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[Abstract]

Large-scale services widely use distributed pipelines for real-time log processing. However, default
buffering policies, although intended to protect system resources, can create bottlenecks that degrade
real-time performance. This study constructed a large-scale distributed load environment and tracked
end-to-end latency from log generation to final data warehouse loading at the millisecond level.
Experiments were conducted across a five-stage optimization scenario by adjusting buffer sizes, wait times,
and scan intervals. The results show that a low-latency configuration can reduce explicit buffering delay,
but may increase packet-level overhead and degrade throughput. In contrast, the proposed hybrid
configuration does not aim for absolute optimality in a single metric; instead, it applies cross-layer tuning
to mitigate ingestion-layer traffic variability while minimizing downstream transmission delays. Under the
evaluated conditions, the hybrid configuration achieved the lowest P95 latency, prevented pipeline collapse

in micro-batch environments, and maintained throughput exceeding approximately 300 events per second.
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I. Introduction
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II. Related works
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III. Data Pipeline Overview and
Component Analysis
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Fig. 1. Overall Architecture of the Data Pipeline

2 AP 2t AFe sk FEAR QEAA
WAl Rl BE AXUES At 7t 2n
YEo] ojgm} Alel - Chga) g,

MA, Traffic Distribution Layeret Application
Server Layer= 77t Nginx®} Flask@ tdisteich
Nginx= ZeololE @42 S4lsto] St ofZejo]y
ME 2 FAFsh= 2J#A = A|(Reverse Proxy) 2 4 Al
Ho]t{ Flask= Python 7]§te] & <l ofjE27lo]Ad =
Aot} o] &2 A A Mu]a oA M
HHAO g AREEE 2HA mEAIQF offE2]A o] AH
AlZolc} Nginx9] 4 2771 o 7]¥to2 7]2g]of
[52t0] A5 Aol mEAolH TR T
o] EfJARIRS 20 A1 7YY 4 Qlof molmatel
A Az s &AT 4 ok s TEA
o] AZ2 dad 27| st Al AZ A s 9
5 J &= AR5, & AtollA s orolzetel
O] AJAPOJAL E2E R AIRF 579 71& AlZ= Alsst
L Aoz o

2} ofiE2jAlold A 5HH2] Log Collection Agent+
Filebeat2 1315}9iC} Filebeat®= 7 AWHo] AX|E=
B olo|dEZ HATo] 7|5 27 mdS AAREIS
2 dxJste 39 Agez Agetct. T utojyg] 7|8t
02 ujms} 7HESHL 2laA ALRato] Woul, mal 7]ut
27 27 9hAlat Elastic Stackdto] =2 HzAdoz o]

o o] S8E A5 1Y A% 2710t HjA] A4 2



End-to-End Latency Optimization and Resource Trade-off Analysis in Large-Scale Real-Time Data Pipelines 15

Table 1. Overview of Key Configuration Parameters for Each Pipeline Component
Component Parameter Description Default Value
Flask logging format Structured log format with timestamps for pipeline tracing. Multi-line JSON
multiline Combines multi-line JSON logs into a single event. Enabled
scan_frequency Interval for scanning log files for new entries. 10 sec
close_inactive Time before closing an inactive file handle. 5 min
Filebeat gueue.mem.flush.min_events | Minimum queued events before flushing downstream. 2048 events
queue.mem.flush.timeout Maximum wait time before forcing a flush. 1 sec
output.logstash.bulk_max_size | Maximum events sent in a single batch to Logstash. 2048 events
output.logstash.pipelining Number of concurrent batches in flight to Logstash. 2 batches
Logstash pipeline.batch.size Number of events processed per worker batch. 125 events
pipeline.batch.delay Maximum wait time before processing a partial batch. 50 ms
linger_ms Producer wait time for batching messages before send. 0 ms
Kafka . N 1 (leader
acks Acknowledgment level controlling reliability and throughput. acknowledgment)
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Table 2. Experimental Environment and Software

Specifications

Category Component System Sper.:ification /
Version
Hardware Traffic Generator (X3) |4vCPU, 16GiB, 30GB SSD
Pipeline Node 2vCPU, 8GiB, 10GB SSD
Operating System Ubuntu 22.04 LTS
KakaoCloud Managed
Load Balancer Application Load Balancer
Web Server Nginx 1.18.0, Flask 2.0.1
Software Log Shipper Filebeat 7.17.29
Data Aggregator Logstash 7.17.29
Message Broker Apache Kafka 3.7.1
Stream Processor Apache Spark 3.5.2
Data Warehouse Apache Hive 3.1.3

3. Overall Experimental Architecture
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UES Hol) ©Y mojmefol w-tof Wopx st
t}. o= YEY 3 E(Hop), L& 7t Tjol= Rfo] BAF A

Az A9 5 9% WA AL, 2 AEUEY] o
Ha 2 HjR] AAo] %SEJ 7F ]9 A7to] OjR|= SAsh
Aot Edg Auzolg 3
Y Al(Virtual Machine, VM)o]

