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frameworks within neural networks

Vadim Korolev1,2,3,* and Artem Mitrofanov1,2
SUMMARY

While artificial intelligence drives remarkable progress in natural sciences, its broader societal implica-
tions are mostly disregarded. In this study, we evaluate environmental impacts of deep learning in mate-
rials science through extensive benchmarking. In particular, a set of diverse neural networks is trained for
a given supervised learning task to assess greenhouse gas (GHG) emissions during training and inference
phases. A chronological perspective showed diminishing returns, manifesting themselves as a 28%
decrease in mean absolute error and nearly a 15,000% increase in the carbon footprint of model training
in 2016–2022. By means of up-to-date graphics processing units, it is possible to partially offset the
immense growth of GHG emissions. Nonetheless, the practice of employing energy-efficient hardware
is overlooked by the materials informatics community, as follows from a literature analysis in the field.
On the basis of our findings, we encourage researchers to report GHG emissions together with standard
performance metrics.

INTRODUCTION

Climate change is one of the greatest challenges that humanity has faced and that must be mitigated for a sustainable future.1 Global warm-

ing caused by anthropogenic activities has already reached approximately 1�C above preindustrial levels.2 Moreover, an increase by 2.7�C—
far beyond the goals of the Paris Agreement—is expected to be reached in 2100 under the scenario with air pollutant emissions following

current trends.3 An immediate and deep reduction in greenhouse gas (GHG) emissions is necessary to limit global warming and avoid further

escalation of the climate change crisis; global net zero CO2 emissions need to be reached in the early 2050s.4

Substantial environmental impacts of scientific studies were shown recently. In particular, work-relatedGHG emissions per astronomer are

40%–60% higher than those per average citizen of the same country.5,6 Electricity consumption takes the first and second place among the

relevant types of activity, as follows from the assessments provided by the Australian astronomical community5 and Max Planck Institute for

Astronomy,6 respectively. The corresponding GHG emissions are mainly associated with the use of (super)computing facilities, thus raising

awareness of the carbon footprint deriving from the third pillar of modern science: simulation and modeling. Several attempts to estimate

GHG emissions in other computing-related fields, including bioinformatics7 and particle physics,8 have been carried out as well. In this

context, special attention should be paid to approaches under the umbrella of artificial intelligence (AI). Deep learning algorithms,9 being

one of the most exciting AI subfields, are rapidly developing; training compute has doubled every 8–17 months since 2015.10 GHG emissions

of large-scale models (e.g., T2T,11 GPT-3; 12 and BigScience Large Open-science Open-access Multilingual Language Model [BLOOM]13)

have reached the level of tons of carbon dioxide equivalents, tCO2e. Nevertheless, the focus of the AI community is still on achieving

state-of-the-art (SOTA) results on benchmarks, whereas other aspects, including environmental impacts, are mostly ignored. This tendency,

known as RedAI,14 has been identified for deep learningmodels in natural languageprocessing (NLP), but similar concerns hold true for other

AI-related fields.15,16

In materials science, the tetrahedron that incorporates four basic concepts—processing, structure, properties, and performance—has

lately been accompanied by a ‘‘digital twin’’ rooted in information science.17 The edge of the tetrahedron joining structure and properties

have been explored through the lens of AI algorithms, resulting in a paradigm shift toward data-driven materials science.18 Unfortunately,

these algorithms also follow the Red AI tendency by prioritizing accuracy above all other factors. In particular, there is no quantitative

assessment of the environmental impacts of AI in materials science to the best of our knowledge. To fill this gap, we examine materials

property prediction as a representative use case. A detailed consideration of temporal evolution in terms of model complexity and GHG

emissions is performed for a series of neural networks (NNs) trained in a uniform manner. The revealed trends confirm our preliminary

concerns: the carbon footprint of AI in materials science is no longer negligible and must be taken into account by AI practitioners in
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Figure 1. Temporal evolution of NNs in terms of performance and model complexity

(A) MAE in predicting CO2 working capacity as a function of the publication date. The first appearance of amodel, including preprints, is taken into consideration.

The models with state-of-the-art performance are labeled orange.

