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PYTHON CONCURRENCY FOR HIGH-LOAD MULTICORE PROCESSING

Abstract

Python's concurrency techniques for processor-intensive activities on multicore computers are thoroughly
evaluated in this article. For workloads that are CPU-bound, I/O-bound, and mixed, we contrast multithreading,
multiprocessing, and a hybrid threading + multiprocessing strategy. Execution time, CPU utilization, memory
consumption, and realized speedup were measured against a sequential baseline in experimental benchmarks
on a multi-core computer. The Global Interpreter Lock (GIL) prevents Python threads from providing any
speedup for CPU-bound applications, according to the results. In contrast, numerous processes obtain near-
linear speedup (3.7x on 4 cores) at the expense of increased memory utilization. Both multiprocessing and
multithreading greatly increase throughput (by more than 3x speedup) for I/O-bound tasks by overlapping I/O
delays, while threading has a smaller overhead. By overlapping computation and I/O, a hybrid concurrency
technique outperforms pure multiprocessing by 3.3, providing the best performance in a hybrid workload that
combines compute and I/O. We examine the findings in light of Amdahl's Law and talk about how Python
thread parallelism is essentially constrained by the GIL. Future attempts to eliminate the GIL and its effects
on Python's concurrency environment are also discussed in the article. The results emphasize the trade-offs in
speed and resource utilization for each strategy on multicore processors and offer recommendations for
choosing efficient concurrency strategies in Python.

Keywords: Python; concurrency; multithreading; multiprocessing; Global Interpreter Lock; multi-core;
parallel computing; performance.
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1 Kazakcran-bpuTtan TeXHUKaNbIK YHUBEPCUTETi, AlMaTH K., Kazakcran
KOIISIAPOJIbI )KYHEJIEPJAET'T AYBIP ECEIITEPTE APHAJIFAH PYTHON
MAPAJUIEJALIITT

Awnnarma

Byt Mmakanana kemsapoiisl KOMIbIOTEPIIEpe POIIECCOpFa JKYKTEMECi KOFaphl Tarckipmanap yirid Python
TUTIHIET] Mapaiienu3M oficTepi jkaH-kakTel OaranaHanel. CPU-re Toyenmi, I/O-re Toyenai >koHe apanac
XKYKTeMeJlep YIIiH KenarbiH bl (multithreading), kenmpouieccopisl (multiprocessing) »one ruOpuTi (arbiH +
MPOIIeCC) TOCUIIEP CATBICTHIPBUIAABI. Kemsiapoisl )Kyiieie OpbIHIaIFaH SKCIIEPUMEHTTIK TECTTEp/Ie OPhIHIAY
yakpIThl, CPU KonaHbLIy L, 5Ka bl TYTHIHY ’KoHE HapauleibIiUTiK apKbLIbl alIbIHFaH Yaeyep (speedup) Oipizai
(cexBeHIMANABI) HET130€H CambICTRIPBUIBIT onmenai. Hotmxkenep Python-garer GIL (Global Interpreter Lock)
CPU-re Ttoyenni kosgaHOanap VIIIH KOIAFbIHIBUIBIK apKbUIBI JKBUIIAMJBIK apTThIpyFa MYMKIHJIIK
OepMeHTIHIH KopceTTi. ANl KONTereH MpolecTep KOMETiMeH NEepiliK CHI3BIKTHIK Yaey (4 sapo yuorH 3.7X)
ayIbIHa/bI, Oipak o1 keOipek kaablHbl KaxeT ereni. I/O xykremenepinge multiprocessing nen multithreading
omicrepi I/O kimipictepiH xaly apKbUIbl ©TKi3y KaOijeTiH 3 ece apTThIpaibl, MyH/Ja aFbIHAAp KilIiripiM
pecypcrap tytbiHajbl. Ecentey Men 1/O-Hbl OipikTipeTiH ruOpuaTi 911ic Taza multiprocessing-ke KaparaHaa
3.3 ece xaKchbl HaTHXKE Oepir, ecentey MeH 1/O apanackaH >KyKTeMenep/ie eH Korapbl OHIMIUTIKTI KAMTaMachl3
eTeni. 3epTTey HOTIKeNepi AMIal 3aHbl TYPFBICBIHAH KapacThIpbuibill, Python areranapeiabie GIL apkbuisn
IIeKTeNETIiHAIr  TankeiiaHaael. CoHpjaii-ak, Oomamrakra GIL-mi anmeinm  Tactay »koHe OHbBIH Python
napajjienu3MiHe ocepi Typasibl alTbuiazbl. By HOTHXenep KemsApoiibl >KyWenepnae >KbUIIAMABIK IeH
pecypcrapabl THIMII MaiiianaHy apacblHOa OONaThIH TaHJAyIpl KepceTedi xoHe Python Ttiminge Tuimai
napauIesl SiCTepal TaHaayFa YChIHBICTap Oepei.

