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Abstract. Cold start latency remains one of the main challenges in serverless
computing, particularly for Function-as-a-Service (FaaS) applications operating
under dynamic workloads. Runtime initialization, dependency loading, and
resource allocation increase response latency and reduce system performance.
Although numerous cold start mitigation techniques have been proposed,
comprehensive experimental comparisons under identical workload conditions
remain limited. This study analyzes contemporary cold start optimization
techniques and experimentally evaluates the effectiveness of warm-up, caching,
and concurrency strategies for improving serverless application performance
under different workload intensities. A controlled serverless test environment was
developed using Python, Flask, Redis, and Locust. Cold starts were simulated
through artificial initialization delays, while Redis was used for result caching and
a thread pool enabled concurrent request processing. Performance was evaluated
under moderate (100 users), intensive (300 users), and prolonged high-load
scenarios using response time, throughput, request-processing errors, and P95/
P99 latency metrics. The results show that optimization effectiveness depends on
workload intensity. Under moderate workloads, performance differences were
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minor. Under intensive workloads, warm-up and concurrency reduced response
latency and improved system stability. Caching reduced the error rate in the short-
term intensive scenario, although it introduced substantial additional latency.
During prolonged testing, the average response time of the caching configuration
decreased, indicating a more workload-dependent effect of cache population.
Combined optimization provided balanced performance but did not consistently
outperform individual techniques because of coordination overhead. The findings
provide practical guidance for selecting cold start optimization strategies according
to workload characteristics and support the design of adaptive, high-performance
serverless applications and cloud services.
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Annoramusa. CypIK icke KoCy Kimipici serverless-ecenreynepaiH Heri3ri
Macenenepinigy Oipi Oombim Kama Oepemi, ocipece IWHAMHUKAJIBIK IHKYKTEMeE
JKaFJalbIHA KYMBIC icTeliTiH Function-as-a-Service (FaaS) kochiMITanaps! yIris.
OpbiHJay OPTACHIH MHUIUATU3AIUSIIAY, TOYCSIAUTIKTEP/l KYKTEY KOHE ecerTey
pecypcTapbiH 6Ty kayart Oepy yaKbIThIH Y3apTHhIIL, )KYHe OHIMIUTITH TOMEH IS TETi.
CybIK iCKe KOCYAbl a3alTy[IblH KONTETeH 9JICTepi YCHIHBUIFaHBIMEH, Oipaeit
KYKTEME JKarIaiiapblHJia OJapJbIH KENICH I 3KCIIEPUMEHTTIK CallbICTBIPHUTYBI
ol jge mieKTeysi. 3epTTeydiH MaKcaThl - CYBIK iCKe KOCYAbl OHTaHIaHIBIPYIBIH
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3aMaHayd OMIiCTEpiH Taljay *oHe OPTYpJi JKYKTeMe JeHrehsepinae serverless-
KOCBIMINIAJIAPABIH OHIMIUIITIH apTTRIpy YIINH aiAblH aia KeI3ObIpy (warm-
up), KIIITEY JKOHE TMapajulelibJii OpBIHAAy (Concurrency) crparerysiapblHbIH
THIMALTITIH 9KCIEPUMEHTTIK TYpFbliaH Oaranay. 3eprrey yurin Python, Flask,
Redis xone Locust HeriziHe OaKbUTaHATHIH serverless ChIHAK OpTachl 93ipIaeH/Ii.
CyBIK iCKe KOCY JKacaHabl HHUITHAIH3AIINS Kidipici apKeUTBI MOAebaeH i, Redis
HOTHXKEJIEp/l KAIITEY VINIH TaiJadaHblUIIbl, ajl CYpaHbICTapibl Hapajuielb
OHJIey arblHAAp IMYJbl apKbUIBI )KY3ere achlpbuiabl. JKyieHiH eHiMALTir opTama
xykreme (100 madnamanymiel), KapkbiHAbl skykreme (300 maiimamaHymisr)
’KOHE y3aK YaKbITKa CO3BUIFAH JKOFAphl )KYKTeMe JKaFjaiylapelHaa jkayar Oepy
YaKbITBI, OTKI3y Kalineri, cypaHbicTap/bl oHjIey Kartenepi skone P95/P99 kinipic
KepceTKimTepi OolibiHIIa Oarananabl. HoTiwkenep oHTalmaHABIpy THIMAUTITIHIH