(B) The number of trainable parameters as a function of the publication date. The dashed blue line corresponds to a log-linear fit.
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the field. Nevertheless, an analysis of the literature indicates that the materials informatics community has yet to embrace a systematic

evaluation of environmental impacts.
RESULTS AND DISCUSSION

We evaluate the performance and carbon footprint of training a set of diverse NNs19–29 that predict CO2 working capacity in metal-organic

frameworks30 (MOFs). In our opinion, the selected approach, which centers on one target property and a specific set of supervised learning

algorithms, seems appropriate owing to the lack of comparable assessments inmaterials science. At this point, an analysis of themost general

trends (even at a semiquantitative level) rather than comprehensive benchmarking is necessary. It should also be emphasized that most of the

analyzed models are message-passing graph NNs, which are now the mainstream approach to achieving SOTA performance in materials

property prediction.31 Hence, the ensuing results will be primarily interesting to researchers who intensively use and develop these promising

models; recent transformer-based architectures are also taken into account.28,29 On the other hand, prediction of CO2 capacity should serve

as an emblematic example of a computational task that has a second-order positive impact on GHG emissions.

Mean absolute error (MAE) values as a measure of performance are depicted in Figure 1A. The models are organized in chronological

order by publication date. SOTA MAE decreased by 28% in six years (2016–2022): from 0.174 mmol g�1 for graph convolutional network19

(GCN) to 0.126 mmol g�1 for the fine-tuned version of the multi-modal transformer encoder pretrained with 1 million hypothetical

MOFs29 (MOFTransformer-FT). Starting from message-passing neural network20, SOTA MAE seems to diminish linearly, but this estimate

is rather speculative because of the small number of relevant models. In general, an incremental improvement in performance is achieved

by adopting advanced NNs (e.g., transformer-based MOFTransformer29) and incorporating physics-informed features (e.g., many-body in-

teractions in ALIGNN26). The diversity of NN architectures hinders a quantitative comparison of their complexity; therefore, here we apply a

simple criterion: the number of trainable parameters (Figure 1B). For the same period (2016–2022), the quantity increased by more than three

orders of magnitude: from 24.5 thousand for GCN to 86 million for MOFTransformer(-FT); the number of parameters doubled every

9.6 months according to a log-linear fit (dashed line in Figure 1B). Therefore, the performance gain is offset by the exponential cost in terms

of model size, in line with the diminishing returns32 rule in deep learning. It is also interesting to note that the deduced trend matches the

doubling time of 9–10 months intrinsic in large-scale models surprisingly well.10

Next, we examineGHGemissions associatedwith trainingNNs (Figure 2A). As in the case ofmodel size, a significant increase in the carbon

footprint during the considered period (2016–2022) was observed: from 27.0 gCO2eq for GCN to 4.07 kgCO2eq for Matformer. Accordingly,
2 iScience 27, 109644, May 17, 2024
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Figure 2. Greenhouse gas (GHG) emissions of model training in different domains

(A) GHG emissions of model training as a function of the publication date. The dashed blue line represents a log-linear fit. The horizontal dotted green and red

lines indicate GHG emissions associated with common activities. The gray circle shows cumulative GHG emissions of MOFTransformer-FT pretraining and fine-

tuning.

(B) GHG emissions of themodels deposited on the Hugging Face Hub. The blue circles denote themodels depicted in a subplot (A). The gold star indicates GHG

emissions of training the BLOOM.
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GHG emissions doubled every 11.2 months, as follows from a log-linear fit (dashed line in Figure 2A). A similar rate was noted in the case of

GHG emissions per epoch (11.7 months, Figure S1). If the trend continues, the carbon footprint of training a single model will exceed

10 kgCO2eq and 100 kgCO2eq in mid-2024 andmid-2027, respectively. To put the presented estimates into context, GHG emissions of com-

mon activities (https://www.epa.gov/energy/greenhouse-gas-equivalencies-calculator) are shown in Figure 2A. For instance, training the

GCN model has a carbon footprint equivalent to three smartphone charges, whereas the GHG emissions of the Matformer training phase

are comparable to driving an average passenger vehicle for 16.8 km. On the other hand, the time taken by a mature tree to sequester the

carbon dioxide equivalents33 emitted during the training of MOFTransformer-FT is 2.1 months, whereas this value is expected to be 9.1 years

for the presented hypothetical model in mid-2027. Another approach to assessing GHG emissions of the models in question is to compare

with those of some models from a different domain. An extensive collection of climate performance cards is available on the Hugging Face

Hub (https://huggingface.co/blog/carbon-emissions-on-the-hub). The distribution of carbon dioxide equivalents for training NLP models

(released from early 2022 to 30 April 2023) is shown in Figure 2B; the data on materials property predictors are also provided for comparison.

