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Abstract

Real-time streaming systems face persistent memory pressure as continuous data ingestion drives unbounded
growth in hot-tier storage. Existing Information Lifecycle Management (ILM) frameworks have been applied
primarily to enterprise archival contexts and have not been evaluated within containerized streaming pipelines
that employ multi-tier in-memory architectures. This paper presents a lightweight, policy-driven ILM mechanism
integrated into a Kafka—Apache Flink pipeline with a three-tier storage model comprising MongoDB (hot-tier),
TimescaleDB (warm-tier), and Parquet files (cold-tier). An asynchronous sweeper thread migrates records between
tiers according to configurable time thresholds and , preventing hot-tier saturation without disrupting stream
processing. Five experiments were conducted to evaluate memory efficiency, tier retrieval latency, threshold
sensitivity, scalability, and extended lifecycle behavior. The results demonstrate that ILM reduces MongoDB
peak memory usage by 81% (from 106.96 + 1.63 MB to 20.28 + 1.81 MB, p < 0.001) while Flink throughput
and processing latency remain unaffected. Memory bounds hold stably across ingestion rates from 200 to 1,000
messages per second. An extended 90-minute run validates correct three-tier lifecycle operation, with MongoDB
remaining bounded, TimescaleDB absorbing 2.28 million warm records, and Parquet accumulating cold archives.
These findings confirm that effective, low-overhead ILM can be achieved in containerized real-time pipelines using
only native database capabilities and file system operations.
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Introduction

In the current era of digital transformation, data has become the core of enterprise development
and strategic competition [1]. The explosive growth of data traffic, driven by IoT sensors, social
networks, and mobile applications, is estimated to double every two years, with global volumes
projected to reach 221.2 ZB by 2026 [1-3]. As these numbers grow, traditional data management
approaches have begun to show significant performance degradation. This challenge has triggered
the development of Information Lifecycle Management (ILM), a comprehensive methodological
strategy that reduces inefficiencies and optimizes data management by strategically aligning
information resources with crucial business objectives and operational requirements.

As data expands in volume, velocity, and variety (3V’s), and as extended by to include veracity,
variability, and value, organizations face escalating costs and operational bottlenecks [4]. ILM
has become a critical methodology to address these challenges by systematically managing data
throughout its lifecycle. It ensures that high-value data remains cost-effectively accessible while
redundant or low-value information is eliminated early, thereby improving both efficiency and
governance.
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ILM research has emphasized automation and policy-driven data movement. Govil et al.
highlight that automated lifecycle policies reduce manual intervention and improve productivity by
aligning data storage with business needs [5]. Similarly, Salutina et al. and Ahmad and Rai discuss
how digital transformation and big data frameworks demand advanced ILM strategies to sustain
performance and scalability in dynamic environments [6, 7]. These studies collectively underscore
ILM’s importance in structuring, classifying, and optimizing massive data systems.

Further investigations demonstrate ILM’s versatility across different domains. Wang applied
algorithmic policies such as capacity migration to improve storage utilization, while Shen developed
hierarchical storage layers to balance access speed and cost [8, 9]. In specialized contexts, some
studies extend ILM principles to mission-critical and secure data lake environments, integrating
techniques like anomaly detection and machine learning to enhance lifecycle governance and data
quality [10-12].

By utilizing Hierarchical Storage Management (HSM), organizations grade data based on
utility and migrate it across tiers: the hot tier holds frequently accessed, time-sensitive data in high-
performance storage; the warm tier handles data with decreasing access frequency on mid-tier
devices; and the cold tier provides low-cost, high-capacity archival storage for long-term retention
and regulatory compliance.

Despite this substantial body of work, a critical gap remains: ILM has not been applied to real-
time streaming pipelines in which hot-tier in-memory stores face rapid saturation under continuous
message ingestion. In such systems, data arrives at high frequency, and the absence of automated
lifecycle policies causes in-memory databases to grow unboundedly, eventually exhausting available
resources. Existing ILM frameworks are designed for batch-oriented or enterprise environments
and do not address the asynchronous, low-latency requirements of streaming architectures. This gap
motivates our study, which introduces a lightweight, container-native ILM mechanism for a Kafka—
Apache Flink streaming pipeline with a three-tier storage hierarchy.

