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Supplementary Note #1. Details on Database Construction 

Supplementary Note #1-1. Preparation of Periodic SDF 

Preparation procedures for periodic SDFs of MOFs are illustrated in Supplementary Fig. 1. The 

surface mesh of atoms comprising MOFs is obtained using the PyMOL1 library, and the SDF can 

be sampled from the obtained mesh using the mesh-to-sdf2 library. However, for the periodic SDF 

with periodic boundary conditions (PBCs), the sampling procedure of SDF is modified to be 

carried out in a 3x3x3 supercell where each sampling point has 27 replicates. To further apply 

PBCs, among the 27 replicate points, the minimum SDF value is retrieved and assigned to SDF of 

the original cell. A visualization of crystal structure and periodic SDF of MOF-5 is illustrated in 

Supplementary Fig. 1 as an example. As can be seen, the periodic SDF well describes the 

periodicity of the crystalline structure with considering connectivity between atoms crossing cell 

boundaries. 

The resolution of the SDF is a tunable parameter, and there exist a trade-off between the accuracy 

and memory usage as the resolution increases. In this work, a resolution of 323 (which means each 

x,y, and z axis of the unit cell were dived into 32 partitions and used for the sampling) was chosen 

as it balances both representation accuracy and memory requirements. Supplementary Fig. 2 

illustrates periodic SDFs of representative MOFs prepared with a resolution of 323. It is visually 

confirmed that this resolution accurately represents the intrinsic pore shape of each structure. 
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Supplementary Fig. 1. Periodic SDFs for crystal structures. Procedure for applying periodic 
boundary conditions to SDFs. For Periodic SDF, the SDF is sampled in the expanded super cell, 
and the minimum value among the replicated sampling points is retrieved. The crystal structure of 
MOF-5 and its periodic SDFs are represented as an example. The periodic SDF accurately 
represents the pore surface with capturing the connectivity of the atoms across the cell boundaries. 
  



 4 

 

 
Supplementary Fig. 2. Periodic SDFs of representative MOFs. Periodic SDFs of MOF-5, 
HKUST-1, UIO-66 and MOF-74 were prepared and visualized at a resolution of 323. Their 
intrinsic and distinct pore structures are well represented.  
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Supplementary Note #1-2. MOF-SDF database Construction 

A MOF database for the training of MOFFUISON is prepared using PORMAKE3, a software for 

the hypothetical MOF generation. PORMAKE allows for the easy generation of MOF structures 

using combinations of topologies and building blocks. In this work, to reduce computational costs, 

structures with more than 1500 atoms and/or with unit cell lengths larger than 60 Å were excluded 

from generation. Additionally, only MOFs consisting of up to two nodes and only one edge were 

considered to generate feasible structures. Structures without metal nodes were excluded to avoid 

generating COFs. All building blocks and topologies were uniformly and randomly selected during 

the generation process. To achieve a broad and uniform distribution of topologies within the 

database structures, the number of structures per topology was limited to a minimum of 100 and a 

maximum of 500. In total, 247,742 structures were generated, which are composed of 605 

topologies, 432 metal nodes, 51 organic nodes and 220 edges. All generated structures were 

geometrically optimized using the LAMMPS4 package with the universal force field (UFF)5, 

following the same procedure as Kang et al.6, which is further described in Supplementary Note 

#5-3.  Subsequently, the periodic SDFs of the optimized structures were obtained according to the 

procedures outlined in Supplementary Note #1-1. 
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Supplementary Note #2. Details on Model Architecture 

Supplementary Note #2-1. Vector Quantized-Variational AutoEncoder 

Within MOFFUSSION, the Vector Quantized-Variational AutoEncoder (VQ-VAE) maps SDFs 

of resolution 323 into a compressed latent space of resolution 83. The architecture of VQ-VAE was 

adopted from Aaron et al.7, who first proposed the architecture. We trained the model by splitting 

train/test with a ratio of 8:2, and conducted further analysis to determine whether our trained VQ-

VAE effectively captures the geometric characteristics of SDFs and maps them into appropriate 

latent vectors. 