The values at the 5% and 95% quantiles are 7.4 mgCO2eq and 271.1 gCO2eq, respectively. Surprisingly, even the GCN model has a carbon

footprint higher than 81.1% of NLP models; this ratio for Matformer equals 99.3%. At the same time, the GHG emissions of SOTA models

predicting CO2 capacity are much lower than those from large language models (LLMs), such as the BLOOM.34 The difference between

the carbon footprints of training BLOOM and Matformer turned out to be 6,074-fold.

If we speculate about the mechanism of further increases in GHG emissions, the implementation of advanced LLMs seems to be a likely

candidate. The MOFTransformer model is based on BERT (Bidirectional Encoder Representations from Transformers35), presented by Goo-

gle in 2018. In our recent study,36 BERT was implemented to achieve SOTA performance on predicting properties of inorganic crystals. More

advanced LLMs, including Generative Pretrained Transformers37,38 (formed GPT-n series) from OpenAI, exceed BERT in terms of model size

by orders of magnitude and have yielded promising results on predicting chemical properties, according to preliminary attempts.39–41 Never-

theless, the avalanche-like growth of GHG emissions caused by the use of ever-growing LLMs can be partially amortized by large learning

capacity: a prominent feature of these models. Diverse pretraining strategies, including transfer learning and self-supervised learning,42

make it possible to achieve SOTA performance in downstream tasks at relatively low computational costs. MOFTransformer-FT should serve

as a vivid example: 1.89 kgCO2eq was emitted during the model training, whereas the pretraining phase would result in additional

44.5 kgCO2eq (Figure 2A). This rough estimate is based on the assumption that GHG emissions per example in the pretraining phase are

equal to those at the fine-tuning step. It should be underscored that the pretrained MOFTransformer can be reused multiple times without

GHG emissions, which occur during the pretraining. Still, inference-relatedGHGemissions, though negligible per sample (see Figure S2), can

reach significant levels because of intensive use of the corresponding model; trillions of hypothetical MOFs are potentially accessible for

screening within predictive algorithms.43 In a broader context, similar concerns are most relevant to generative AI: annual GHG emissions

from deployed LLM-powered applications (e.g., ChatGPT) can be many times greater than those from model training.44

The aforementioned results on GHG emissions were obtained through retroactive computations, which have inherent drawbacks. All

training experimentswere conducted in a consistentmanner using the same hardware, whereas energy efficiency of graphics processing units

(GPUs)—workhorses of deep learning45—consistently improved during the period of interest. For instance, single-precision performance of
iScience 27, 109644, May 17, 2024 3
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Figure 3. Graphics processing units (GPUs) employed in materials informatics studies

(A) The proportion of publications (by year) that mention a specific GPU model used.

(B) Timelines for selected GPU accelerators. The circles indicate the publication date with a time step of a month; the vertical arrays show that several preprints

were submitted in the same month. Enthusiast-class and professional GPUs are marked violet and blue, respectively.
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the NVIDIA Tesla series increased from 37.2 GFLOPS watt�1 for P100 (2016) to 145.7 GFLOPS watt�1 for H100 (2022). We suppose that if the

newly released GPUs are used during the NN training, then the GHG emission ratio for Matformer (2022) and GCN (2016) will decrease from

150.8 (Figure 2A) to 38.5. The choice in favor of the recent GPUs and other AI-specific hardware—tensor processing units—is recognized as an

effective way to lower the environmental impacts of deep learning.46 At the same time, little is known about the practical implementation of

such guidelines, especially in the field ofmaterials informatics. To clarify this aspect, we conducted a survey of preprints on arXiv that deal with

the application of NNs in materials science. The arXiv repository is an open-access platform for sharing findings that push the frontiers of

materials informatics before publication in peer-reviewed journals. In particular, 10 of the 11 tested NNs have a corresponding preprint

on arXiv. Among 317 manuscripts examined, only 62 (20%) contain a direct mention of GPU; the proportion ranged from 10% (2017) to