Materials and methods

System Architecture

The proposed system is a fully containerized streaming pipeline that combines data ingestion,
real-time processing, tiered storage, and lifecycle management within a single Docker Compose
deployment. The architecture comprises four functional layers: ingestion, processing, storage, and
analytics, as shown in Figure 1.
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Figure 1 — High-level architecture of the proposed ILM-driven streaming pipeline
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The ingestion layer consists of a Python-based Kafka producer that streams synthetically
generated records at a configurable message rate (default 300 msg/s). The processing layer employs
Apache Flink, which consumes messages from Kafka and routes each record to the appropriate
storage tier based on its age. The storage layer implements a three-tier hierarchy: MongoDB (hot
tier) holds recently ingested records requiring low-latency access, TimescaleDB (warm tier) stores
records that have aged beyond , and Parquet files on disk (cold tier) serve as long-term archives for
records exceeding T_cold. The analytics layer monitors memory usage, throughput, and latency via
Prometheus and a background metrics exporter.

Apache Kafka

Apache Kafka (Confluent Platform 7.2.1) serves as the message ingestion buffer. Built on an
append-only distributed log architecture, Kafka provides reliable message persistence, ordered
delivery within partitions, and the ability to replay messages from any offset [13]. In the proposed
system, a single Kafka topic receives streaming metadata from the Python producer. Katka decouples
the producer from the downstream Flink consumer, absorbing bursts in ingestion rate without
backpressure propagation.

Apache Flink

Apache Flink (version 1.17) serves as the stream processing engine. Flink implements a unified
dataflow model that treats both streaming and batch workloads as pipelined, fault-tolerant dataflows
[14]. Unlike micro-batch systems, Flink processes records as a true continuous stream, enabling
consistently low processing latency. Flink’s stateful operators, native Kafka source connector, and
exactly-once delivery semantics make it suitable for the ILM classification task, which requires
correct record routing even in the presence of processing failures [15]. The Flink job reads records
from Kafka, attaches an insertion timestamp to each message, applies the ILM classification tag, and
writes the record to MongoDB.

MongoDB

MongoDB (version 6.0) functions as the hot-tier store. As a document-oriented NoSQL
database, MongoDB stores records as BSON documents in memory-mapped collections, enabling
sub-millisecond read and write operations for recently ingested data. Each record is keyed by a
composite identifier derived from the record id field and ingestion timestamp, enabling efficient age-
based queries during sweeper cycles. Memory consumption is tracked using the serverStatus.mem.
resident counter sampled at one-second intervals.

TimescaleDB

TimescaleDB (version 2.11 on PostgreSQL 15) serves as the warm-tier store. Its time-series
hypertable architecture automatically partitions data into fixed-interval chunks, ensuring that recent
data remains in memory while older chunks are accessed from disk [ 16]. This design provides efficient
insertion and range-query performance on time-ordered records. The hypertable is partitioned on the
record insertion timestamp at one-hour intervals, matching the threshold used in the experiments.

Apache Parquet

Parquet files on a local Docker volume function as the cold tier. Apache Parquet is a columnar
storage format that provides high compression ratios through column-level encoding and predicate
pushdown during batch scans [17]. Records are serialized as gzip-compressed Parquet files organized
by a timestamp-based directory hierarchy (year/month/day/hour). Parquet imposes no ongoing
memory cost, requires no running database process, and is natively supported by major batch
processing frameworks.

ILM Mechanism

The ILM mechanism classifies each record based on its age relative to two configurable
thresholds: the hot threshold and the cold threshold . A record written to MongoDB at insertion time
is eligible for warm-tier migration at time t when the following condition is satisfied:

t— t) > Ty (1)
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Similarly, a record stored in TimescaleDB at time becomes eligible for cold archiving when:

t — tj = Teold (2)

Anasynchronous sweeper thread executes Algorithm 1 at a fixed interval of 60 seconds throughout
each experimental run. The sweeper operates entirely independently of the Flink processing job,
introducing no latency on the critical stream processing path.