First, qualitative analysis on the trained VQ-VAE was conducted by comparing visual attributes 

of reconstructed (i.e., compression and restoration) SDFs through VQ-VAE with theirs original 

SDF. As shown in Supplementary Fig. 3, the reconstructed SDF showed almost identical 

visualizations, providing the most straightforward evidence of the performance of the trained VQ-

VAE. 

Additionally, the latent space of the trained VQ-VAE was explored using t-distributed stochastic 

neighbor embedding (t-SNE). The t-SNE plot of top 10 frequently appearing topologies were 

shown in Fig. 3b of the main text, and the MOFs with the same topology showed clustered 

distributions. The t-SNE plot of all MOFs is illustrated in Supplementary Fig. 4 with top 10 

topologies colored as well.  Clustering of each topology was observed even in the plot of the entire 

database, validating that the VQ-VAE was successfully trained with effectively capturing 

geometric features of SDFs. 
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Supplementary Fig. 3. Reconstruction of SDFs through VQ-VAE. Qualitative comparison of 
ground truth SDFs of MOFs with their reconstructed SDFs through the trained VQ-VAE. The two 
set of SDFs display almost identical visual attributes. 
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Supplementary Fig. 4. A t-SNE plot of the trained VQ-VAE. A t-SNE plot of MOFs with the 
top 10 frequently appearing topologies, embedded using the trained VQ-VAE. Source data are 
provided as a Source Data file. 
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Supplementary Note #2-2. Diffusion Model 

The detailed explanation on the diffusion model is provided in the Methods section of the main 

text. In Supplementary Fig. 5, we further introduced the 3D U-Net architecture used in 

MOFFUSION. We adopted the most common model shared by open AI8. As with the VQ-VAE 

architecture, circular padding option was used for convolutional layers to account for periodicity 

of crystalline materials during data processing. We randomly split the training and test dataset with 

a ratio of 8:2 and used for training. 

 

 
Supplementary Fig. 5. 3D U-Net Architecture. The 3D U-Net architecture used within the 
diffusion model part of MOFFUSION.  
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Supplementary Note #2-3. MOF Constructor 

As introduced in the main text, the MOF Constructor is a classification model that predicts the 

building components (i.e., topology, metal node, organic node, edge) based on the input SDF. 

MOF Constructor is the most unique component of MOFFUSION and plays a significant role in 

determining the performance of the workflow. Consequently, we conducted several experiments 

to achieve the highest possible performance for the MOF Constructor. We standardized its basic 

architecture to ResNet9, one of the most widely used architectures in image classification, and 

tested various approaches to identify the optimal setting. The dataset was split into train, test, and 

validation sets with a ratio of 8:1:1, and used for the training and accuracy comparison, 

 

1) 1 channel SDF vs 4 channel SDF 

When predicting the building blocks of a given SDF, using only the SDF of the entire structure 

might be insufficient. In this case, providing additional details on the shapes of individual building 

blocks (metal node, organic node, and edge) can be beneficial for making more accurate 

predictions. Therefore, we compared the model accuracy with using different numbers of SDF 

channels. For the 1 channel SDF, only the SDF of the entire structure was provided. For the 4 

channel SDF, the SDFs of the entire structures, metal node, organic node, and edge were included 

(Supplementary Fig. 6a). 

We tested the accuracy of MOF Constructor for both case and found that the accuracy was higher 

with the 4 channel SDF. (For this comparison, we used the unified model, which will be discussed 

in following section, Supplementary Fig. 6c) Therefore, even though it requires more memory, we 

decided to use the 4 channel SDF representation for the entire workflow.  
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2) Unified Model vs Cascaded Model 

The four building components of MOFs to be predicted (i.e., topology, metal node, organic node, 

and edge) are not on the same hierarchical level. The topology of a MOF is at a higher hierarchical 

level and influences the determination of the other building blocks. Once topology of the structure 

is set, only certain nodes can be used. For example, if the topology is determined to be pcu, only 

metal nodes with 6 connect points can be placed. In that sense, predicting the topology first, and 

then predicting the rest of the components using pre-determined topology information can lead to 

more accurate and feasible structure predictions. 

We compared two model architectures: the unified model and the cascaded model. The unified 

model predicts all components (topology and building blocks) simultaneously, while the cascaded 

model uses a hierarchical architecture that first predicts the topology and then predicts the building 

blocks using the information from the predicted topology (Supplementary Fig. 6b, Supplementary 

Fig. 7). We compared the accuracy of the two models and observed an increase in performance 

with the cascaded model as shown in Supplementary Fig. 6c. Therefore, we decided to use the 

MOF Constructor with the cascaded model architecture for MOFFUSION. 