26% (2021) over the years (Figure 3A). Upon closer examination, it became apparent that there is an environmentally unfriendly tendency:

previous-generation GPUs are still in use alongside the newer devices (Figure 3B). For instance, Tesla K80 (launched in 2014) is mentioned

as a GPU accelerator in the manuscripts published before 2022 despite the availability of more energy-efficient successors, including P100

(2016) and V100 (2017). Other concerns are related to the abundance of enthusiast-class GPUs (GeForce 10, 20, and 30 series) that are

used almost as often as professional devices (Tesla series). Both trends suggest that the materials informatics community has mainly over-

looked the importance of utilizing the most advanced hardware, including GPUs, for reducing environmental impacts. Unfortunately,

much broader trends, such as the de-democratization of AI,47 tend to limit the access of academic institutions (primarily in low- and mid-

dle-income countries) to computing facilities necessary to implement SOTA models. Moreover, researchers generally do not consider the

carbon footprint of model training. While 55 manuscripts (17%) mention computation time, only one48 (0.3%) includes some estimates of

GHG emissions. Therefore, we should conclude that the negative environmental impacts of AI-related applications in materials science

are not even recognized as a problem by the community.

The current level of operational GHG emissions (in kgCO2eq) from model training and the (exponential) rate at which they grow should

raise concerns, whereas taking into account the carbon footprint of the entire model life cycle will reveal that the situation is evenmore fright-

ening. Specifically, model tuning (via hyperparameter optimization) aimed at improving accuracy typically requires training hundreds of

models with various architectures,49 causing GHG emissions to go up proportionally. Hence, the carbon footprint of SOTA models involved

in materials informatics tasks can reach hundreds of kgCO2eq during model development. At the inference stage, GHG emissions per test

point seem to be negligible (Figure S2). The practical use of a deployedmodel in industry-scale machine learning (ML) use cases may lead to

GHG emissions greater than those of the preceding stages50; there are no such estimates for materials informatics applications to date. From

a more general perspective,51 the effects of ML on GHG emissions have been classified into three categories: computing-related impacts,

immediate impacts of applying ML, and system-level impacts. All the aforementioned model-related emissions fall into the first category

in conjunction with the intrinsic emissions of hardwaremanufacturing. The last two categories are difficult to differentiate and estimate appro-

priately. It is interesting to note that these impacts can be either positive or negative, depending on an application. The presented use case

has good potential to influence climate change mitigation by accelerating the design of efficient CO2 adsorbers, whereas system-level
4 iScience 27, 109644, May 17, 2024
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impacts beyond immediate application-level impacts are not so obvious. To sum up, we expect that evaluating the environmental impacts of

AI in materials science holistically will require a community-wide effort via a shift of the focus from the performance-centric point of view.

The carbon footprint of AI in materials science definitely deserves much more attention than it has attracted so far. The confirmed ten-

dencies indicate environmental impacts that should not be ignored and are expected to grow. By presenting this study, we hope to inspire

further efforts on evaluation of GHG emissions in the field. Currently, there are several ways to make quantified GHG emissions accessible to

the scientific community, including impact statements of data science conferences andmetadata of model cards in open-access repositories,

such as the Hugging Face Hub. Although the proposed options meet only some specific needs of AI practitioners in materials informatics,

they can still be a stepping stone toward a more sustainable and greener AI-powered materials science.

Limitations of the study

The emission intensity coefficient at a specific location can vary throughout the day, affecting the conversion of energy consumption to CO2

emissions; assuming an insignificant influence of this factor, we excluded it from our consideration.
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Software and algorithms

Python version 3.10 Python Software Foundation https://www.python.org

Mofdscribe v0.0.7 Jablonka et al.52 https://github.com/kjappelbaum/mofdscribe

PyTorch v1.13.1 Paszke et al.53 https://github.com/pytorch/pytorch

Eco2AI v0.3.9 Budennyy et al.54 https://github.com/sb-ai-lab/Eco2AI

GCN Kipf et al.19 https://github.com/Fung-Lab/MatDeepLearn

MPNN Gilmer et al.20 https://github.com/Fung-Lab/MatDeepLearn

SchNet Schütt et al.21 https://github.com/Fung-Lab/MatDeepLearn

CGCNN Xie et al.22 https://github.com/Fung-Lab/MatDeepLearn

MEGNet Chen et al.23 https://github.com/Fung-Lab/MatDeepLearn

GATGNN Louis et al.24 https://github.com/usccolumbia/

deeperGATGNN

OGCNN Karamad et al.25 https://github.com/RishikeshMagar/OGCNN

ALIGNN Choudhary et al.26 https://github.com/usnistgov/alignn

DeeperGATGNN Omee et al.27 https://github.com/usccolumbia/

deeperGATGNN

Matformer Yan et al.28 https://github.com/YKQ98/Matformer

MOFTransformer Kang et al.29 https://github.com/hspark1212/

MOFTransformer
RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be fulfilled by the lead contact, Vadim Korolev

(korolev@colloid.chem.msu.ru).