Tyitin  cesmep: Python; mnapamienu3M; KeNarbIHABUIBIK;,  KOIMIIPOIECCOPIJIBUIBIK;  TI00AIIbI
HWHTEPIPETATOPJIBIK KYJIBIIT; KOMPOJIBI XKYHemnep; mapauiesbl ecentey; OHIMAUTIK.
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MAPAJUIEJIA3M B PYTHON J1JISI BBICOKOHATPY)KEHHOM OFPABOTKHA
HA MHOI'OITPOHECCOPHBIX CUCTEMAX

AnHOTAIMA

B nanHOl cTaThe MPOBOIUTCS BCECTOPOHHSS OLCHKAa METONOB mapamienusma B Python mns 3agau,
TpeOYIOLINX BBICOKOH 3arpy3KH IIpoLieccopa, Ha MHOTOIPOLIECCOPHBIX cucTeMax. [l Harpy3oK, CBsI3aHHBIX
C MHTEHCHBHBIM HCIIOIb30BaHUEM IIPOLIECCOPA, ONEPALINi BBOAA-BBIBOAA U CMEILIAHHBIX 3a7a4, CPABHUBAIOTCS
MOJXO0/Abl MHOTOIOTOYHOCTH, MHOTOIIPOLIECCOPHOCTH W THOPHOHOHN cTpareruu (IOTOKH + Tpouecchl). B
paMKax 3KCIEpUMEHTAIbHBIX TECTOB HAa MHOTOSIEPHOM KOMIBIOTEPE H3MEPSUTUCh BPEMs BBIIIOJHEHMS,
3arpys3ka LIII, ucronp3oBaHMe MaMsATH M JAOCTUTHYTOE YCKOPEHHME IO CPAaBHEHHUIO C IIOCIIENOBATEIbHBIM
0a30BBIM perieHUEeM. PesynbraTel mokaszanu, 4to riobanbHas OnokupoBka uHTepmperatopa (GIL) He
no3BoJIsieT motokaM B Python obecnieunTs yckopenue Ass 3a7ad ¢ BeICOKo# Harpy3koii Ha LII1. B To ke Bpems,
TIPH FICTIOJIB30BaHUN MHOKECTBA IIPOIIECCOB TOCTUTAETCS MOYTH JIMHEHHOE yecKopeHue (B 3.7 pasza Ha 4 saapax),
ogHaKo 3a cy€r Oonpliero mnoTpebieHus namsaTu. I 3amad, CBA3aHHBIX C BBOAOM-BBIBOJIOM, H
MHOFOHpOHCCCOpHBIﬁ, M MHOT'OITOTOYHBIHM nmoaxoau O6€CHC‘-II/IB3IOT SHAYUTCIIBHOC YBCINYCHUC HpOHyCKHOﬁ
cnocoOHoCTH (YcKOpeHue OoJiee yeM B 3 pa3a) 3a CUET MePeKPhITHS 3aiepikek Ha 1/O, mpu 3TOM OTOKH Jat0T
MEHBIIYI0 HaKJIaaHyro. [ HOpumHbI Meronm, oObemuHSIONMKA BbrumciaeHus u /O, omepexaer YHCTYIO
MHOTOIPOLIECCOPHOCTH B 3.3 pa3a, MoKa3bIBasi HAWITYUIIYIO MPOU3BOJUTENBHOCTD JJISl CMEIIaHHON Harpy3KH.
MBI paccMaTpuBaeM pe3yibTaThl B KOHTEKCTE 3aKOHa AMIaia U 00CyKaaeM OrpaHnIeHHOCTh Mapajiein3Ma
Ha motokax B Python m3-3a GIL. Taxke B cTarhbe 3aTparuBaroTcs mepcrekTuBbl ycrpanenus GIL u ero
BIMSIHUE Ha pa3BUTHE mapaienusMa B Python. IlpeactaBnennsie pe3ynbTaThl MOTYEPKUBAIOT KOMIIPOMHCC
MEX]y CKOPOCTBIO M PECypCONOTPeOIeHNEM pa3IMYHbIX CTPAaTeTWii HAa MHOTOMPOLECCOPHBIX CUCTEMaX M
JAIOT PEKOMEHIAIUH 10 BEIOOPY 3P PEKTUBHOTO MapaieTIbHOro noaxoaa B Python.