Edge prediction showed relatively low accuracy compared to other components (e.g., 0.47 for the 

cascaded with 4 channel case). We further investigated the causes of this decrease in accuracy. In 

Supplementary Fig. 6d, we visualized some cases of wrong edge predictions. As can be checked, 

MOF Constructor is confused between edges with similar chemical structures, rather than 

providing random incorrect output. In fact, for the top 5 predictions, the accuracy of the edge 

prediction increased to 0.83. Therefore, we concluded that current MOF Constructor is well trained, 

and even for incorrect predictions it provides structurally similar building blocks which would 

result in highly similar SDF. 
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Supplementary Fig. 6. Details on MOF Constructor. a. 1 channel and 4 channel SDF 
representation. Different numbers of channels were tested. The 1 channel SDF involves only the 
overall SDF, while the 4 channel SDF includes additional SDFs for the metal node, organic node 
and edge. b. Unified and cascaded architecture. The unified model predicts the topology, metal 
node, organic node, and edge simultaneously, whereas the cascaded model first predicts the 
topology and then predicts the building blocks using the predicted topology information. c. 
Accuracy of various methodologies. A comparison of the accuracies of different methodologies 
was conducted. The cascaded model with a 4 channel SDF showed the highest accuracy.  The top 
5 accuracy refers to when the correct answer is among the five categories that showed the highest 
confidence. d. Examples of wrong edge prediction. Two cases of wrong edge prediction cases are 
presented, along with the 4 candidates with the highest confidence score. In cases of incorrect 
predictions, confusion arises among edges that appear similar. 
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Supplementary Fig. 7. Architecture of unified and cascaded MOF Constructor. Unified and 
cased model of MOF Constructor is shown. Unified model makes prediction of topology, metal 
node, organic node, and edge simultaneously, while the cascaded model first predicts the topology, 
and then predicts remaining building blocks using the predicted topology information. After the 
prediction, MOF can be built using PORMAKE software. Both architectures are based on ResNet, 
one of the most widely used models for image classification.  
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Supplementary Note #3. Details on Unconditional Generation 

Supplementary Note #3-1. Unconditional Generation Result 

Structural analysis was conducted on structures generated from 10,000 generation attempts the by 

trained MOFFUSION. Surface area, pore limiting diameter, and density were computed, and their 

distributions were shown alongside those of the structures comprising the training dataset 

(Supplementary Fig. 8). The distributions of MOFFUSION-generated structures showed highly 

similar distributions to those of the training set, validating that MOFFUISION has learned the 

intrinsic distribution of the training set and can generate structures resembling them. Qualitative 

analysis on the similarity between the structures generated by MOFFUSION and those in the 

training can be found in Table 1 of the main text and Supplementary Note #3-2.  

 

 

Supplementary Fig. 8. Structural properties of generated structures by MOFFUSION. The 
distributions of surface area, pore limiting diameter, and density of structures obtained from 10,000 
generation attempts by MOFFUSION are depicted. The distributions are visualized alongside the 
247,742 structures comprising the training dataset. Two distributions showed an almost identical 
profile in all three descriptors. Source data are provided as a Source Data file. 
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In addition to the comparison with the structures in the training set, we further compared our 

generated structures to the experimental structures stored in the Open Chemistry Database 

(OChemDB). OChemDB offers various statistics on chemical structures (e.g., bond, angle, and 

torsion) of crystals. We compared the metal-oxygen bond distances of MOFFUSION generated 

structures and those comprising OChemDB. Specifically, we examined Zn, Cu, and Co atoms, 

which are among the most common metals in MOFs. As shown in Supplementary Fig. 9, the 

distributions of all three bond types in MOFFUSION generated structures exhibited similar profile 

to those in OChemDB, validating the reliability of the output structures and the entire workflow. 