KYKTeMe KapKbIHABUIBIFBIHA TOYEI1i eKeHiH KopceTTi. Opraiia )KyKTeme Ke3iHzae
OHIMIUTIK alBIPMAIIBIIBIKTAPEI TaMaibl 00abl. KapKeIHABI JKYKTEMe Ke3iHJIe
QJIJIBIH alla KbI3JBIPY JKOHE Mapaluielb/Ii OpbIHay Kayan Oepy KilipiciH a3alThIm,
KYHEHIH TYPaKTBUIBIFBIH apTTHIpAbL. KomTey Kpicka Mep3iMal KapKbIHIbI
CIIeHapHiiJie KaTeJep CaHbIH a3alTThI, ajaia KOChIMIIA Kiipic TyFBI3ABI. ¥3aK
Mep3iMIi TecTiiey OaphICBIHIA KAIITEY KOH(PUTYPAITUSACHIHBIH OpTalia >Kayarl
0epy yaKbIThI KbICKAP/Ibl, OYJT OHBIH THIMJIUTIT] )KYKTEME CHITaThl MEH KAIITIH TOITY
JICHTeiiHe TAyesli eKeHiH KepceTTi. BipikTipinreH oHTaimaHABIPY TEHIrepimIi
OHIMJIIIIKTI KAMTaMachI3 eTTi, Oipak yiectipyre 0aiilaHbICTI YCTEME IIBIFBIHIAD
caliapblHaH KEKEJIETeH TACUIAEpP/eH TYPAKTHl TYp/Ee KOFaphl HOTIKE KOpceTe
anMajbl. ATIBIHFaH HOTHIKEIIEP CYBIK iCKe KOCY/bI OHTAMIaHABIPY CTpaTeTUsIIapbiH
KYKTEME epeKlIeIiKTepiHe colikec TaHayFa jkoHe OeHiIMICNeTiH KOFaphl OHIMI
serverless-KOChIMIIaap MEH OWITTBIK CEpBHUCTEpIi kolaiayFa MpPaKTHKAJIBIK
Heri3 Oepemi.
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Annoramus. [Ipobiema X0momHOTO 3amycKa OCTAeTCS OJHON M3 KIFOYEBBIX
mpobiem serverless-BBIUUCICHUH, OCOOCHHO M mpuioxkeHuit Function-as-
a-Service (FaaS), ¢QyHKIMOHHpYIOIMX B YCIOBHSIX JWHAMHYECKOH HArpy3KH.
Wunnmanuzanys cpenbl BBIOTHEHHUS, 3arpy3ka 3aBHCHUMOCTEH U BbIACIICHHE
BBIYHCIUTENBHBIX PECYPCOB YBEIMYMBAIOT BpeMs OTKIUKA W  CHIDKAIOT
MPOM3BOAUTENHFHOCTh CHCTEMBI. HecMoTps Ha Hamwume OONBIIOrO YHCIa
MPEVIOKEHHBIX METOJOB ONTHMHU3AllUM  XOJOAHOTO 3alycKa, KOMIUICKCHBIC
9KCTIEPUMEHTAbHbIE CPAaBHEHMS pa3IMYHBIX IOIXOJOB MNPH OAMHAKOBBIX
YCIIOBUSAX  Harpy3KH OCTAalOTCS OrpaHWYeHHbIMH. llenp  wmccienoBaHus
3aKJTFOYAETCS B aHAJIM3€ COBPEMEHHBIX METOZ[0B ONTUMHU3AIINHT XOJIOTHOTO 3aITyCKa
U SKCIIEPUMEHTAIBHON OLleHKE (PPEKTHBHOCTH CTpPATErHil MpeIBapUTELHOTO
mporpeBa (warm-up), KAIIMPOBAaHUS W MapajuleTbHOH 00paboTKM 3ampocoB
(concurrency) A TIOBBINICHUS TPOU3BOIUTENBHOCTH serverless-mpruioskeHui
MpU Pa3IWYHBIX YPOBHSAX HArpy3ku. Jlims mpoBeneHWs WccieqoBaHus Oblia
pa3paboTaHa KOHTpOJHpyeMas SKCICpUMEHTalbHAs Cpela C HCIOJIb30BaHHEM
Python, Flask, Redis u Locust. Xoi0aHbIl 3amycK MOAEIUPOBAJICS MOCPEICTBOM
WCKYCCTBEHHOH 3aJIePKKH HHUIHATN3aInH, Redis mMpuMeHsIICs TS K3ITUPOBaHUS
Pe3yabTaToB, a MapajieabHas 00padoTKa 3aIIpOCOB PEATH30BHIBATACH C TIOMOIIHIO
MmyJna TOTOKOB. [TpOM3BOAMTENBHOCTh CHUCTEMBI OICHHMBAjach NpPU YMEPEHHOU
Harpyske (100 momb3oBateneii), nHTeHcHBHOM Harpyske (300 momb3oBareseii)
U TIPOJODKUTEIHHOW BBICOKOW HAarpy3ke IO BPEMEHH OTKJIHMKA, MPOIYCKHON
CITOCOOHOCTH, KOJWYECTBY OIMMOOK OOpaOOTKH 3alpoCOB M ITOKA3aTelsM
3anepxku P95/P99. Pesynbrarhl MoKka3siBaloT, 4TO 3Q(HEKTUBHOCTH ONTUMH3AINN
3aBHCUT OT MHTEHCHBHOCTH Harpy3ku. [Ipu ymepeHHOH Harpys3ke paziauuusi B
MPOM3BOAUTENFHOCTH OBUIM HE3HAYHTEIbHBIMU. [IpM MHTEHCHUBHOHW Harpyske
MpeBapUTENbHBIA MPOTPEB W TMapajuienbHas 00pabOTKa CHIDKAIH 3alepiKKY
OTKJIMKA W TIOBBINIANK CTAOMJIBHOCTh CHUCTEMbI. KdIIMpoBaHHE YMEHbBIIAIO
KOJMYECTBO OIIMOOK B KPAaTKOCPOUYHOM HHTCHCHBHOM CLEHAPUH, OIHAKO
MIPUBOMIIO K IOTIOJTHUTEIBHOM 3aepxke. [Ipu mpoaomkuTeIbHOM TeCTUPOBaHUN
cpemHee BpeMsl OTKIMKa KOH(HUTypaluu C KIIIMPOBAHWEM CHIKAIOCH, YTO
CBUJICTEJILCTBYET O 3aBUCUMOCTH ee d(P(HEKTUBHOCTH OT XapakTepa Harpy3ku U
CTENEHHU 3amofHeHus Kdma. KoMmOumHMpoBaHHas onTuMmH3anus obecreynBasia
cOaJlaHCHPOBaHHYIO TPOU3BOAUTEIHLHOCTb, HO HE BCET/Ia TPEBOCXOMIIA OT/IEIbHBIE
METOIBI M3-3a JOIMOJHHUTENBHBIX pPACXOM0B Ha KoopauHanuio. llomyueHHBIE
pe3yNbTaThl MOTYT OBITH HMCIIOJIB30BaHBI Ul BbIOOpA CTpareruii ONTUMH3AINN
XOJIOZJHOTO 3aIlyCcKa C Y4eTOM XapaKTEePUCTHK HArpy3KH U MPHU MPOESKTUPOBAHUU
aJaNTUBHBIX BBICOKOTIPOM3BOIUTENLHBIX serverless-nmpuinokeHnidi 1 00JagyHbIX
CEPBHCOB.

