithm. The LZ4 compression algorithms [8,9] both use compression ratio as an
evaluation metric.

LZ4 and ZSTD [28] are frequently used as benchmark methods due to their high effi-
ciency and widespread adoption; Chimp [29] represents the optimal single-point prediction
algorithm in sequential floating-point compression, while ALP [30] and BUFF [31] have
demonstrated strong competitiveness in recent research. Therefore, we selected LZ4, ZSTD,
Chimp, ALP, and BUFF as representative algorithms for comparative experiments on the
telecommunication dataset to comprehensively evaluate the compression performance of
the proposed method.

Meanwhile, to verify the effectiveness of the Q-learning module in this algorithm, we
analyze its convergence behavior during the training process. Figure 5 shows the trend of
compression ratio during training on multiple segments, which indicates that the algorithm
has good stability and convergence.

In Figure 5, the light blue curve shows the instantaneous compression ratio for each
segment based on the action selected at that step. The high fluctuation in the early phase
indicates that the algorithm is in the exploration stage. The dark blue curve represents the
cumulative average compression ratio, which shows a rising trend followed by stabilization,
indicating that the strategy improves over time and the overall compression performance
gradually increases.

After approximately the 25th segment, the cumulative average compression ratio
becomes stable and the fluctuations in the instantaneous compression ratio significantly
decrease. This suggests that the learning strategy has stabilized and that the Q-learning
algorithm has essentially converged. The results demonstrate that Q-learning can ef-
fectively enhance compression performance during continuous training and achieve
stable convergence.
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Figure 5. Compression ratio convergence during Q-Learning.

To further evaluate stability, Figure 6 illustrates the training loss characterized by the
Temporal Difference (TD) error, which denotes the gap between the estimated and the actual
rewards. The light red curve depicts the raw TD error, where the pronounced fluctuations
during the initial 25 iterations reflect the agent’s uncertainty regarding environmental
states during the exploration phase. As training progresses, the smoothed loss which
represented by the dark red curve exhibits a distinct monotonically decreasing trend,
eventually stabilizing below 0.05. This convergence trend is highly consistent with the
stability of the average compression ratio observed in Figure 5.
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Figure 6. Temporal Difference (TD) error during Q-Learning.

5.3. Experimental Results on Telecommunication Dataset

From Table 2, traditional compression algorithms (such as LZ4 and ZSTD) perform
poorly on this highly volatile dataset, with compression ratios maintained only between
1.0 and 1.2. Specialized algorithms (such as Chimp, ALP, and BUFF) generally yield com-
pression ratios between 1.06 and 1.18; although slightly superior to traditional algorithms,
the improvement remains extremely limited. While the standalone use of the Q-Learning
algorithm offers some improvement, the compression ratio hovers around 1.3, indicat-
ing significant persisting limitations. In contrast, the Arima-RQ compression algorithm,
based on predictive residual quantization, demonstrates a marked advantage, achieving
independent compression ratios of from 1.53 to 1.79.
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Table 2. Comparison of algorithms on telecommunication dataset.
. QL- Arima- Arima- Arima- Arima- Arima- Arima-
Dataset  LZ4  ZSTD  Chimp ALP  BUFF  po 4 RQ  RQ+LZ4& RQ+ZSTD RQ+Chimp RQ+ALP RQ+BUFF  [roposed
1P1 1.011 1.187 1.154 1.176 1.098 1.353 1.775 1.892 2.031 1.794 1.878 1.897 2.121
P2 1012 1135 1184 1131  1.073 1.270 1.584 1.581 1.679 1.493 1.568 1.584 1.767
P3 1.029 1135 1188 1166  1.073 1.303 1.794 1.905 2.044 1.801 1.891 1.910 2.139
P4 1.005 1147 1106 1135  1.071 1.310 1.686 1.682 1.788 1.590 1.669 1.685 1.885
IP5 1.024 1156 11038 1.139  1.083 1.272 1.532 1.529 1.623 1.445 1517 1.532 1.713
1P6 1.008 1.144 1.159 1.111 1.065 1.315 1.687 1.683 1.785 1.592 1.669 1.686 1.888