 

Supplementary Fig. 9. Distribution of metal-oxygen bond distances in Open Chemistry 
Database (OChemDB) and MOFFUSION generated structures. The distributions of metal-
oxygen bond distances for Zn, Cu, and Co atoms in structures obtained from 10,000 generation 
attempts by MOFFUSION (orange) are compared with the structures from the OChemDB database 
(green). Source data are provided as a Source Data file. 
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Supplementary Note #3-2. Details on Database Diversity Comparison 

We have compared the diversity of datasets used for training the generation models for MOFs in Table 1 

of the main text. While we have detailed the procedure for dataset construction of MOFFUSION in 

Supplementary Note #1-2, further details on the dataset used for the training in precedent works would 

be more discussed in this section. 

For training SMVAE10, the authors used their own hypothetical dataset, constructed by utilizing building 

blocks comprising CoRE MOF database11. As noted in Table 1, they considered 153 topologies, 14 metal 

nodes, 47 organic nodes, and 372 edges in total. However, it should be noted that, to further augment data 

abundance, they expanded their edges sets through random functionalization. They functionalized their 

edges with 30 commonly used linker functional groups, expanding the number of generalizable edges to 

around 300k.  

In the case of MOFDiff12, a pre-built BW-DB dataset13 composed of 289k hypothetical MOF structures was 

used for training. The database was constructed specifically for investigating the CO2 capture capabilities 

of MOFs. They utilized 12 topologies, 8 metal nodes, 65 organic nodes and 29 edges for construction. It is 

mentioned in the original BW-DB paper that a larger set of building blocks could have been used, but they 

felt that limiting the number of building blocks improved the synthetic viability of the structures. 

For both cases, the ToBaCCo14 software was used for the construction of hypothetical MOF structures. 

ToBaCCo and PORMAKE (used in this work) operate in a similar manner, where both software generate 

hypothetical structures using a top-down method with predefined building blocks. It is worth mentioning 

that, as PORMAKE was reported later, PORMAKE’s building block datasets contain every building block 

used in ToBBaCCo. 
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Supplementary Note #3-3. Details on Performance Comparison 

The generation performance of MOFFUSION was compared to previous generative models 

targeting MOFs, as shown in Table 1. As mentioned in the main text, a completely fair comparison 

is impossible because each model was trained on different datasets and used completely different 

workflows. However, a comparison was made as fairly as possible by focusing solely on the output 

structures generated by 10,000 generation trials of each model.  

Structure validity is a metric widely used for assessing the quality of the generated structures 

through generative models. As described in the main text, the validity of the structures generated 

through MOFFUSION was assessed using the following metric. First, the structure must be able 

to be generated using PORMAKE. This includes: (ⅰ) the connection points of building blocks 

should be compatible with the topology, and (ⅱ) building blocks need to be placed to a given site 

within a certain root mean square distance. (More details on the PORMAKE generation scheme 

can be found in Lee et al.3) Second, for the generated structures, geometry optimization is 

conducted to filter out those structures that are chemically non-feasible or suffer from excessive 

steric hindrance (which might lead to either failure in force field assignment or convergence). It is 

our opinion that our metric is more stringent compared to some precedent works, which considered 

the structure valid only if there was no atom overlap.15  

First, the validity of the structures was compared by examining the proportion of valid output 

structures over the generation trials. Fortunately, the original papers of SMVAE and MOFDIFF 

evaluated and reported the validity of their generated samples, so these values directly taken from 

their respective papers. (For SMVAE, this value refers the prior validity of the trained VAE model.) 

In the case of MOFFUSION, 10,000 generation attempts were made, and the proportion of valid 

structures was calculated. As also described in the main text, the validity of the generated structures 
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was assessed using the following metrics. In addition, uniqueness and novelty of the generated 

structures were further discussed in the main text. 

The earth mover’s distance (EMD) between the property distributions of generated materials and 

test materials was calculated and compared. This is a commonly used metric to evaluate generative 

models developed for materials generation. Property statistics for pore limiting diameter (PLD), 

accessible gravimetric surface area (SA), and density, which are key structural properties of porous 

materials, were compared. In the case of SMVAE, the structural properties of 45,000 randomly 

selected structures from their database were tabulated. Additionally, along with the trained final 

SMVAE model, a trained property predictor was provided, which predicts chemical properties 

based on the vector in the latent space. Therefore, we performed 10,000 generation runs and 

obtained the predicted PLD, SA, and density of 6,346 valid structures. We then calculated the 

EMD between these values and the 45,000 structures from the dataset. For MOFDIFF, we carried 

out 10,000 generation attempts and obtained the structural properties using Zeo++ software. 