KiroueBbie cioBa: Python; mapamiennsMm; MHOTOIOTOYHOCTb;, MHOTONPOLECCOPHOCTH; TII0OANbHAs
ONOKMpPOBKA  HMHTEPIPETATOpa;  MHOTONPOILECCOPHBIE  CHUCTEMbI,  HapajuleJbHbIE  BBHIYHUCIICHUS,
MMPOU3BOJUTCIIBHOCTD

Introduction

In this study, we use CPU-bound, I/O-bound, and mixed workloads to compare the threading,
multiprocessing, and hybrid threading + multiprocessing approaches of Python on a multicore system.
We show that multiprocessing provides near-linear scaling at the cost of increased memory
utilization, but multithreading does not speed up compute-intensive workloads because of the Global
Interpreter Lock. Both threads and processes provide significant speedup for I/O-bound tasks by
sharing I/O delays, while threads have less overhead. By pipelining I/O and computation, the hybrid
model achieves up to a 14% improvement over multiprocessing alone in a mixed workload,
outperforming pure threading or pure multiprocessing. These results show the useful applications of
Amdahl's Law in real-world situations and help developers select the best concurrency method in
Python.

To increase performance, modern computer systems use multicore processors, which puts the duty
of taking use of parallelism on software [1]. Although concurrency techniques allow applications to
use several CPU cores for higher throughput, their efficacy varies depending on the runtime of the
programming language and the nature of the workload. By permitting only one thread to execute
Python bytecode at a time, the Global Interpreter Lock (GIL) in Python (CPython implementation)
severely restricts real parallel thread execution [2, 3]. As a result, CPU-bound Python code cannot
benefit from multithreading on several cores because only one thread is actually running at a time,
forcing other threads to wait. This creates a "significant barrier to parallelism" [2]. Because of this,
Python threads are best suited for I/O-bound tasks where the GIL can be released while blocking I/O
operations and the threads spend time waiting (such as on file or network I/O [4]. Python's
multiprocessing module is frequently used to get around the GIL for computationally demanding
tasks by employing several processes instead of threads [3]. At the expense of additional costs for
inter-process communication and memory duplication, each process has its own Python interpreter

204




Abaii amvinoasvr Kaz¥I1Y-niy XABAPIIBICHI, « Qusuka-mamemamura ulavimoapuly cepuscol, Ne3(91), 2025

and GIL, enabling true parallel execution on different CPU cores [5, 6]. Utilizing the advantages of
both multiprocessing and multithreading, a hybrid approach is another strategy (e.g. employing
threads to overlap I/O inside each process). There are differences in performance between threads
and processes: While processes are heavier but do not share interpreter locks, threads are lighter and
share memory within a single process [5, 7]. In this study, we use a multi-core system to statistically
assess Python's threading, multiprocessing, and hybrid threading+multiprocessing techniques. We
take into consideration three different types of workloads: hybrid workloads that combine CPU and
I/O activities, CPU-bound workloads that are dominated by computations, and I/O-bound workloads
that are dominated by waiting on input/output. Our calculations of speedups and execution durations
in comparison to a single-threaded baseline are compared to the theoretical predictions of Amdahl's
Law [2, 8]. When a portion of code cannot be parallelized, Amdahl's Law gives an upper constraint
on speedup [8]. For example, the greatest speedup on N processors is