When Arima-RQ is combined with traditional algorithms, Arima-RQ+LZ4 fails to
further increase, and, in some cases, slightly decreases the compression ratio on certain
datasets (e.g., IP2, IP4, and IP5). This suggests that, for simple bit-pattern encoding,
the overhead may exceed the redundancy gains when processing high-entropy residuals
after quantization. Conversely, the efficiency of Arima-RQ+ZSTD further enhances to a
maximum of 2.044, which is attributed to the Finite State Entropy (FSE) encoding employed
by ZSTD, as it more effectively captures subtle non-uniform probability distributions within
the quantized residuals. Although the performance of specialized algorithms improves
to a range of from 1.44 to 1.91 after incorporating the Arima-RQ module, they struggle to
achieve deep compression; this is because algorithms like Chimp and ALP are primarily
designed for the similarities of raw floating-point or integer data, which are disrupted
in post-quantization residual data. In comparison, the two-stage compression algorithm
proposed in this paper (Arima-RQ+QL) achieves the optimal compression ratio across all
six datasets, reaching a peak of 2.139 (in IP3).

To provide a more intuitive comparison of the compression performance across differ-
ent algorithms, Figure 7 presents the compression ratio results for each algorithm on the
telecommunications dataset in the form of histograms. As clearly shown in Figure 7, our
algorithm exhibits more stable and comprehensive performance improvements overall.

=74 =ZSTD Chimp =ALP =BUFF =QL-Based = Arima-RQ
= Arima-RQ+LZ4 = Arima-RQ+ZSTD = Arima-RQ+Chimp = Arima-RQ+ALP Arima-RQ+BUFF = Proposed

2.000

1.500

pression Ratio

Com
=
IS
o

0.500

0.000 P 1P2 1P 1P 1P5 1P

Figure 7. Column chart comparing multiple algorithms on telecommunication dataset.

5.4. Computational Complexity

Assuming that the time-series data are divided into m data segments, each containing
n data points, the computational complexity of our method is derived as follows:

The computational complexity of the first stage is determined by three core compo-
nents: stationarity preprocessing, ARIMA model fitting, and adaptive quantization. The
overhead for stationarity testing and differencing is O(n). During model identification
and parameter estimation, although the process involves AIC-based order selection and
BFGS-based nonlinear iterative optimization, the associated costs scale linearly with the
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data length n, i.e.,, O(n), given that the model orders (p, ) and the maximum number of
iterations are constrained to constants. Finally, the adaptive quantization process entails a
single-pass linear scan. Consequently, the cumulative computational overhead of the entire
first stage can be quantitatively expressed as O(n * m).

In Section 4.3.2, we have pointed out that the first segment is needed to initialize the
Q-value by calculating the reward of each action. Therefore, the computational complexity
of the first segment is O(n2). For the next m — 1 segments, we simply select the action and
update the Q-value based on the Q-value calculated earlier. Since the Q-value is updated
using an incremental formula based on the average, both the update and the selection of
action with the maximum Q-value have a computational complexity of O(1). After action,
the segments need to be divided and the base sub-block is obtained through comparison, so
the computational complexity is O(n). Therefore, for the latter m — 1 segments, the overall
computational complexity is O(n * m). The computational complexity of the whole process
is O(n?) + O(n * m).

Since time-series data are continuous, m increases as processing time extends. If m is
directly used as the variable for total complexity, the total complexity would grow infinitely
over time, making it difficult to fairly compare different methods. Therefore, we adopt
“unit complexity” as the benchmark for comparison. Let k segments be generated within a
fixed time interval, with each segment having the same length n. Since the compression
ratio calculation and update complexity for each segment in this paper’s algorithm is
O(n), the overall complexity within a fixed time interval is O(n * k). Based on this, Table 3
presents the comparison results of different algorithms under unit complexity.

Table 3. Computational complexity of different algorithms.

Algorithm Unit Complexity
Exhaustive Search O((n-k)?)
LZ4, ZSTD n-k
Chimp, ALP, BUFF n-
QL-based n-
ARIMA-RQ .

ARIMA-RQ+LZ4, ARIMA-RQ+ZSTD
ARIMA-RQ+Chimp, ARIMA-RQ+ALP, ARIMA-RQ+BUFF
Proposed

S =

QOO0 0O0O0
S X = ====
= =

O RORORORORS

S S N S N N

The unit complexity of the exhaustive search exhibits quadratic growth, reflecting
relatively high computational costs. In contrast, the unit complexities of LZ4, ZSTD, Chimp,
ALP, BUFF, and quantization are solely related to the total amount of data within a unit
time period, specifically O(#n k), which aligns with our proposed algorithm. Therefore,
from the perspective of unit time intervals, our proposed algorithm incurs no additional
computational overhead.