Algorithm 1: ILM Sweeper Thread

Algorithm 1 LM Sweeper Thread

Require: 7o, Teold, Sweep_interval = 6 s
Ensure: Migrated records across hot — warm — cold tiers

o repeat
by current Unix timestamp
{Hot — Warm migration }
Ejoe + query MongoDB WHERE (#,,.0 — 1) = Thee
if Epe # 0 then
bulk insert Ej.; INTO TimescaleDB
delete Fy. FROM MongoDB
end if
{Warm — Cold migration }
Ecota + query TimescaleDB WHERE (5. — t) =
Teald
if Fooia # 0 then
(1] serialize F.q4 —+ Parquet file (gzip, timestamp-
partitioned )
i delete F..;0 FROM TimescaleDB
o end if
@ sleepisweep_interval)
i until pipeline stopped =0
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=

Figure 2 illustrates the characteristic sawtooth pattern produced by the sweeper cycle: memory
rises as new records accumulate in MongoDB between sweeps, then drops sharply when the sweeper
migrates eligible records to TimescaleDB.
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Figure 2 — Sweeper cycle effect on MongoDB memory
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Each Kafka message is a JSON payload containing four fields: a unique record identifier, a Unix
epoch timestamp added at ingestion time, a random floating-point value, and a categorical label. The
Unix epoch timestamp serves as the lifecycle clock for all ILM age calculations.

Table 1 — Fields of a Kafka message

Field Example Value
record id 3f7a2c1d-9e4b-4alf-b8c2-0d5e6{7a8b9¢c
timestamp 1747498811.13
value 0.7342891
category analytics

Experimental Setup

All experiments were conducted on a Lenovo Yoga Slim 7 Pro 14ACHS equipped with an AMD
Ryzen 7 5000-series processor (8 cores, up to 4.4 GHz), 16 GB of RAM, and a 1 TB NVMe solid-
state drive. The host operating system is Windows 11 with Docker Desktop (version 4.40.0) and
WSL2 integration. All pipeline components — Kafka, Flink, MongoDB, TimescaleDB, and the [LM
sweeper — run inside Docker containers on an Ubuntu-based backend. Python 3.11 was used for the
Kafka producer and ILM sweeper scripts.

Table 2 summarizes the five experimental configurations. Experiments 1 and 1 _1 evaluate the
core ILM memory benefit under standard and extended run conditions respectively. Experiment 2
quantifies cross-tier retrieval latency. Experiment 3 examines sensitivity to the t_hot threshold, and
Experiment 4 assesses scalability under varying ingestion rates.

Table 2 — Experimental settings summary

Parameter Exp. 1 Exp. 2 Exp. 3 Exp. 4 Exp.1 1
Duration 30 min 30 min 20 min 20 min 90 min
Repetitions 5 5 Spert 5 per rate 1
Rate (msg/s) 300 300 300 200/500/1000 300
T_hot 300 s 300 s 60/180/300/600 s 300 s 300 s
T_cold 3600 s 3600 s 3600 s 3600 s 2700 s
Sweeper ON/OFF ON ON ON ON
Statistics Paired t-test mean + std | mean =+ std mean + std Descriptive

Evaluation Metrics
Four metrics are used to evaluate ILM performance:
¢ MongoDB Peak Memory (MB) is the maximum resident memory consumed by MongoDB,
measured via the serverStatus.mem.resident counter, quantifying the effectiveness of hot-tier memory

offloading.

¢ Flink Throughput (rps) is the number of records processed per second by the Flink job,
confirming that ILM introduces no overhead on the stream processing path.
¢ Flink Processing Latency (p95, ms) is the 95th percentile of per-record processing time,

assessing tail latency behavior.

¢ Tier Retrieval Latency (ms) is the end-to-end query response time when fetching a single
record from each storage tier, characterizing the speed-cost tradeoff of the three-tier architecture.
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Results and discussion

Experiment 1: Baseline vs. ILM

Experiment 1 compares two configurations at 300 msg/s over 30 minutes: a baseline condition
in which the ILM sweeper is disabled and MongoDB retains all records indefinitely, and an ILM-
enabled condition in which the sweeper migrates records older than = 300 s to TimescaleDB. Five
independent runs were conducted per condition and a paired t-test was applied to peak MongoDB
memory measurements.

As can be seen in Table 3, MongoDB memory grew linearly, with no upper bound, from
approximately 2.8 MB att =0 to 106.96 = 1.63 MB at t = 1,800 s when ILM was disabled. During
the initial warm-up, memory with ILM enabled reached about 20 MB, and for the next 25 minutes,
it fluctuated between 18 and 22 MB. The memory trajectories for every run in both scenarios are
displayed in Fig. 3. All three key measurements are shown in parallel with error bars in Figure 4.

