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Abstract
This report examines the role of local versus cloud computing in scientific computing as practiced

in chemical engineering, environmental engineering, biotechnology and process technology, with

specific attention to scientific machine learning, modelling, simulation and inference workloads

typical of PhD level research. The analysis is based on a meta analysis of publications from 2025

and 2026 extracted from arXiv and associated GitHub repositories, complemented with peer

reviewed literature in computational chemistry, engineering simulation and related fields.

Across this evidence base, a substantial body of papers explicitly reports experiments executed on

single workstation systems equipped with consumer RTX GPUs and roughly 128 GB of host

memory. The frequency of these disclosures is of the same order of magnitude as references to

cloud based computation. This is notable because the broader technology narrative strongly

promotes cloud infrastructure, largely through large scale commercial messaging, while the

research literature shows that modern local compute remains an efficient, routine and accepted

experimental platform.

Taken together, the evidence indicates that for a large majority of day to day scientific computing

tasks in these domains, a modern local workstation, for example a system with an RTX 5090 class

GPU, about 128 GB RAM, multi terabyte NVMe storage and a contemporary multi core desktop

processor, is already sufficient to execute modelling, training, inference and simulation workflows.

Cloud and cluster resources remain important for genuinely large scale computations. However,

the literature suggests a common development pattern: models are often built and stabilised on

local machines first, with larger infrastructure used later when additional scale is needed. This

reflects the iterative nature of research, where working locally helps ensure that methods behave

correctly before larger resources are applied.

Data sources, scope, and interpretation rules
This report combines two evidence streams.

First, a deterministic snapshot of a research database maintained by ComputeCosts.nl was

scanned for infrastructure vocabulary and explicit hardware disclosures. The archive contains 6690

unique arXiv papers collected between 1 January 2025 and 19 February 2026. The archive is
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produced through an ingestion pipeline using predefined keyword queries related to scientific

computing, machine learning, simulation and computing infrastructure.[1] As a result, the dataset

represents a deterministic observatory sample designed to surface papers in which compute

infrastructure is likely to be mentioned rather than the entire arXiv corpus. Within this archive, titles

and abstracts were normalised and scanned using predefined phrase groups representing cloud

computing, local execution terminology and explicit hardware disclosures.

In addition, the observatory maintains a deterministic Wikipedia infrastructure archive covering the

same period.[2] Page and concept level activity around infrastructure related topics such as cloud

computing and local compute environments was recorded to provide an independent signal about

the relative visibility of these concepts in the surrounding technical knowledge ecosystem.

Second, a targeted inspection of domain literature was performed across chemical engineering,

environmental engineering, biotechnology and analytical chemistry, including computational

chemistry and engineering simulation work that is routinely used in these domains. The search

focused on papers that explicitly disclose the compute hardware used in the experiments, in

particular the presence of RTX class GPUs in workstation environments. The inclusion criterion

was strict: the publication must explicitly report this compute environment used to execute the work.

The objective is not to estimate adoption rates. The objective is operational and falsifiable: to verify

whether workstation class RTX based systems appear as explicitly reported experimental

substrates in published research, and to connect those disclosures to a workflow pattern in which

local iteration is dominant and external infrastructure is used selectively.

Interpretation is asymmetric. An explicit disclosure of a named RTX GPU and stated host memory

is treated as direct evidence of a publishable and used workstation configuration. Aggregate

abstract level counts are treated as conservative lower bound signals because most papers omit

infrastructure details. Absence of a disclosure is not interpreted as absence of local compute.

The hardware envelope used in the argument is intentionally practical: an RTX class GPU,

approximately 128 GB RAM, multi terabyte NVMe storage, and a contemporary multi core desktop

processor. This envelope is treated as a rational default only to the extent that it matches published

practice and supports the full daily research loop on one deterministic machine.

Evidence of RTX workstations in contemporary scientific computing
The question addressed here is straightforward: are consumer RTX workstation systems actually

used and reported in contemporary scientific research. The literature shows that they are.

A targeted inspection of recent publications in chemical engineering[3][4][5][6][12][20][22][23],

biotechnology[13][14][7][9][16][17][18][21] and analytical chemistry[15][8][10][11][19] reveals the

structural appearance of papers that explicitly report experiments executed on single workstation

systems equipped with NVIDIA RTX GPUs. In these papers the hardware platform is described as

part of the experimental setup rather than as a subject of discussion. The disclosures therefore

provide direct evidence of the infrastructure used to perform the work.

Across these domains the reported systems consistently fall within the same envelope: a single

workstation equipped with an RTX class GPU and substantial host memory. These disclosures
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appear in simulation studies, molecular modelling workflows, screening pipelines and machine

learning based analysis used in engineering and chemical research.

The pattern is not limited to these domains. Independent machine learning and computational

science papers also report experiments executed on RTX based workstations, including systems

with roughly 128 GB of RAM.[24][25][26][27][28][29] [30][31][32][33][34] This indicates that such

configurations are broadly accepted as practical research environments rather than exceptional

setups.