To further validate the effectiveness of the theoretical unit complexity in practical op-
erations, we measured the compression time of each algorithm on the telecommunications
dataset to more objectively reflect their computational overhead. The results are presented
in Table 4. It can be observed that the lightweight traditional compression algorithm LZ4
exhibits an extremely high compression speed with a latency of approximately 0.02 ms. Ma-
ture algorithms such as ZSTD, Chimp, and ALP also demonstrate high compression speeds,
with latencies around 0.5 ms. The BUFF algorithm requires slightly more time, yet remains
efficient at approximately 2.2 ms. The Arima-RQ, pre-compression algorithm proposed in
this paper also shows superior computational efficiency, with an average execution time of
only about 7 ms, proving its feasibility as a lightweight preprocessing layer.
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However, the second-stage compression algorithm based on reinforcement learning
exhibits a total execution latency of approximately 674.6 ms (IP2). Notably, approximately
197.7 ms of this initial overhead is concentrated in the phase of initializing the Q-table
by exhaustively traversing the first data segment. Once the algorithm enters the stable
operational phase, it only needs to perform lightweight action selection and real-time
Q-table updates, which significantly reduces the average processing latency per segment
to approximately 8.1 ms. This implies that as the scale of the processed data continues to
increase, the one-time initial setup time will be effectively amortized across the massive
subsequent data segments, causing the overall average latency of the system rapidly
converge to around 8.1 ms. Therefore, from the perspective of long-term operation, the unit
complexity of each algorithm is effectively of the same order of magnitude. The two-stage
compression algorithm proposed in this paper achieves significant compression gains
without introducing unacceptable computational overhead.

Table 4. Compression times for multiple algorithms (milliseconds).

Dataset Lz4 Zstd Chimp Alp Buff QL-Based Arima-RQ Proposed
IP1 0.024 0.262 0.386 0.667 2212 622.121 7.074 629.195
P2 0.021 0.142 0.335 0.605 2.167 674.551 7.054 681.605
1P3 0.019 0.189 0.364 0.513 2.142 537.812 7.218 545.020
P4 0.024 0.131 0.408 0.639 2.454 618.995 7.213 626.208
IP5 0.021 0.128 0.451 0.678 2.598 656.224 7.656 663.879
IP6 0.659 0.510 0.387 0.622 2.654 642.499 7.458 649.949

5.5. Reconstruction Performance

To evaluate the reconstruction performance, Figure 8 presents a comparison between
the original telecommunication data and the reconstructed data. The results demonstrate
that the reconstructed curve (orange dashed line) maintains a high degree of consistency
with the original data (blue solid line) in terms of overall trends.

Original Data
Reconstructed

Data Value

0 1000 2000 3000 4000
Data Index

Figure 8. Global view of reconstruction performance.

To further verify the local precision, Figure 9 extracts and magnifies a sequence
of 100 consecutive data points from index 2130 to 2230. Observations indicate that the
reconstruction algorithm is capable of accurately capturing the data fluctuations.
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Figure 9. Local detail view of reconstruction performance.

Beyond visual inspection, we employ Signal-to-Noise Ratio (SNR) and Root Mean
Square Error (RMSE) to quantitatively assess the reconstruction accuracy. The SNR is
defined as follows:

AL
Yty (xi — %)
where x; denotes the original value, £; represents the reconstructed value, and N signifies
the total number of data points. The RMSE is defined as follows:

(33)

Since the value of RMSE is inherently sensitive to the magnitude of the original data,
it is challenging to perform a fair comparison across datasets with different scales. Conse-
quently, we employ the Normalized Root Mean Square Error (NRMSE) by normalizing the
RMSE to yield a dimensionless metric. To better reflect the algorithm’s capability in recon-
structing data with significant fluctuations, we adopt a range-based normalization formula:

NRMSE = — RMSE (34)

Xmax — Xmin
where x4 and x,,;, denote the maximum and minimum values in the original sequence,
respectively.

Table 5 summarizes the reconstruction performance of the proposed algorithm across
multiple datasets. Experimental results demonstrate that our algorithm achieves an av-
erage SNR of up to 89 dB, with the NRMSE consistently remaining at the order of 107°.
These findings verify that our algorithm maintains significant reconstruction precision and
numerical stability while achieving substantial data compression.