1
— p
(1-p)+y

if a fraction (1 — p)of a task is intrinsically serial [8]. In reality, overheads from memory
contention, inter-process communication, and thread scheduling further decrease speedups. For each
approach, we additionally monitor memory consumption and CPU utilization to determine how many
cores are actually being used. According to earlier research and Python literature, CPU-bound Python
threads do not boost performance because of the GIL [3, 4], but multiprocessing can achieve near-
linear scaling on multi-core CPUs at the expense of increased overhead and memory usage [5]. We
demonstrate these arguments with specific measurements from our experiments. By overlapping 1/0
and CPU tasks, we also examine whether a hybrid approach - in which several processes individually
spawn threads-can perform better than pure multiprocessing for mixed workloads. The goal of this
study is to quantify the constraints imposed by the GIL in addition to providing guidance to Python
developers on the selection of suitable concurrency techniques. Future Python versions, particularly
PEP 703, which suggests making the GIL optional (no-GIL build of CPython), are working to
overcome these constraints. We talk about alternative interpreters like IronPython (which has no GIL
and permits multi-threaded parallelism on.NET) and how our results might vary if the GIL is
eliminated. This study sheds light on Python's concurrent performance as it stands today and how it
might develop in the future by contrasting measured speedups with Amdahl's Law and taking the GIL
into account.

Research methodology

Experimental Setup. A multicore system running Ubuntu 20.04 with an 8-core Intel® CPU (4
cores, 8 threads at 3.4 GHz) and 16 GB of RAM was used for all testing. The implementation was
done using Python 3.10. In order to match the physical core count (4) and prevent confusion with
Hyper-Threading, we limited utilization to 4 parallel workers in our experiments. The computer has
4 physical cores (8 logical with Hyper-Threading). Instead of explicitly setting CPU affinity, the OS
scheduler was used to divide threads and tasks among cores. The psutil library was used to track
resource usage, recording CPU and memory usage for each method.

Workloads. Three distinct workload types were created to emphasize various concurrency-related
factors.

CPU-bound workload. A task that requires a lot of computation but little input or output. We
employed a hashing loop and prime number computation as an example of a CPU-bound operation.
The application specifically calculated prime numbers up to a big N and carried out a significant
number of SHA-256 hash rounds, which are CPU-intensive tasks that don't need waiting on outside
resources. To ensure that the sequential and concurrent versions complete the same amount of work,
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the total amount of work was predetermined for each test (e.g., finding all primes below 10 million
and doing 10 million hash operations).

1/O-bound workload. The task that mostly consists of waiting for input. By making several network
requests and file read/write operations, we were able to replicate this. File I/O was done on an SSD
to reduce unpredictability, and network I/O was done on a local dummy server for consistency and
control. Each test required the software to send a series of HTTP requests to the local server and read
a set of files totaling 1 GB from disk. These are carried out sequentially in the sequential version,
while several I/O operations are issued concurrently in the concurrent versions. Because of this strain,
the CPU is frequently left idle while awaiting data, giving threads or other activities the chance to
operate simultaneously.

Hybrid workload (mixed I/0 + CPU). The task that incorporates both I/O and CPU work is known
as a hybrid workload (mixed I/O + CPU). We applied a computationally intensive filter (CPU), read
images from disk (I/O), and wrote the results back to disk (I/O) as part of an image processing
pipeline. To ensure GIL contention during CPU operations, each image was subjected to a pure
Python blur and edge-detection filter. This simulates real-world situations, such as processing data in
batches, where each work unit has a CPU phase and an I/O phase. We processed 100 large-sized
photos for our tests. After reading an image, the sequential version fully processes it, writes it out,
and then goes on to the next one. Several photos are processed simultaneously in the concurrent
versions. The purpose of this mixed workload is to take advantage of the overlap between
computation and I/O.

Concurrency implementation. We implemented four versions for each workload: (1) sequential
(single-threaded baseline), (2) multi-threaded using the threading module built into Python, (3) multi-
process using the multiprocessing module, and (4) hybrid utilizing a mix of threads and processes.
To match the four cores, unless otherwise noted, we maintained the total number of worker units at
four in all concurrent versions. That translates to four threads in a single process for the multi-threaded
version. Four distinct processes (each with one worker thread) were launched for multi-processing.
In order to investigate if dividing threads across several processes produces better performance than
all threads in one process or all separate processes, we used two processes for the hybrid strategy,
each of which spawned two threads (2x2 = 4 total threads). Each thread or process would select tasks
(such as processing an image or a piece of data) from a shared task list using a task scheduling queue.
In actuality, the hybrid approach produced a pool of processes, each of which employed internal
threads to manage subtasks concurrently (for instance, computing on the current file while another
thread in the same process reads the next file, overlapping CPU and I/O).