Table 3 — Experiment 1: Baseline vs. ILM results

Metric No ILM With ILM Effect
MongoDB Memory (MB) 106.96 £ 1.63 20.28 £ 1.81 81% reduction (5.3%)
Flink Throughput (rps) 467 +3.1 471+ 74 No impact
Flink Latency p95 (ms) 1.0 1.0 No impact
p-value (t-test) — — p =0.000058

m— Mo ILM (mean)
[y == ILM {mean}

20 4
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MongoDB Memory Usage (MB)

0 4
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Figure 3 — MongoDB memory usage over 30 minutes

The 81% memory reduction (5.3x improvement) is statistically highly significant (p = 0.000058,
far below o = 0.05). The low standard deviations (+1.63 and £1.81 MB) confirm high reproducibility
across five independent runs. Flink throughput remained virtually identical between conditions (467
vs. 471 rps) and p95 latency was unchanged at 1.0 ms, confirming that the ILM sweeper thread runs
with negligible interference to the Flink stream processing job.

Experiment 2: Three-Tier Retrieval Latency

Experiment 2 measures the end-to-end query latency of retrieving a single record from each
storage tier during a 30-minute run with all tiers active. A query agent issues one retrieval request per
tier every five minutes.
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Figure 4 — Experiment 1 summary: key metrics with error bars

Results can be seen in Table 4 and Figure 5. MongoDB (hot tier) delivered queries with a mean
latency of 28.9 £+ 10.1 ms. TimescaleDB (warm tier) exhibited a mean latency of 677.5 + 84.9 ms;
this figure includes Docker exec overhead and should be interpreted as end-to-end access latency
rather than raw database query time. The order-of-magnitude difference between hot and warm
tiers is consistent with the access-cost tradeoff inherent in tiered storage. Cold-tier latency was not
measured in this experiment as was not reached within the 30-minute window; cold-tier behavior is
validated in Experiment 1_1.

Table 4 — Experiment 2: Tier retrieval latency

Tier Mean Latency (ms) Std (ms)
Hot (MongoDB) 28.9 +10.1
Warm (TimescaleDB) 677.5 +84.9
sun
Tier
700 4 B Hot
B Warm
600 - B Cold
£ 500
z
g
= 400
‘S 300 -
=
200 -
100 5
0- :
hot warm cold

Storage Tier

Figure 5 — Experiment 2: retrieval latency by storage tier
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Experiment 3: Threshold Sensitivity

Experiment 3 investigates the effect of varying on MongoDB memory usage and hot-tier retrieval
latency at 300 msg/s. Four threshold values — 60 s, 180 s, 300 s, and 600 s — were each tested over
five independent 20-minute runs.

Table 5 and Figure 6 demonstrate that hot-tier latency (26.5-28.1 ms) and MongoDB memory
(17.91-18.58 MB) remained almost constant across all threshold settings. There was no apparent
statistically significant difference. This robustness results from the sweeper’s ability to keep up with all
arrival rates at 300 msg/s, independent of threshold selection, simplifying operational configuration.

Table 5 — Experiment 3: Threshold sensitivity results

T_hot (s) MongoDB Memory (MB) Hot Latency (ms)

60 18.46 £ 5.39 27.1+11.5
180 18.58 +£5.49 28.1+£11.6
300 18.14 +£5.28 27.7+82
600 17.91 £5.29 26.5+9.0

14 —8— MongoDB Memory (MB) 0

—t— Hot Latency (njsk T

20 *

- T T r 4 r  § I

100 200 E1 400 SO0 00

Het Threshold 1 (seconds)
Figure 6 — Experiment 3: Threshold Sensitivity — Memory vs Latency

Experiment 4: Scalability

Experiment 4 evaluates ILM behavior across ingestion rates of 200, 500, and 1,000 msg/s over
20-minute runs with =300 s. MongoDB memory remained constant at about 20 MB at all three rates,
as seen in Table 6 and Figure 7. Flink throughput increased with ingestion rate (444—458 rps) while
p95 latency stayed at 1.0 ms. The decreased standard deviation in MongoDB memory at increasing
rates (£1.29 — +0.42 MB) indicates that the hot-tier working set is more reliably stabilized under
heavier loads when sweeping occurs more frequently.