KuroueBble ciioBa: serverless-serancienusi; Function-as-a-Service; XononHbIi
3alycK; MpeaBapuTeNbHBIA MPOrpeB; KIMIMPOBAaHHE; MapajuleibHas o0padoTKa;
ONITAMHU3AIHS POU3BOJUTETEHOCTH
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Introduction. The cold start problem becomes especially pronounced under
variable or high workloads, when the system must rapidly scale by launching new
function instances. Many simultaneous cold starts during traffic spikes lead to
increased latency, higher error rates, and degradation of user quality of service.
Analyses of real-world production workloads from major cloud providers indicate
that the efficiency of serverless platforms largely depends on their ability to
minimize the overhead associated with scaling and repeated function deployment.

A wide range of methods for mitigating cold start latency has been proposed in
scientific literature. These include container pre-warming and maintaining pools of
ready-to-use instances, runtime snapshotting techniques, optimization of function
size and dependencies, intelligent caching mechanisms, predictive scaling based
on workload forecasting, and advanced resource scheduling algorithms. The
FaaSLight approach demonstrates the effectiveness of application-level code
loading optimization, whereas CodeCrunch highlights the efficiency of function
compression and cost-aware warm-up placement (Shiekhani et al., 2025; Roy
et al., 2024). Attention has also been given to hybrid scheduling strategies that
combine workload prediction with adaptive resource management.

However, a considerable portion of existing studies focus either on the
theoretical description of architectural solutions or on the evaluation of individual
optimization techniques in isolated environments. At the same time, there
remains a limited number of studies providing direct experimental comparisons
of multiple practical optimization strategies under identical high-load conditions
using unified performance metrics. This creates a research gap related to the need
for a comprehensive evaluation of the applicability of widely used optimization
approaches in real-world serverless deployment scenarios.