Table 5. Reconstruction performance of different datasets.

Dataset SNR NRMSE
1P1 88.32 0.002733%
P2 89.4 0.002167%
1P3 84.89 0.003849%
1P4 86.4 0.002418%
1IP5 92.62 0.001730%
1P6 80.53 0.002589%

Mirroring the compression stage, we adopt unit complexity as the benchmark to
prevent the total computational overhead from growing infinitely over time. We assume
that k data segments, each of length 1, are generated within a fixed time interval. During
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the first stage of reconstruction, the system re-allocates the bitstream to its original positions
based on recorded masks. Although the input consists of a binary bitstream, the process
essentially involves sequential parsing and constant-time memory addressing for each
target data point. Given that the bit-length per compressed sample is finite and bounded,
the total number of bit-level operations remains linearly proportional to the original data
volume. Thus, the unit complexity for this stage is O(k * n).

The second stage of reconstruction comprises inverse quantization and ARIMA restora-
tion. During inverse quantization, a point-wise multiplication is performed on the parsed
values to restore the data scale, yielding a complexity of O(k * n). In the ARIMA recon-
struction, the transmitted coefficients are used to restore residuals through point-to-point
predictive calculations, which also maintains a complexity of O(k * nn). Consequently,
the total unit complexity of reconstruction is the summation of these linear stages, de-
noted as O(k * n). The reconstruction complexity per unit time is consistent with the
other algorithms.

When evaluating the comprehensive performance of compression algorithms, decom-
pression efficiency is a key metric for assessing their practical value in real-time analytics
scenarios. From Table 6, compared with the compression stage, our proposed algorithm
demonstrates a significant performance advantage during decompression. Experimen-
tal results indicate that the second-stage compression algorithm based on reinforcement
learning, as it no longer involves complex processes such as policy updates during de-
compression, substantially reduces its time consumption to approximately 1.5 ms. The
first-stage pre-compression algorithm also maintains high stability during decompression,
with an average time consumption of around 3.7 ms. The overall average decompression
time of the proposed two-stage algorithm remains stable at about 5.5 ms. These results
suggest that while achieving high compression gains, the proposed algorithm controls
the computational overhead of data reconstruction within the millisecond-level range,
demonstrating strong practical feasibility.

Table 6. Decompression times for multiple algorithms (milliseconds).

Dataset Lz4 Zstd Chimp Alp Buff QL-Based  Arima-RQ Proposed
IP1 0.015 0.789 0.136 0.354 0.07 1.554 3.810 5.364
P2 0.014 0.044 0.118 0.315 0.067 1.495 3.830 5.325
IP3 0.014 0.032 0.160 0.276 0.067 1.404 3.718 5.114
IP4 0.024 0.035 0.156 0.408 0.075 1.728 3.843 5.568
IP5 0.011 0.038 0.169 0.363 0.096 1.328 3.659 5.295
IP6 0.009 0.039 0.145 0.318 0.081 1.527 3.525 5.042

6. Conclusions

To achieve efficient compression of time-series data while dynamically tracking pat-
tern changes, we propose a unified two-stage time-series compression algorithm. In the
first stage, residual modeling and adaptive quantization via ARIMA models enhance data
compression suitability. The second stage employs a reinforcement learning-based chunk
optimization strategy, leveraging continuously updated experience to determine the op-
timal number of blocks per segment. This algorithm achieves a high compression ratio
while significantly reducing computational overhead. By employing the Upper Confidence
Bound (UCB) algorithm to balance exploration and exploitation, we ensure more precise
reward estimation while effectively tracking evolving data patterns. Experimental results
demonstrate that this algorithm achieves superior compression rates compared to main-
stream compression algorithms (LZ4, ZSTD, Chimp, ALP, BUFF) across multiple highly
volatile telecom datasets, while also showing clear advantages over using reinforcement

https:/ /doi.org/10.3390/math14050841


https://doi.org/10.3390/math14050841

Mathematics 2026, 14, 841 22 of 23

learning or quantization alone. Complexity analysis and compression efficiency analysis
further confirm that this algorithm achieves high compression ratios and high reconstruc-
tion accuracy without significantly increasing computational overhead. In summary, this
algorithm strikes a good balance between high compression efficiency and low computa-
tional cost, demonstrating application potential for processing large-scale time-series data.
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