Table 6 — Experiment 4: Scalability results

Rate (msg/s) MongoDB Memory (MB) Flink Throughput (rps) Latency p95 (ms)
200 20.62 +1.29 444 +£0.2 1.0
500 21.00 +0.86 452 £ 11.1 1.0
1000 20.75+0.42 458 +2.2 1.0
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Figure 7 — Experiment 4: scalability across ingestion rates

Experiment 1_1: Extended 90-Minute Validation

Experiment 1 1 was a single 90-minute run at 300 msg/s with = 300 s and a reduced = 2,700 s
(45 minutes), designed to activate all three storage tiers within the run duration.

The two-panel result is shown in Fig. 8. For the duration of the 90-minute run, MongoDB hot-
tier memory remained bounded at approximately 20 MB. Records were accumulated linearly by
TimescaleDB until t = 60 minutes, at which point initiated cold migration. As records started to flow
into Parquet, the warm tier stabilized. At t = 60 minutes, the first Parquet file appeared, and at the end
of the run, there were two files. Over the course of the run, TimescaleDB received 2.28 million warm
records. These findings validate proper end-to-end three-tier lifecycle functioning under continuous,

prolonged ingestion.

= MongelH (hot) memory (ME)

a3 Momory ( ME)

Along

e T o

=] -t - ==r TimescaleVB (warm} krows
- h sow s Prngeet (cold) fles

P { rEnuies)

Figure 8 — Experiment 1_1: 90-minute extended run
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All five experiments’ findings indicate that the proposed ILM system maintains stable stream
processing performance, correctly controls the entire three-tier data lifecycle under both short and
extended workloads, and achieves stable bounded hot-tier memory regardless of ingestion rate or
threshold configuration.

Conclusion

This study presents and evaluates a lightweight, policy-driven Information Lifecycle Management
mechanism for containerized real-time streaming pipelines built on Apache Katka and Apache
Flink with a three-tier storage architecture comprising MongoDB, TimescaleDB, and Parquet.
The experimental results demonstrate that [ILM reduces MongoDB hot-tier peak memory usage by
81% — from 106.96 + 1.63 MB to 20.28 + 1.81 MB — with a statistically highly significant effect
(p=10.000058) and no measurable impact on Flink throughput or processing latency. Memory bounds
remain stable across ingestion rates from 200 to 1,000 messages per second, confirming the scalability
of the approach. An extended 90-minute run validates correct three-tier lifecycle operation, with
TimescaleDB absorbing 2.28 million warm records and Parquet successfully receiving cold archives.

The system achieves these results using only native database operations and file system primitives,
requiring no external orchestration frameworks or specialized hardware, making it immediately
deployable in resource-constrained containerized environments.

This study has several limitations. Experiments were conducted on a single laptop rather than
a distributed cluster, and performance characteristics may differ at larger deployment scales. The
synthetic workload uses a fixed schema with uniform record sizes, which may not reflect real-world
data variability. Additionally, the sweeper interval is fixed at 60 seconds rather than dynamically
adapted to ingestion rate.

Future work will investigate adaptive threshold scheduling driven by real-time ingestion rate
feedback, integration with cloud object storage (Amazon S3, Google Cloud Storage) as the cold
tier, and machine learning techniques for predicting optimal record lifetimes from historical access
patterns.
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KAFKA-FLINK KOHTEMHEPJIEHTEH AFBIHIBIK )KYFIEJIE]:IHI[E
HOT-TIER KAJABIH BACKAPYFA APHAJIFAH YL AEHT'EUJII
AKITAPAT OMIPJIK HUKJIBIH BACKAPY MEXAHU3MI