The objective of this study is to provide a comprehensive analysis of cold start
optimization methods in serverless computing and to experimentally evaluate the
impact of warm-up, caching, and concurrency strategies on system performance
under different workload intensities. To achieve this objective, the study reviews
modern approaches for reducing cold start latency, develops an experimental
testbed simulating a serverless environment, and conducts load testing with
analysis of response time, throughput, stability, and request error metrics. The
results obtained are intended for practical application in the design and optimization
of high-load cloud services.

The novelty of this study lies in the unified experimental evaluation of
three commonly used cold start mitigation strategies — warm-up, caching, and
concurrency — under identical experimental conditions and workload generation
parameters. Unlike studies focusing primarily on individual optimization
mechanisms, the proposed evaluation considers their behavior across moderate,
intensive, and prolonged high-load scenarios using a common set of performance
indicators, including response latency, P95/P99 latency, throughput, and request-
processing error rate. This enables a direct comparison of the practical effects
and workload-dependent limitations of the considered strategies within the same
experimental environment.
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Literary review. The cold start latency problem in Function-as-a-Service
(FaaS) environments remains one of the most actively studied topics in the field of
serverless computing, as this factor significantly affects request latency, application
scalability, and overall quality of service. According to contemporary research, cold
start mitigation approaches can be classified according to their level of application
into platform-level methods, application-level methods, and intelligent resource
management strategies. Such a classification enables a systematic evaluation of
the advantages and limitations of existing solutions.

Platform-Level Optimization Methods. At the infrastructure level,
considerable attention has been devoted to reducing runtime initialization
overhead. One of the most widely adopted approaches is function instance pre-
warming, in which a subset of containers is maintained in an active state before
incoming requests arrive. This mechanism eliminates the need for a full runtime
initialization cycle and significantly reduces first-response latency. Amore advanced
extension of this concept is represented by runtime snapshot mechanisms, such
as AWS Lambda SnapStart, which enable restoration of pre-initialized execution
environments within milliseconds (Liu et al., 2023).

Another important direction involves the use of lightweight virtualization
technologies. The adoption of microVMs, minimized containers, and specialized
runtime environments reduces the overhead associated with creating isolated
execution environments compared to traditional virtual machines. According to
existing surveys, such solutions can reduce cold start latency from approximately
700 ms to 300 ms, corresponding to a reduction of more than 57% (Chaudhary et
al., 2024).

Attention has been given to the CodeCrunch framework, which introduces a
mechanism for compressing inactive but still “warm” functions in memory. This
approach enables a larger number of warm instances to be stored within the same
memory capacity, thereby reducing the probability of cold starts. As illustrated in
Figure 1, the proposed compression mechanism improves warm-start availability
while reducing the number of cold start events. The authors report (Roy et al.,
2024) a reduction in average service time from 8.15 to 6.75 seconds, along with
an approximately 48% decrease in the number of cold starts. In addition, the study
investigates function placement across heterogeneous x86 and ARM architectures
while considering the trade-off between execution performance and the cost of
maintaining active instances.
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Figure 1 — Impact of In-Memory CodeCrunch Compression on Warm Starts

Application-Level Optimization Methods. Unlike platform-level solutions,
application-level optimization methods are directly accessible to developers and
do not require modifications to the cloud provider’s infrastructure. One of the
fundamental approaches is reducing the size of the function and its dependencies.
Since the loading of libraries and user code constitutes a significant portion of
cold start latency, minimizing the deployment package can substantially decrease
startup time.

The FaaSLight study proposes an application-level static analysis approach
that separates code into mandatory and optional components. During function
initialization, only the critical code required for execution is loaded, while
additional modules are imported on demand. According to the authors’ results, the
loading phase latency was reduced by up to 78.95%, while the overall response
time decreased by an average of 19.21% (Shiekhani et al., 2025). This approach
is particularly effective for functions with large dependency sets and complex
application structures.

Another important optimization strategy is function fusion, in which multiple
sequentially invoked functions are merged into a single execution module. This
reduces the number of network transitions, repeated authentication procedures,
and individual cold start events. Although the resulting function becomes larger
in size, the total latency of the user workflow can decrease due to the reduction of
distributed execution overhead (Liu et al., 2023).

Intelligent Resource Management and Scheduling. A separate category
of approaches includes workload prediction and adaptive resource allocation
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methods. Their primary objective is not to directly accelerate cold starts, but rather
to reduce their frequency through proactive scaling mechanisms. The Hybrid
Model study proposes a two-level scheduling architecture that combines global
workload distribution across cluster nodes with local reuse of already warmed
function instances. In Figure 2, the scheduling mechanism integrates predictive
workload analysis with buffer-aware resource allocation to improve container
reuse efficiency. To forecast incoming requests, the authors employ time-series
analysis and machine learning techniques, including ARIMA and Random Forest
models (Sharma, 2024).