Measurements. For every workload version, we measured the wall-clock execution time. To
smooth out variability, each test was conducted five times, and the average time was provided (we
exclude error bars for clarity because the standard deviation was modest, within 5% of the mean).

T.

seq

Tparallel

is the speedup, where T, is the sequential version's execution time and Ty, 18 the concurrency
method's time. Additionally, we noted the operating system's reported CPU utilization %. CPU
consumption is expressed as the proportion of a single core's capacity that is utilized by all cores; for
example, 200% indicates that two cores are often fully busy. This makes it easier to verify how many
cores each technique actually used. The process or processes' peak resident set size (RSS) was used
to calculate memory utilization. Since each process has its own memory space, we calculated the total
memory utilized by the parallel job for multi-process tests by adding the RSS of all worker processes.
To guarantee similar settings, all experiments were watched over (e.g. warm file system caches for
I/O tests to avoid cold-start anomalies).
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Theoretical Speedup Calculation. We calculated each workload's parallel fraction p to compare
against theoretical limitations. With the exception of very little setup/merge overhead, pis
approximately 1.0 for the CPU-bound task, making it virtually entirely parallelizable. Since the CPU
is frequently idle waiting, the parallel fraction for the I/O-bound workload is smaller from the CPU's
point of view. This means that the CPU component is tiny, and that CPU parallelism cannot speed up
the I/O wait, even though numerous I/O can overlap. By calculating the percentage of sequential
execution that was devoted to serial tasks (like reading and writing) as opposed to parallelizable tasks
(like processing photos), we were able to approximate the serial fraction for the hybrid workload. We
calculate Amdahl's Law forecasts for speedup on four cores using these estimates:

1

Sp=——mm
_ p
(1-p)+73
To evaluate efficiency, we then contrast these predictions with the observed speedups [8]. Any
departure is also discussed, such as slower speedups caused by overhead or faster speedups than
Amdahl if workload permits concurrency to span ostensibly "serial" portions.

Results of the study

As anticipated, the CPU-bound task caused by the GIL did not benefit from the multi-threaded
method in Python. A speedup of around 0.95x% (i.e., 5% slower than the single-thread baseline) was
obtained by using four threads in a single process, which produced nearly the same execution time as
the sequential run (in fact, slightly worse due to threading overhead). On the other hand, the multi-
process method (four distinct Python processes) significantly decreased execution time, achieving a
speedup of roughly 3.7x on four cores. Parallelization overhead and a tiny serial component are the
main reasons why this falls short of the optimal linear speedup of 4x. A speedup of about 1.8x was
obtained using the hybrid approach (2 processes X 2 threads each), which is superior to pure threading
but significantly less than pure multiprocessing. In this instance, the hybrid's performance scaled like
two processes since it efficiently employed two CPU cores in parallel (because each process ran one
thread at a time under GIL). The performance characteristics for the CPU-bound workload are
compiled in Table 1, and Figure 1 shows the speedup attained by each technique on four cores.

. CPU-bound Task Speedup (4 cores)

4.0bommmmmmmmmmm____leallinearspeedup 4 cores)
35F
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up (relative to sequential)
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Sequential Threading Multiprocessing Hybrid

Figure 1. Speedup for CPU-bound task using different concurrency methods on 4 cores
(higher is better)

In Figure 1, the red dashed line indicates ideal linear speedup (4x) for four cores. Only the
multiprocessing approach comes close to ideal, whereas threading provides virtually no speedup due
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to the GIL. Hybrid (2 processes x 2 threads) utilizes 2 cores concurrently, outperforming single-

threaded execution but not scaling beyond 2% due to GIL in each process.