AnjiaTna

HaxkTel yakpITTaFel aFbIHABIK JKYHENep Y3MIKCi3 epeKTep aFbIHBIHBIH OCCPIHCH JKaJKa TYPaKThI KYKTEMeTe
ymieIpaiiner, 6y hot-tier cakray KaOaTBIHBIH IIEKCi3 ©CyiHe oKelemdi. AKMapaTTBIH OMIpIiK HUKIiH Oackapy
(Information Lifecycle Management, ILM) Tocinaepi HeTi3iHEH KOPIIOPATUBTIK AapXWBTEY >KylenepiHae
KOJIZIAHBLIFaH JKOHE KOIIACHI STl YKa 1 apXUTEKTYPACKIH A 1alaHaThIH KOHTCHHEPJICHICH aF bIH/IBIK Al IaitHIapaa
JKETKUTIKTI JieHreine 3eprrenmMere. byt sxymbicTa casicatka HerizaenreH skeHia ILM MexaHn3Mi yChIHBUIAbL, OJ1
Kafka—Apache Flink maiimraliHpiHa €HT13UITCH jKOHE YIII ICHT eIl cakTay Mojelnin Kamtuasl: MongoDB (hot-tier),
TimescaleDB (warm-tier) >xoHe Parquet daiinnaps! (cold-tier). AcuHXpoH/IBI Ta3anaymibl arbiH (sweeper thread)
»a30amapapl T_hot xoHe T_cold yakpIT eKTepiHe colikec AeHrelep apachlHa )KBUDKBITAIBI, OChIIANIIA aFbIH/IBIK
eHeyni Oy30aii, hot-tier Tompm keTyin OonmpipMmaiasl. JKan THIMAUTITIH, OeHTelnep OONBIHIIA aepeKTepre Ko
JKETKI3Y Ki/IipiCiH, IIEKTepre Ce31MTalIIBIKThI, MACIITa0TaIy bl XKOHE Y3aK MeP3iMJIi )KYMbIC TOPTIOiH Oaraay YIiH
Oec skcnepuMeHT kypriziai. Hotmxenep ILM komgany MongoDB »xajpiH eH jKorapbl AeHreiie naiiananyabt
81%-ra azaiitarsiHbH KopceTTi (106.96 + 1.63 Mb-tan 20.28 + 1.81 Mb-ka neiiin, p < 0.001), 6yn perre Flink
JKYHECIHIH OTKi3y KabieTi MeH eHJey Kifmipici e3repicciz Kamaabl. JKan mekreynepi cekyHaeiaa 200-ger 1000-
Fa JeifiH xabapiama >KbUIIaMIBIFBIHIA TYPAKTHI caKTanagbl. 90 MUHYTTHIK KOCBIMINIA SKCIICPUMEHT YII ACHT Ul
OMIpITiK IUKJIIIH AYpPBIC KYMBIC iCTeHTIHIH monmenaeini: MongoDB TypakTsl mekTe Kanaabl, TimescaleDB 2.28
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MWIIHOH warm-tier »ka30achlH JKHHAKTaibl, an Parquet cold-tier apXuBiH KaubITacThIpaibl. byl HOTHKEIEp
HaKThI yaKbITTaFbl KOHTEHHEPJICHI'€H aFbIH/IBIK XKYHelep e 1epeKTep/IiH OMipIIiK UKIIH THIM/I )KOHE a3 IIbIFBIHMEH
Oackapy TeK JIepeKKOpJapAbIH iIIKi MYMKIHIIKTepi MeH (aiyiablK Kyle onepanusiapblH IaifanaHy apKbLIbl
JKY3€ere achlpblIaTBIHBIH KOPCETE/I].

Tyiiin ce3mep: axmaparTeiH emipiik nukiiH Oackapy (ILM), Apache Katka, Apache Flink, MongoDB,
TimescaleDB, HaKTBI yaKbITTaFbI aFBIHABIK OHICY, KaATHl OHTAWIAHIBIPY, KOIACHICHIl caKTay, KOHTCHHEPICHICH
nanTuTaifHaap, IepeKTep i apXUBTEY.

'OnaeBa A.E.,
maructp, ORCID ID: 0009-0004-4379-1065,
e-mail: al onayeva@kbtu.kz

'KazaxcTaHcko-BpuTaHCKHIT TEXHHUECKUI YHUBEPCHUTET, I. AsMathl, KazaxcTan

TPEXYPOBHEBBI MEXAHUW3M YIIPABJIEHUSA ) KU3HEHHBIM IUKJIOM
WHO®OPMAIUNA NJIA KOHTPOJIA HAMATHU 'OPAYEI'O YPOBHS
B KOHTEMHEPU30OBAHHBIX CTPUMUHI-ITAUIITIAMHAX KAFKA-FLINK