According to the reported results, the application of the hybrid scheduling
approach reduced SLA violations by up to 34%, thereby improving system
stability under variable workloads (Sharma, 2024). However, the effectiveness of
such systems strongly depends on prediction accuracy and the cost of maintaining
reserved resources. Prediction errors may lead either to excessive resource
consumption or to increased latency caused by an insufficient number of pre-
initialized instances.

Buffer
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Figure 2 — Illustration of the Buffer-Aware Scheduling Algorithm

Production Workload Studies. Empirical studies of industrial workloads
have made a significant contribution to understanding the behavior of serverless
platforms. The Serverless in the Wild study demonstrates that real-world serverless
systems are characterized by high request variability, short bursts of activity, and
substantial heterogeneity in function execution times (Shahrad et al., 2020). These
characteristics complicate the application of universal optimization mechanisms
and highlight the need for adaptive multi-level resource management strategies.
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Table 1 — Comparative analysis of optimization methods.

Method The basic idea Effectiveness Overhead and Application
limitations level
FaaSLight Separation of Average: 19.21%, up  Static code analysis ~ Application
the code into to 42.05% is required; it may
mandatory and not be effective for
optional for languages with high
deferred loading. dynamics.
CodeCrunch  Compression of  On average, there A decompression Platform

Compression  the file system of are 48% fewer cold  delay is added, which
"warm" functions starts. The average =~ may exceed the gains
in RAM. service time is from a warm start.
6.75 seconds with
compression versus
8.15 seconds without
compression.
Heterogeneity Choose between The average service It's a difficult planning Platform
of CodeCrunch x86 and ARM time is 7.87 seconds  task; not all functions
architectures to ~ x86 and 8.4 seconds  benefit equally from a

balance keep- ARM. single architecture.

alive performance

and cost.
Hybrid Model Predictive load Reduction of SLA May increase the Platform
Planning balancing based  violations to 34%. median delay due to  (Planner)

on SLA slack queues; complexity

to maximize and inaccuracy of

container reuse. forecasting.
Lightweight Minimizing The use of Requires deep Platform
execution the size and lightweight runtimes changes in the
environments  startup time reduced the cold start platform; high

of the runtime time to 57.14% (from complexity of

environment. 700 ms to 300 ms) development and

support.

Experimental Methodology. To evaluate the practical effectiveness of widely
used cold start mitigation techniques, an experimental study was conducted in a
controlled software environment reproducing the core principles of a serverless
architecture. The overall structure of the simulated environment is presented in
Figure 3. The choice of a laboratory-based approach was motivated by the fact
that commercial FaaS platforms typically abstract internal mechanisms related to
container management, scaling policies, and resource allocation, making it difficult
to accurately measure the impact of individual factors on system performance. The
use of a local testbed ensured reproducibility of workload scenarios, controllability
of function execution parameters, and comparability of results across different
system configurations. Similar approaches are widely adopted in serverless
performance studies where isolated evaluation of function behavior under varying
workload intensities and runtime conditions are required.
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Figure 3 — Components and Operational Stages of the Simulated Serverless Architecture

The experimental environment was based on a server-side application
implemented in Python. This technology stack was selected due to its suitability
for rapid prototyping of distributed systems, extensive support for networking
and multithreading libraries, and flexibility in simulating the lifecycle of
serverless functions. The architecture of the testbed emulated the Function-as-
a-Service model, where each incoming HTTP request triggered the execution of
an independent processing function. To approximate the behavior of real-world
serverless platforms, the system incorporated a conditional cold start mechanism.
When no previously active function instance was available, the execution was
delayed by an additional artificial latency of 2 seconds, simulating runtime
creation, dependency loading, and runtime initialization. The value of 2 seconds
was kept constant across all experimental configurations to ensure identical cold
start conditions and to make the comparison between optimization strategies
reproducible. This artificial delay represents a controlled experimental parameter
rather than a universal cold start latency of a specific cloud platform.

Each experimental scenario was executed in five independent runs. The reported
values represent the arithmetic means of the measurements obtained across the
five repeated runs.

To analyze the impact of pre-warming, a separate system configuration was
implemented in which the platform periodically initiated background function
invocations to keep function instances in an active state. This mechanism reduced
the probability of functions transitioning into an inactive state between user
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requests and thereby decreased the number of cold starts. Such strategies are
widely discussed in literature as one of the most direct approaches for reducing
startup latency, although they introduce additional resources overhead associated
with maintaining ready-to-use instances.