Table 1. Performance of different concurrency methods for a CPU-bound workload (4 workers on 4 cores)

Method Time (s) | Speedup CPU Usage (%) Memory (MB)
Sequential 100 1.00 100 100
Multithreading (4 threads) 105 0.95 100 110
Multiprocessing (4 processes) 27 3.70 390 350
Hybrid (2%2) 55 1.80 200 180

Because several CPU cores are being used, "CPU Usage" for multi-process and hybrid systems in
Table 1 surpasses 100% (e.g. ~390% indicates around 3.9 cores were occupied on average, out of 4).
We observe that the multithreading strategy did not speed up the CPU-bound computation and only
kept one core active (100%) at a time. Although it wasn't a perfect 4x because of a ~2% serial fraction
and overhead, the 4-process solution used nearly all 4 cores (390% CPU) and delivered near-linear
speedup. Since only two threads could operate really in parallel (one per process), the hybrid
technique, which employed about two cores (200% CPU) and had two processes each executing a
thread, achieved about half the speedup of four processes. Threads used the least amount of memory
(all threads share the same memory space), using roughly 110 MB as opposed to the baseline of 100
MB (a minor overhead for thread stacking). Due to each of the four processes having a copy of the
data and interpreter state, multiprocessing resulted in a much higher memory cost (~350 MB) [5].
The hybrid approach used two processes, each with its own memory, but two threads shared that
process' memory, resulting in an intermediate memory use of about 180 MB. These findings clearly
show the influence of the GIL: multiprocessing unlocked multi-core performance at the cost of more
memory and overhead, but threading did not boost CPU throughput for compute-heavy tasks [3]. The
measured multiprocessing speedup of 3.7% can be compared to the theoretical maximum. According
to Amdahl's Law,

¢ 1
4= p
(1—p)+%

on 4 cores is the result of a completely parallel task (p = 7) [8]. A slight overhead or serial part
is implied by our slightly sub-linear speedup. The Amdahl formula's solution of S, = 3.7 yields an
effective serial fraction 1 — p =~ 0.02 (2%). This overhead may be caused by OS scheduling
overhead as well as the time required to start processes and integrate results. Because of context
switching under the GIL and thread management, the threading result (0.95x%) essentially indicates an
additional overhead of approximately 5% without any parallel advantage. This is equivalent to a
negative parallel efficiency. The hybrid efficiently utilized nearly two cores, as seen by its 1.8x
speedup on four cores (the parallel fraction for four workers is approximately p = 0.5 in Amdahl
terms). According to the Python community's established recommendations, multiprocessing is
currently the only practical way to get a noticeable speedup for CPU-bound jobs in CPython-5.

Results of I/0O-bound Workload: Multithreading proved to be particularly effective in I/O-heavy
activities where each worker spends most of their time waiting for data from the disk or network.
Because threads regularly release the GIL when doing blocking I/O (allowing other threads to
function), the GIL is not a significant bottleneck in this situation, unlike the CPU-bound scenario [4].
The threaded version with four threads outperformed the sequential version by approximately 3.6%
in our file/network workload. The speedup of the multiprocessing version (4 processes) was
comparable (~3.1x). Because some I/O activities compete for the same resource (such as disk
bandwidth or network socket) and cannot fully parallelize, as well as because handling several
requests at once adds overhead, the speedups are not as good as they could be. It's interesting to note
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that in this instance, pure threading performed somewhat better than multiprocessing. The metrics for
the I/O-bound workload are shown in Table 2.

Table 2. Performance of concurrency methods for an 1I/O-bound workload (concurrent file
reads/writes and network requests)

Method Time (s) | Speedup CPU Usage (%) Memory (MB)
Sequential 100 1.00 100 100
Multithreading (4 threads) 28 3.57 15 110
Multiprocessing (4 processes) 32 3.13 20 300
Hybrid (2%2) 30 3.33 20 180