AHHOTALUA

CucteMbl TOTOKOBOM 00paOOTKH B peaIbHOM BPEMEHH CTAIKUBAIOTCS C IOCTOSHHOM HAarpy3Koil Ha TaMsATh, HO-
CKOJIbKY HEIPEPBIBHOE MOCTYTIJIEHHE JaHHBIX IPUBOANUT K HEOTPAaHMUEHHOMY POCTY XPaHWUJIMIIA TOPSAYEr0 YPOBHSI.
CyuiecTByloIMe MOAXObI YIPABICHUS KU3HEHHBIM KoM nHpopmanuu (Information Lifecycle Management,
ILM) B OCHOBHOM NMPHUMEHSIIMCH B KOPIIOPATUBHBIX CHCTEMaX apXMBUPOBAHMS M HE ObLIIM UCCIIEIOBAHbI B KOHTEK-
CTe KOHTEHHEPU30BAHHBIX CTPUMMHIOBBIX MANWIUIAiHOB, UCTOJIB3YIOIIUX MHOTOYPOBHEBBIE apXUTEKTYphl XpaHe-
HUS B MaMATH. B maHHO# paboTe mpencTaBieH JIerkui Mexanu3M [LM, ympaBiseMbli TOUTHKAMA U WHTETPUPO-
BaHHBIN B maittuiaitn Kafka—Apache Flink ¢ TpexypoBreBoii Mmonensto xpanenus: MongoDB (ropstauii ypoBeHs),
TimescaleDB (tembiii ypoBeHb) U ¢aiinbl Parquet (X0IOIHBIN YPOBEHDb). ACHHXPOHHBIN IMOTOK OYHCTKU (Sweeper
thread) nepemeniaer 3anucu MeXJy YPOBHSIMH B COOTBETCTBHH C HACTPaMBAaCMbIMU BPEMEHHBIMH IIOPOTaMH H ,
NpeoTBpAIas IIepPeroHEHHE TOPSIYero YpoBHs Oe3 HapylIeHHUs! IIOTOKOBOH 00paboTku. Bbulo mpoBeneHo msth
9KCTIEPUMEHTOB JUISI OLEHKH 3P (PEKTHBHOCTH MCIOIB30BAHMS MTAMSTH, 33I€PXKKH JOCTYIA K JAHHBIM MO YPOBHSIM,
YYBCTBUTEIHHOCTH K ITOPOTOBBIM 3HAUYCHHSM, MACIITAOMPYEMOCTH 1 TOBEJICHNS TIPU JITUTEIILHOMN 3KCIUTyaTaIH.
Pe3zynbrarsl mokaspIBatoT, uTO MpuMeHeHne ILM cHmxaeT nukoBoe ucnonab3oBanne mamsatd MongoDB na 81% (c
106.96 + 1.63 Mb mo0 20.28 + 1.81 Mb, p < 0.001), npu 3ToM mpomycKHas cltocOOHOCTH U 3ajieprKka 00paboTKH B
Flink ocratorcst Hem3MeHHbIMU. OTrpaHHYEHUS 10 MaMSITH CTaOMIIbHO COOIIOAAIOTCS TIPH CKOPOCTH TIOCTYIIIICHUS
naaHbIX o1 200 1o 1000 coobuiennit B cexyHy. JJONONHUTENBHBIN SKCIIEPUMEHT MPOJOIIKUTENLHOCTBI0 90 Mu-
HYT TOATBEP)KAAET KOPPEKTHYIO pabOTy TPEXypOBHEBOTO KM3HEHHOTO IuKia: MongoDB ocraercs B 3amaHHBIX
npenenax, TimescaleDB akkymymupyet 2.28 MUIITHOHA 3aMicei TeTioro ypoBHs, a Parquet popmupyeT XomoqHbri
apxuB. [lomydeHHbIE pe3yabTaThl MOATBEPXKAAIOT, YTO 3(GPEKTUBHOE W MAl03aTPaTHOE YHPABICHHE KU3HEHHBIM
IIMKJIOM JIaHHBIX BO3MOXKHO B KOHTEHHEPHU30BaHHBIX CHCTEMaX MOTOKOBOH 00pabOTKH B PealbHOM BPEMEHH C HC-
MOJIb30BaHUEM TOJILKO BCTPOCHHBIX BOBMOXKHOCTEH 0a3 IaHHBIX M onepanuii (haitioBoii CHCTEMBI.

KaioueBble cjoBa: ynpasieHue >Ku3HeHHbIM IMkiIoM uHpopmaruu (ILM), Apache Kafka, Apache Flink,

MongoDB, TimescaleDB, morokoBass 00paboTka B pealbHOM BPEMEHH, ONITUMU3AIHS MaMSITH, MHOTOYPOBHEBOE
XpaHEHUE, KOHTEHHEPU30BaHHbIE TAHIUIAHbI, apXUBUPOBAHUE JaHHBIX.
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