& 9ioisich met

_4

djx]sto] S2foldE &£ HES
9] A= jefst Zefe e gl
ElSIPSE Ex}o]a}y] Hr} okl mfo]ga}og rc %}7301]

11:} ESt Spark
40 :a}o]lﬂ T:];q 7]— E}\]

A 2, A4S 6] So| BA AlA AlZ] 4%

ALB

Load Balancer

v

Pipeline Node VM (Single Instance)

Nginx
v
Flask
v
Filebeat
v
Logstash

_.,_,_,_
— —J _J __J

v Publish
Kafka Broker VM

[ Kafka |

* Subscribe
Hadoop Cluster

I Spark Streaming l
v Load
[ Hive I

Fig. 2. Experimental Architecture

4. End-to-End Latency Tracking Mechanism
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Nginx Y& 27 7149} Hive 5% A 7145 v]| w50
SRR 7209 oME 84 ofng elsigion), &
AgloMs B4 it JL7tof|A §ojujst oHIE EFo
WAsHA] S-S HAUsHAT Table 32 AT
End-to-End A A7 —‘?—6]16}0:] iﬂa}t njo| Lz}l

27kS Aojsic}, 7F p7to] o

r

oWy g ERol FUs AbgEct. A
End-to-End A|% AIZFE o2} 67) 77e] S0 ALE
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Table 3. Definition of Pipeline Latency Measurement
Stages

# | Stage Name Description
Naink -> Time from Nginx writing the access log to
1 g disk until Filebeat detects and ingests the
Filebeat ; .
new log entry. Includes file scan interval.
Time spent inside Filebeat for buffering and
) Filebeat |assembling a batch before transmission.
Processing | Governed by flush.min_events and
bulk_max_size.
3 Filebeat -> | Network transfer time for delivering the
Logstash | assembled batch from Filebeat to Logstash.
Time spent inside Logstash for filtering,
Logstash } P 9 . 9
4 Processin parsing, and format transformation.
9 Includes pipeline.batch.delay wait time.
Time for the Logstash output plugin to
Logstash -> 9 put pllg
5 Kafka produce the processed message to the
Kafka broker. Includes linger_ms wait time.
Time from message arrival in Kafka until
Kafka -> .
6 Hive Spark Streaming consumes and loads the
record into the Hive data warehouse.

V. Experimental Scenarios and Results
Analysis

2 7ol A= mholmatel AmAES] M) Hol(Hm 3
7], W] o] AR, Tl A7 %7] S)o] A
Sofl DR e BAsb] 9lsh e serle) A
Al oot 1 AT MR 5Ele] ARl e s A4
2 eole mo|mafelolx A ks chasel A A
w Mg SAG Bl vliLst] 95t 7154 b

siAe 4 2ot Baselined 7|2 wjmg] A,
Zero-Wait Az A& A
Micro-Batching Optimization2 A& vjx] Aol A
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Collection-Layer I/O Control2 £4 A&
o X2k Hybrid Optimization& A= 71 Z:i?} =
it wep 2 At molmalel 2a WA glo] A

Tof| A queue.mem.ﬂush.timeout = Os=
]7 t A|A, output.logstash.pipelining = 02
Logstash 2 mo|zajo]d w|aisle ofojaict,

Table 4. Experimental Scenario Definitions

Scenario Name | Component Parameter Value
. Default
Baseline - All parameters etau
values
multiline Disabled
gueue.mem.flush.min 1
_events
. Filebeat | queue.mem.flushtimeout Os
Zero-Wait
.. output.logstash.bulk_
Transmission . 1
max_size
output.logstash pipelining 0
Logstash pipeline.batch.size 1
9 pipeline.batch.delay Tms
. tput.logstash.bulk
Filebeat :’n“a)‘(’usizeg - 50
Micro-Batching PR -
Obtimization | Logstash pipeline.batch.size 50
P 9 pipeline.batch.delay 5ms
Kafka linger_ms 5ms
jon- . f 1
Collection-Layer Filebeat scan_ .requt.ency Oms
I/0 Control close_inactive m
scan_frequency 10ms
close_inactive Tm
. Filebeat =
Hybrid output.logstash.bulk_ 50
Optimization max_size
Logstash pipeline.batch.size 1
9 pipeline.batch.delay Tms

H A39] mjo]malole Nginx, Filebeat, Logstash,
Kafka, Spark Streaming, Hive?l AlZEZ A%
tandem queue 1A =Z AT 4 Qi 2t AE 9] YA

B2 A, AYIAES w, HIR] O] AR B, AR A2
AREE S, 79 W7l AREE Ak
End-to-End A9 AZhS O3 o] AR 4 Qlt}

Trop = Y (Bi+ Wi+ S), 0=

9] Alo|A 7]E2 HAL = wjx] 27]2} flush timeout
o= Qs B7F £716k= +&0|H, Zero-Wait A7
B,Z 0| tiAl ofIE &9 AL S7t2 g7l »9 7
BIAE AO 7‘%% Z7MA 4R AE0 S8 ME|AE k4

w5 A 0188 071 10 ZieEs
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Fig. 3. Stage—wise End-to—End Latency Breakdown under
the Baseline Configuration
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O]0]sHict,
Table 59} Table 6-& Baseline #7042 A|AE &