Since the CPU was frequently idle while awaiting I/O, all concurrency techniques in the I/O-bound
experiments maintained a comparatively low CPU consumption (10-20% of a single core on average
throughout the time). It took 100 s for the sequential version to complete one transfer at a time. By
overlapping waiting periods, four threads reduced this to about 28 s. One thread can run or start
another I/O while the other waits on the disk or network. Since the GIL is released when I/O calls
are blocked, it does not impede this [4]. A comparable outcome was obtained using four processes
(32 s). Processes have higher overhead in context switching and data handling (and possibly the OS
reduced disk read concurrency slightly), which accounts for the little time discrepancy. Because
threads are lightweight, they were able to use the available I/O bandwidth a little more effectively
and with less overhead. In terms of time (30 s), the hybrid approach-two processes with two threads
each-performed roughly on par with pure threading. Given that we had four concurrent I/O operations
in flight, this is to be expected. Due to the use of two processes, the hybrid approach had a higher
overhead than threads alone, but it was also lower than employing four distinct processes. Again,
threads used very little memory (around 110 MB, close to the baseline because our implementation
did not save all of the data read in memory at once), but the 4-process example consumed about 300
MB (each process has its own Python runtime cost). About 180 MB were consumed by the hybrid
(two processes). To sum up, multithreading offered almost the same advantage as multiprocessing
for workloads that were I/O-bound, confirming that Python threads are appropriate for I/O-bound
concurrency [4]. This is so that threads can actually execute concurrently while one is waiting, as
I/O delays release the GIL. While processes might be preferred if we were to isolate memory or use
several machines, threads have the advantage of lesser memory and setup overhead (as demonstrated
by our results). Interestingly, all methods produced a speedup that was noticeably more than what
Amdahl's Law would indicate if we simply took CPU parallelism into account. In this case, the
speedup is due to the concealment of I/O latency. Almost the entire task can be overlapped (p
approaching 1) if the I/O wait is considered the portion that can be "parallelized" by overlapping
operations. Therefore, overlapping four operations ideally reduces the total time to about 1/4th, which
is consistent with our ~3.5% observed speedup (imperfect due to some resource contention).

Hybrid Workload Results (Mixed 1/0 + CPU). Both types of concurrency-overlapping I/O with
CPU activity and parallel processing across cores-were advantageous for the mixed workload. With
four processes, two of which are in CPU processing while the other two may be in their I/O phase,
the multi-process strategy already offers parallelism and some overlap in this situation, resulting in
implicit overlap of computation and I/O across processes. However, because an I/O-bound thread can
run in parallel with a CPU-bound thread when the latter drops the GIL during I/O, the multithreading
strategy allows I/O operations to overlap with each other or with CPU activity within the same
process. Threads are still unable to fully execute two CPU-bound activities in parallel, nevertheless.
The four threads in our image processing pipeline outperformed sequential by roughly 1.8x. Because
threads gained some parallelism by overlapping I/O and CPU phases of different tasks, this is better
than the pure CPU-bound case (where threads gave ~1x). In other words, while one thread was
computing on one image, another thread could be reading the next image from disk in the background.
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However, because threads had to operate one at a time under the GIL anytime multiple threads were
in CPU-bound areas, they were unable to achieve the performance of four processes. For the hybrid
workload, the 4-process solution came close to the optimal speedup of ~2.9% on 4 cores (the existence
of I/O stopped it from exceeding 4%, but it was a big gain over threads). With a speedup of about
3.3x, the hybrid technique (2 processes x 2 threads) outperformed the 4-process configuration by a
small margin, as illustrated in Figure 2. This suggests that the hybrid strategy outperformed the pure
multiprocessing strategy in taking use of more concurrency via overlapping I/O and CPU. Each
process in the multi-process (4x) technique completes tasks in the following order: read, calculate,
write. The disks may be idle at those times if all processes are concurrently computing (all processes
completed reading at roughly the same time and then entered calculation). Each process in the hybrid
approach had two threads, allowing it to do things like read the next file and work on the current one
at the same time. Both CPU and /O idle gaps were decreased by this pipelining.

H)ﬁbsrid Workload Speedup (mix of I/O and CPU tasks)

Ideal linear speedup (if fully parallelizable)
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Figure 2. Speedup for a hybrid workload (mixed CPU and 1/0)
using different methods

The hybrid method (green bar) achieves the highest speedup (~3.3x on 4 cores), slightly above the
pure multiprocessing (orange) which is ~2.8%. Threading (blue) improves over sequential by
overlapping some I/O with CPU, but is limited to ~1.8% due to the GIL serializing the CPU-intensive
parts. The hybrid workload's performance metrics are displayed in Table 3.

Table 3. Speedup for a hybrid workload (mixed CPU and 1/0) using different methods

Method Time (s) | Speedup CPU Usage (%) Memory (MB)
Sequential 100 1.00 100 100
Multithreading (4 threads) 55 1,50 100 110
Multiprocessing (4 processes) 35 2,53 320 300
Hybrid (2%2) 30 3.33 370 180