Materials availability

This study did not generate new unique reagents.

Data and code availability

� The data accompanying this study were made available on Zenodo at https://doi.org/10.5281/zenodo.10726802.
� The source code accompanying this study were made available on Zenodo at https://doi.org/10.5281/zenodo.10726802.
� Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

METHOD DETAILS

Dataset

A subset of diverse crystal structures was taken from the ab initio REPEAT chargeMOF30 (ARC�MOF) database; the following procedure was

applied to select appropriate entities. First, we decided to consider the structures for which the corresponding target value—CO2 working

capacity in a post-combustion vacuum swing adsorption (VSA) process—was greater than 0.05 mmol g�1. By doing this, we eliminated un-

physically calculated values (negative working capacity) and outliers on a logarithmic scale; the distribution of the target property was initially

lognormal (Figure S3). Detailed information on relevant grand canonical Monte Carlo (GCMC) simulations was provided in the original

study.30 To reduce the computational expense, we did not consider structures that containmore than 200 atoms per unit cell. Second, revised
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autocorrelations55,56 (RACs), as implemented in the mofdscribe library,52 were calculated for each valid structure. Finally, the maximin greedy

algorithm was used for the subset selection: starting with an empty set, a new entity was added to maximize the distance in feature space

(formed by 480-dimensional RAC vectors) from the current entities. The final ARC�MOF subset containing 20,000 structures was split into

training (80%), validation (10%), and test (10%) sets. The base-10 logarithm of CO2 working capacity was predicted by the supervised learning

algorithms of interest.
Models

The following supervised learning algorithms were benchmarked: Graph Convolutional Network19 (GCN), Message Passing Neural

Network20 (MPNN), SchNet,21 Crystal Graph Convolutional Neural Network22 (CGCNN), MatErials Graph Network23 (MEGNet), Global

ATtention-based Graph convolutional Neural Network24 (GATGNN), Orbital Graph Convolutional Neural Network25 (OGCNN), Atomistic

Line Graph Neural Network26 (ALIGNN), Global ATtention-based GNN with differentiable group normalization and residual connection27

(DeeperGATGNN), Matformer,28 and multi-modal Transformer encoder pretrained with 1 million hypothetical MOFs29 (MOFTransformer).

All models were trainedwith hyperparameters provided in the original articles.We used PyTorch-based53 implementations exclusively, taking

into account the substantial effect of a framework (PyTorch vs. TensorFlow) on energy and runtime performance.57 All models (except

MOFTransformer) were trained for 1000 (300) epochs with early stopping at 100. GHG emissions of model training and inference were

measured by means of the Eco2AI package,54 recommending the emission intensity coefficient of 240.56 kgCO2e per MW$h (Moscow).

All calculations were carried out on a workstation equipped with two Intel Xeon CPUs E5-2695 v4 @ 2.10 GHz, 144 GB RAM, and NVIDIA Ge-

Force RTX 3090 Ti.
Literature analysis

Weexaminedmanuscripts submitted to arXiv from1 January 2016 to 25 April 2023 that satisfied the following conditions: (‘‘cond-mat.mtrl-sci’’

IN Subjects) AND (‘‘deep learning’’ IN Title OR ‘‘deep learning’’ IN Abstract OR ‘‘neural network?’’ IN Title OR ‘‘neural network?’’ IN Abstract).

The deposited preprints were not peer-reviewed beforehand, and therefore, to ensure scientific validity, we included only preprints that were

published later in a journal. A total of 317 manuscripts met all the aforementioned criteria. Both authors of the present study independently

curated the chosen preprints to examine the following aspects: themodel of a GPU accelerator used, estimates of training time, and the level

of GHG emissions.
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