A R AElAE 2laa ALRES Uehdd

Table 5. System-wide Resource Utilization under
the Baseline Configuration

Resource Nginx/

Metric Filebeat | Logstash Flask Etc Total
ut”(i:ZF;LtJion 23 | 193 | 52 | 32 | o
(%) (3.6%) | (30.2%) | (8.1%) | (58.1%) ’
Disk write 3.2 2.3 152.0 147.7 3028
rate (kB/s)| (1.1%) | (0.8%) | (50.2%) | (48.8%) )
Network
traffic - - - - 8,303
(pck/s)

Table 52} Table 79] Nginx/Flask &2& 9 A& A
Aol AA AFEFS Qlu|stal Table 63 Table 89
Nginx &= 78 Nginx Z2A|A 7]F0] AFRES 9

oot

Table 6. Per-service Resource Utilization under the
Baseline Configuration

Resource Metric| Filebeat Logstash Nginx
CPU uzlllzatlon 237 19.34 2.68
(%)
Disk write rate
(KBS 0.99 217 78.44
Disk read rate
(kB/s) >88 o1 o7
Cache hit rate 75 68 58.19 20.81
(faults/s)

Al2E AAS] Bt CPU ARG 64% &0l oL,
Table 60]|A] Filebeat?] CPU -85 2.37%°f S5t
C}. BHH Fig. 3oflA= AA| A|A AIZH] oF 60%7} Filebeat
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20| CPU Ag] stA7}F oz}, flush.min_events 2048 A
o= Qlof F-2et olMEZF B wirbx] HuolAf tf7]st
v =& KoM vIREQISS Uittt TEbA
Baseline A| A8 QP 2 FAISHA|RE, AARE A2] £
AME A2A HAIE 2 Aoz SERIEQiH

2. Low-Latency Transmission Experiment
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Table 7. System-wide Resource Utilization under
the Zero-Wait Transmission Configuration

Resource Metric | Filebeat | Logstash '\Ii?;r;)l((/ Etc Total
CPU utilization 15 254 5.2 36.1 68.2
(%) (2.2%) | (37.2%) | (7.6%) | (52.9%) )
Disk write rate 3.1 1.0 1142 | 136.0 2543
(kB/s) (1.2%) (0.4%) |(44.9%)|(53.5%) )
Network traffic
- - - 9,267
(pck/s) 26
Tl o[dIE TH9jo] Be ASAE 291502 Q3 A
A' AR Y E S o7l HAFo] 25 9,267 pck/s&
sl
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Fig. 4. Throughput Throttling under the Zero—Wait
Transmission Configuration
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3. Micro-Batching and Traffic Control Experiments
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Micro—Batching Configuration
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Table 8. Per-service Resource Utilization under the
Collection-Layer I/0 Control Configuration

Resource Metric|  Filebeat Logstash Nginx
CPU u(z/iol;zation 3.31 18.31 2.68
DiSk(ﬁlg/t; rate 184 3.04 62.08
Disk(liijg) rate 6.54 3.09 7.42
Cetgs | 2| w20
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4. Hybrid Optimization Experiment
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Fig. 8. Final End—to—End Latency Comparison across All
Optimization Scenarios
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Table 9. Comprehensive Comparison of Key
Performance Metrics across Scenarios
. . . | Micro- 1/0 .
Metric | Baseline | Zero-Wait Batch Control Hybrid
Mean E2E| 15.19 £ | 15.13 £ | 6588 £ | 14.17 £ | 1442 £
(s) 8.02 7.79 33.95 8.25 7.57
P95 (s) 31.28 30.18 113.97 30.77 28.45
Peak TP | 149 309 | 2267 | 298 303
(reqg/s)
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(pck/s)
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Mean E2E| 18.04 18.23 75.80 17.40 17.52
(s)
Steady P95
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5. Sensitivity Analysis
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Table 10. OVAT Sensitivity Analysis of Key Hybrid
Parameters

Variant Change | Hybrid —| Mean P95 Welch's p
Parameter | OVAT E2E(s) | Latency(s) | vs Hybrid
. 14.79+ | 29.06 =
Hybrid 0.38 2.37 )
scan_fre| 10ms —| 586 + | 2592 +
OVAT-1 quency 1s 0.05 0.74 0.0387
bulk_max| 50 — 6.08 £ | 25.14 £
OVAT-2 1™ Ge | 2048 | 009 | 061 | 00187
) 0— 6.42 = | 27.09 +
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6. Burst Workload Robustness Check
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Table 11. Burst Workload Robustness Results
. P95 during | Max stage| Recovery .
Scenario burst (s) lag (s) P95 (s) Observation
B . 39.11 = 44,66 £ Delayed
B-Baseline 3.99 0.05 2.46 recovery
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. 3558 + 3875 £ Stable
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VI. Conclusions
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