To evaluate the effect of result reuse, the experimental environment
incorporated an external Redis cache. Upon receiving a request, the system first
checked whether a previously generated response was already stored in the cache
and, if a matching key was found, returned the cached result without re-executing
the computational function. Redis was selected due to its widespread adoption of
high-load web systems and its low in-memory data access latency. In the context
of serverless applications, caching is considered an effective mechanism for
reducing computational overhead, minimizing repeated function invocations, and
stabilizing response times for recurring requests (Chaudhary et al., 2024; Jin et
al., 2025)

Additionally, the study examined the influence of parallel request processing.
For this purpose, the application employed a thread pool allowing multiple
incoming requests to be processed concurrently without sequential blocking at the
level of a single function. This approach models concurrency strategies commonly
used in modern cloud environments to improve throughput and reduce queue
waiting time under intensive workloads. Existing studies indicate that the impact
of parallelism becomes particularly significant under burst scenarios and short-
term spikes in user activity (Shahrad et al., 2020).

Load testing was performed using the Locust framework, which is designed for
simulating large-scale user interaction with HTTP services. The selection of this
tool was motivated by its flexibility in configuring request intensity, the number
of virtual users, and the duration of testing scenarios. The experiments reproduced
moderate-load and high-load conditions, as well as a prolonged stress-testing
scenario with a continuous request stream. This testing methodology enables
observation not only of the system’s immediate behavior, but also of its long-term
stability, which is especially important for serverless applications characterized by
periodic workload spikes. Similar load-generation techniques are widely applied
in studies of distributed cloud system scalability.

The workload was generated using a fixed number of concurrent virtual users.
Two short-duration load scenarios were considered, corresponding to 100 and 300
concurrent users. In addition, a prolonged high-load scenario with 300 concurrent
users was performed for 10 minutes. The same workload parameters were applied
to each configuration to maintain comparable experimental conditions.

The comparative analysis was conducted between the baseline system
configuration and variants with enabled warm-up, caching, concurrency, and
combined optimization mechanisms. The workload dynamics and testing scenarios
used during the experiments are illustrated in Figure 4. To evaluate effectiveness,
the experiments recorded average response time, throughput, request-processing
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errors, and high-percentile latency metrics, including P95 and P99. Since the
request workload was controlled by Locust through the configured number of
concurrent users, throughput was primarily used to characterize the achieved
request-processing intensity, while response time, error rate, and high-percentile
latency were used as the main indicators for comparing the configurations.The use
of these metrics corresponds to common practices in cloud service performance
evaluation, as it enables analysis not only of average values but also of service
stability under peak workloads.

The selected methodology made it possible to investigate the influence of
the most accessible and practically applicable cold start optimization methods
in a reproducible environment, compare their behavior under different workload
conditions, and establish an empirical basis for subsequent analysis of the
experimental results.

Workload Profile Over Time
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Figure 4 — Workload profile over time

Results. The load-testing experiments evaluated the behavior of the simulated
serverless system under different optimization strategies and workload intensities.
The comparison included the baseline configuration and configurations employing
warm-up, caching, concurrency, and combined optimization mechanisms.

The obtained performance metrics are summarized in Figure 5.
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Figure 5 — Average Response Time Under Different Workload Conditions

Under the moderate workload scenario corresponding to 100 concurrent users,
all configurations demonstrated stable operation. The baseline configuration
achieved an average response time of 12.40 ms without request-processing
errors and maintained a throughput of approximately 65 requests per second. The
concurrency and warm-up configurations produced average response times of
15.57 ms and 15.49 ms, respectively. The combined optimization mode reached
an average response time of 23.32 ms, while the caching configuration recorded
the highest average response time of 47.77 ms.

After increasing the workload to 300 concurrent users, greater differences
between configurations were observed. The baseline configuration achieved an
average response time of 22.85 ms and recorded 14,309 request-processing errors,
corresponding to an error rate of 25.43%. The warm-up configuration demonstrated
the lowest average response time of 20.11 ms, followed by the concurrency
configuration with 21.88 ms. The combined optimization mode reached 25.78 ms,
whereas the caching configuration recorded the highest average response time of
54.56 ms. The caching configuration registered 7,901 request-processing errors,
corresponding to an error rate of 19.21%. However, it also processed fewer requests
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than the baseline configuration, with 41,127 completed requests compared with
56,266 for the baseline. Therefore, the lower absolute number of errors should be
interpreted together with the lower number of processed requests.