The hybrid method shows an advantage by overlapping 1/O and CPU both within and across
processes. The average CPU consumption during the sequential run of the hybrid workload was
roughly 60% of a single core because the CPU was not always fully utilized 100% of the time (it
spent a large chunk waiting on I/O). By overlapping I/O and computation, the multi-threaded version
increased CPU utilization to almost 100% of one core. In other words, threads kept the CPU active
more often by performing valuable tasks while I/O was underway (one thread computes while another
thread waits, and vice versa). But since threads were still only able to access one core at a time for
computation, the speedup remained constrained and the overall CPU utilization never went above
100% (one core). Multiple cores were used in the 4-process version (up to around 320% combined
CPU use, which means that on average 3.2 cores were active; occasionally, one process may be
waiting on input while others compute). By more efficiently overlapping jobs, the hybrid approach
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was able to keep almost all four cores working, as seen by its around 370% CPU consumption (some
minor idle time remained when periodically all workers waited on I/O). A slight but steady
improvement (~14%) was observed in the hybrid's execution time, which was 30 s as opposed to 35 s
for the four processes. Again, the hybrid's memory usage was comparable to the other methods (180
MB vs. 300 MB for 4 processes and about 110 MB for threads).

When comparing the hybrid workload's measured speedups to Amdahl's Law, the sequential
profile showed that about 50% of the time was spent on CPU work and 50% was spent on I/O.

p = 0.5 and Amdahl would provide

1 1 1

0.5+0TS 0.5+ 0.125 0.625

S4 = 16

we treat the I/O section as non-parallelizable (which is not quite accurate because we can overlap
I/O from different jobs, but assume worst-case serial for the formula). This is obviously exceeded by
our observed ~2.9x with multiprocessing, as the I/O was actually parallelized across processes. The
parallel fraction p is really closer to 1 if we assume that both CPU and /O are parallelizable across
tasks, and the primary serial component is merely coordination cost. For this mixed task, the hybrid
technique achieved around 83% parallel efficiency on 4 cores, with a 3.33x speedup out of a
theoretical maximum of 4x. In contrast, pure multiprocessing was approximately 71% efficient on 4
cores. By guaranteeing that some cores were conducting CPU work and others were handling I/O at
any one time, the hybrid approach effectively extracted increased parallelism while decreasing overall
idle time. This illustrates how activities involving substantial I/O and CPU components might benefit
from a combined threading+processing strategy.

Discussion

The tests unequivocally show how Python's Global Interpreter Lock (GIL) restricts multithreading
performance in real-world scenarios. Threads provided no discernible speedup for CPU-bound
applications because of the GIL serializing Python bytecode execution, which is consistent with
earlier results [1,2]. However, by running distinct interpreter instances, multiprocessing was able to
get around the GIL and achieve near-linear scalability on many cores, albeit at the expense of higher
memory overhead [3,4].

Both multiprocessing and multithreading showed good concurrency in I/O-bound workloads,
greatly increasing throughput by overlapping I/O delays. Because of their shared memory benefits
and lower overhead, threads demonstrated a minor advantage in certain situations [5,6]. By
effectively overlapping computation and 1/O activities, the hybrid approach — which combines threads
for concurrent I/O operations and multiprocessing for CPU tasks — offered greater performance on
mixed workloads, outperforming pure multiprocessing by up to 14% [8].

Amdahl's Law was also used to assess the measured speedups, showing that real-world overheads
(such as scheduling, context switching, and data transfer) can significantly lower actual speedups in
comparison to theoretical maximums [9]. The GIL may be eliminated or made optional in future
Python versions, according to recent proposals like Python's PEP 703, which might drastically change
concurrency techniques by enabling threads to efficiently parallelize CPU-bound operations [10].

Conclusion

This study showed that workload type and GIL presence have a significant impact on Python's
concurrency performance on multicore systems. While multiprocessing performs exceptionally well
at CPU-intensive activities despite memory and overhead costs, multithreading is very successful for
workloads that are I/O-bound but useless for jobs that are CPU-bound. Combining the parallel CPU
utilization of multiprocessing with the effective I/O overlap of threading, hybrid approaches
demonstrated potential for mixed workloads. These observations, which are supported by Amdahl's

211




BECTHUK Ka3HIIY um. Abas, cepus « PQusuxo-mamemamudeckue naykuy, Ne3(91), 2025 a.

Law, give developers precise direction when choosing Python concurrency models. Future
advancements could significantly enhance Python's multithreading capabilities and lessen
dependency on multiprocessing, such as the possible elimination of the GIL (PEP 703) [7].
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