An independent signal is provided by the ComputeCosts.nl arXiv observatory snapshot. Within

6690 papers collected between 1 January 2025 and 19 February 2026, references to cloud

computing appear in 253 abstracts, while explicit references to RTX 4090 appear in 59 abstracts,

with a similar number referring to RTX GPUs more generally.[1] Because abstracts rarely describe

full hardware environments, these values are interpreted as conservative lower bound

observations.

Taken together, the evidence shows that workstation systems equipped with RTX GPUs are

routinely used and reported in contemporary research. The configuration used throughout this

report, a workstation with an RTX class GPU and approximately 128 GB of host memory, therefore

reflects hardware that is already generally applied in published scientific practice. This is notable

because the broader technology narrative strongly promotes cloud infrastructure, largely through

large scale commercial messaging, while the research literature shows that modern local compute

remains an efficient, routine and accepted experimental platform.

Workstation scale computing in scientific and engineering research
Scientific computing in chemical, environmental, biotechnological and process engineering

research is dominated by iterative research workflows rather than by peak theoretical throughput.

The relevant unit is the research loop repeated throughout a project: write or modify a model,

prepare data, run the experiment, inspect results, adjust, and rerun.

Typical PhD level workloads in these domains include iterative modelling, numerical simulation,

parameter estimation, optimisation, surrogate modelling and machine learning assisted analysis.

These tasks can be computationally demanding, but during the dominant development and

calibration phase they rarely require distributed infrastructure. The practical requirement is simply

that the entire workflow fits into one stable environment with sufficient GPU capability and host

memory to keep working sets resident.

The published disclosures in the previous section operationalise this requirement. Across

chemistry computation, molecular simulation and engineering simulation, multiple papers report

single node execution on consumer RTX GPUs with host memory around 128 GB. This

corresponds closely to a workstation envelope consisting of an RTX class GPU, approximately

128 GB RAM, multi terabyte NVMe storage and a contemporary multi core desktop processor.

The reason this envelope matters is operational friction. Local execution starts immediately, the

environment remains under direct control, data paths are local, and instrumentation and debugging

are continuous. These properties increase the number of completed experimental cycles per day,

which is the dominant driver of progress during method development.
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Host memory around 128 GB forms a practical threshold because it accommodates larger working

sets without constant pruning, swapping or staging. It also allows concurrent workloads typical for

these domains, such as simulation with preprocessing and postprocessing, training with plotting, or

caching with inference. Multi terabyte NVMe storage complements this by keeping checkpoints,

datasets, intermediate artefacts and reproducibility assets locally available.

GPU capability matters even when a project is not framed as deep learning. Surrogate models,

differentiable pipelines, inverse problems, optimisation loops and computational chemistry kernels

frequently use GPU acceleration through existing toolchains. This is directly reflected in published

RTX disclosures across chemistry and engineering. The references [3-34] mentioned in the

previous section underline this.

This evaluation results in a limited but strong conclusion: A workstation with an RTX class GPU and

roughly 128 GB of host memory is sufficient for the majority of day to day work because it supports

the dominant iteration and calibration loop locally, consistent with repeatedly reported practice in

the literature.

When cloud or clusters accelerate, and why they remain secondary
External compute resources remain important in modern scientific computing. Certain workloads

exceed the limits of a single workstation, including distributed memory multiphysics at very high

resolution, extremely large ensemble studies, or training and sampling regimes that surpass the

memory or compute envelope of a single GPU node.

However, in such cases the literature shows a consistent pattern in how research workflows evolve.

Development, debugging and validation are typically carried out on a single local machine before

larger resources are engaged. The dominant phase of research is iterative: models are written,

modified, instrumented and repeatedly executed until the behaviour of the system is understood

and the implementation is stable.

This pattern is consistent with the evidence base used in this report. Many papers that could have

relied on clusters still report single machine RTX workstations for experiments and evaluation,

indicating that local execution remains the default environment for substantial parts of modern

research, with external resources introduced only when scale clearly benefits the

investigation.[35][36][37]

Conclusion
The literature shows that workstation scale computing is not exceptional but routine.

Across the literature examined in this report, numerous publications explicitly report experiments

executed on single workstation systems equipped with consumer RTX GPUs and host memory

around 128 GB. These disclosures occur across computational chemistry, molecular simulation

and engineering simulation workloads relevant to chemical engineering, environmental

engineeringn analytical chemistry and biotechnology.

Taken together with the observatory signals analysed earlier, this evidence indicates that

workstation scale systems are not exceptional infrastructure but a routine experimental platform in

contemporary scientific computing. This observation contrasts with the broader public narrative
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around computing infrastructure, which frequently emphasises large scale cloud platforms, while

published research practice continues to make extensive use of local compute environments.

For most research workflows, the dominant phase of work is iterative development, calibration and

validation. A local workstation with an RTX class GPU, roughly 128 GB of RAM, multi terabyte

NVMe storage and a modern multi core processor is the most efficient platform to support this loop

on a single deterministic machine.

Cloud and cluster resources remain essential for genuinely large scale computations. The pattern

visible in the literature, however, is consistent: methods are developed and stabilised locally, after

which external infrastructure is used selectively and exclusively when additional scale materially

advances the investigation.
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