The lower number of processed requests in the caching configuration can
be associated with its substantially higher response latency under the 300-user
workload. Since Locust generated the workload using concurrent virtual users,
longer request processing reduces the number of request iterations that can be
completed during the same observation period. Therefore, the difference in the
number of processed requests should not be interpreted as a reduction in the
offered workload, but as a difference in the number of completed request iterations
under the same concurrency level.

The latency dynamics observed during prolonged high-load execution are
presented in Figure 6.

Latency Change Over Time (High Load Scenario)
300 concurrent users for 10 minutes

1200
—8— Baseline (No Optimization)

#- Concurrency (Multithreading)
—&— Warm-up
1000 | —#— Caching (Redis)
—= Warm-up + Concurrency + Caching (All Combined)

800
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Average Latency (ms)

400

200

Time (minutes)
Figure 6 — Latency Change Over Time

The distribution of request-processing errors across the evaluated configurations
is illustrated in Figure 7.
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Error Ratio Comparison Across Different Optimization Configurations
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Figure 7 — Error Ratio Comparison Across Different Optimization Configurations

The prolonged stress-testing scenario demonstrated further differences between
optimization strategies. The baseline configuration produced an average response
time of 27.85 ms. The warm-up and concurrency configurations achieved lower
average response times of 21.58 ms and 22.53 ms, respectively. The caching
configuration demonstrated an average response time of 24.15 ms, while the
combined optimization mode reached 26.27 ms.

The throughput comparison for all evaluated configurations is presented in
Figure 8.
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Figure 8 — Throughput Comparison Across Configurations
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Table 2 — Load Testing Results

Scenario Number of  Average Response p95 (ms) p99 (ms) Requests/s
Requests Time (ms)
base_100 21379 12.40 22 76 65.16
thread_100 21504 15.57 29 76 65.04
warm_up_100 19886 15.49 28 79 64.97
combo_100 20567 23.32 33 94 64.74
caching_100 15360 47.77 39 1200 63.49
base_300 56266 22.85 72 130 187.56
thread_300 56274 21.88 74 170 187.56
warm_up_300 56331 20.11 61 100 187.76
combo_300 56174 25.78 80 130 187.25
caching_300 41127 54.56 150 830 180.72
10min_base_300 116284 27.85 80 210 193.81
10min_thread_300 109556 22.53 73 120 194.31
10min_warm_up_300 116809 21.58 69 110 194.67
10min_combo_300 116398 26.27 81 130 193.99
10min_caching_300 116552 24.15 78 120 194.24

The combined optimization mode produced stable performance across
all workload scenarios but did not achieve the lowest response time in every
experiment. Figure 9 summarizes the P95 and P99 latency values measured under

all testing scenarios.
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Figure 9 — P95 and P99 Latency by Load Scenario and Configuration
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Discussions. The experimental results demonstrate that the effectiveness
of cold start optimization strategies strongly depends on workload intensity
and system operating conditions. Under moderate workloads, most evaluated
configurations provided relatively stable performance, indicating that the baseline
implementation offered sufficient computational resources without requiring
additional optimization mechanisms. Consequently, the potential benefits of cold
start mitigation remained limited when system resources were not saturated.

A different trend emerged under intensive workloads. The warm-up strategy
consistently produced the lowest response times and improved system stability
by reducing the number of cold start events during rapid scaling. These findings
support previous studies emphasizing that maintaining pre-initialized function
instances is one of the most effective approaches for minimizing startup overhead in
Function-as-a-Service environments (Liu et al., 2023). Similarly, the concurrency
strategy improved response time by reducing queue waiting time and enabling
more efficient parallel request processing. Although its performance gains were
slightly lower than those achieved with warm-up, concurrency demonstrated
stable behavior under sustained workloads, which is consistent with observations
reported by Shahrad et al. (2020).

The caching strategy exhibited a more complex performance profile. Under the
short-term 300-user workload, caching reduced the absolute number of request-
processing errors from 14,309 to 7,901 compared with the baseline configuration.
However, the number of processed requests was also lower, and therefore the error
rate provides a more appropriate basis for comparison. The caching configuration
achieved an error rate of 19.21%, compared with 25.43% for the baseline. At the
same time, its average response time increased to 54.56 ms. During prolonged
testing, the average response time of the caching configuration decreased to 24.15
ms, indicating improved latency after the cache had been populated. However,
its error rate did not demonstrate a comparable improvement. These results
indicate that the benefits of caching depend on workload characteristics and cache
utilization, while the additional cache-access overhead can negatively affect short-
term response latency.

Another important observation concerns the combined optimization strategy.
Although integrating multiple optimization mechanisms produced balanced
performance across all scenarios, it did not consistently outperform the best
individual approaches. The combined configuration did not consistently provide
lower latency than the individual optimization strategies. In particular, the warm-
up configuration demonstrated lower average response times under the intensive
and prolonged workloads. This suggests that applying several optimization
mechanisms simultaneously does not necessarily result in cumulative performance
improvements. This finding indicates that combining optimization techniques does
not automatically result in cumulative improvements and highlights the importance
of selecting optimization mechanisms according to application characteristics
rather than maximizing their number.
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Overall, the obtained results indicate that the effectiveness of cold start
mitigation strategies depends on workload characteristics and system operating
conditions. In the experiments conducted, warm-up demonstrated the lowest
response latency under intensive and prolonged workloads, while concurrency
also provided lower latency than the baseline configuration. Caching showed
benefits after cache population but introduced substantial latency overhead
during the short-term intensive scenario. In the conducted experiments, warm-up
provided the lowest response latency under intensive and prolonged workloads.
Concurrency also reduced response latency relative to the baseline configuration,
while caching demonstrated greater benefits after cache population but introduced
substantial latency overhead in the short-term intensive scenario.

Conclusion. The conducted study was aimed at providing a comprehensive
analysis of cold start optimization methods in serverless computing and an
experimental evaluation of the practical effectiveness of warm-up, caching, and
concurrency strategies under different workload conditions. The relevance of this
problem is determined by the fact that cold start remains one of the key limitations
of the Function-as-a-Service model, directly affecting request latency, service
stability, and compliance with SLA requirements (Liu et al., 2023; Shahrad et al.,
2020).

The analysis of the scientific literature demonstrated that existing cold start
mitigation approaches can be categorized into platform-level, application-
level, and orchestration-based approaches. Platform-level solutions, including
lightweight runtime environments, snapshot mechanisms, and intelligent memory
management, provide the most significant performance improvements, but require
deep control over the provider’s infrastructure. Application-level approaches,
such as dependency reduction and function structure optimization, are easier to
implement from the developer’s perspective, although their effectiveness depends
on the characteristics of a particular application. Predictive scaling and adaptive
scheduling methods reduce the frequency of cold starts, but their efficiency is
highly sensitive to workload prediction accuracy (Shiekhani et al., 2025; Roy et
al., 2024).

The experimental results confirmed that the impact of optimization mechanisms
strongly depends on the operational mode ofthe system. Under moderate workloads,
the baseline configuration demonstrated acceptable performance, while the
benefits of additional optimization mechanisms remained limited. However, with
an increasing number of concurrent requests, the most significant positive effect
was achieved by warm-up and concurrency strategies, which reduced average
response time and improved request-processing stability. These findings confirm
the importance of minimizing startup overhead and reducing waiting queues under
intensive scaling conditions.

The caching strategy demonstrated a more complex effectiveness profile. In
the short-term intensive scenario, caching resulted in the highest average response
time of 54.56 ms, although the corresponding error rate was lower than that of
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the baseline configuration. During prolonged testing, the average response time
of the caching configuration decreased to 24.15 ms, which indicates that cache
population can improve the response performance over time. However, the results
do not demonstrate a consistent reduction in error rate during prolonged operation.
Therefore, caching should be considered as a workload-dependent optimization
mechanism whose effectiveness depends on the proportion of repeated requests
and the overhead of accessing the external cache.

It should also be noted that the combined use of multiple optimization
methods does not always lead to proportional performance improvements. In
several scenarios, the additional coordination overhead between mechanisms
partially compensated for the expected gains. Consequently, the effectiveness
of comprehensive optimization depends not on the number of implemented
techniques, but on how well they are aligned with the application architecture and
workload profile.

The practical significance of this research lies in the fact that the obtained
results may assist developers and cloud system architects in selecting appropriate
optimization strategies for serverless applications. For services characterized
by unpredictable workload spikes, warm-up and adaptive scaling mechanisms
appear to be the most suitable approaches. For systems with a high degree of
request repetition, caching provides substantial benefits. In scenarios involving
intensive parallel processing, concurrency-oriented approaches become justified.
The selection of an optimization strategy should therefore consider the workload
characteristics, response-time requirements, and architectural properties of the
target application.

Future research directions include extending the experimental environment
to real cloud platforms, comparing different FaaS providers, applying machine
learning techniques for dynamic optimization strategy selection, and analyzing
the economic efficiency of cold start mitigation while considering the cost of
reserved resources. Such developments would enable the transition from isolated
engineering solutions toward intelligent self-adaptive performance management
systems for serverless computing.
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