Afterward, we calculated the EMD by comparing it with the BW-DB dataset, which was used for 

training MOFDIFF. For MOFFUSION, EMD between the generated valid structures from 10,000 

generation attempts and the training set was calculated.  
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Supplementary Note #3-4. Ablation study of the SDFs 

Within MOFFUSION, the SDFs is used to represent MOF structures and the generated SDFs 

through diffusion model are mapped back to MOF structures. To provide a quantitative evidence 

of the advantage of going through SDFs, we examined the performance of the workflow after 

excluding the SDF phase, allowing the diffusion model to generate building blocks directly. We 

utilized the D3PM16 architecture, one of the most widely used diffusion models specifically 

designed for discrete data. The model is designed to generate four categorical data (each 

corresponding to topology, metal node, organic node, and edge) simultaneously. The model is 

trained to learn the valid building block compositions from the training set, and to generate new 

compositions based on that. We referred this workflow (without SDFs) as “Building Block 

Diffusion”. The number of tunable parameters in Building Block Diffusion (790M) was set to 

comparable to that of MOFFUSION (690M). The exactly same training data was used with 

MOFFUSION, and the chemical space searchable for both workflows are identical. We assessed 

the validity, uniqueness, and novelty of 10,000 generated structures and confirmed that the original 

MOFFUSION workflow exhibits higher generation performance, as shown in Supplementary Fig. 

10. We interpret this result to indicate that representing structures using SDFs as 32x32x32 

continuous float data offers greater flexibility and a deeper understanding compared to 

representing them as discrete entities.  
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Supplementary Fig. 10. Comparison of 10,000 generated structures obtained from 
MOFFUSION and Building Block Diffusion, respectively. “V” refers to the ratio of valid 
structures, “V+U” indicates valid and unique structures, and “V+U+N” represents valid, unique 
and novel structures among the generated outputs. Further descriptions of the evaluation metrics 
can be found in the main text. Source data are provided as a Source Data file. 
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Supplementary Note #4. Details on Conditional Generation 

Supplementary Note #4-1. Conditioning of Diverse Modalities  

MOFFUSION has been tested for conditional generation targeting various data modalities, 

including numeric, categorical, and text. The model architectures of the conditional MOFFUSION 

model for each data modality are depicted in Supplementary Fig. 11, along with comparisons to 

the unconditional case. In the unconditional model, SDF and diffusion time step embedding are 

used as inputs of 3D U-Net. For conditioning on numeric data, a tensor with the same size as the 

SDF but filled with the target numeric values is concatenated to the original SDF. In the case of 

categorical data, the target category is processed with an additional embedding layer, and then 

combined with the time step embedding. For text data, SciBERT17, a pre-trained BERT model for 

scientific literature, is used for natural language processing. The processed data is further refined 

with an additional projection layer for deeper and task-specific handling of text. The obtained text 

embedding is integrated into the diffusion process using a cross attention algorithm.  
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Supplementary Fig. 11. Conditioning mechanisms across diverse data modalities. 
Architectures of diffusion models for unconditional and conditional models of numeric, 
categorical, and text data.  
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Supplementary Note #4-2. Conditioning on the Largest Cavity Diameter 

In addition to hydrogen working capacity (Fig. 3, main text), conditional generation on the largest 

cavity diameter (LCD) was tested as a representative of numeric data. The pore diameter a 

straightforward yet crucial parameter for porous materials. MOFFUSION was trained 

conditionally on the largest cavity diameter (LCD), and structures were generated with target LCD 

values of 5, 15, 25, and 35 Å for the validation. A total of 1,000 generation attempts were made 

for each target value, and distinctive distributions of LCD among generated structures with peaks 

located near the respective target values were observed (Supplementary Fig. 12). Representative 

samples were visualized as a sanity check, confirming that structures generated with larger target 

values exhibited large pore diameters, and vice versa. 
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Supplementary Fig. 12. Conditional generation on the largest cavity diameter (LCD). 
MOFFUSION was trained for the conditional generation targeted on LCD. Structures were 
conditionally generated with target LCD values of 5, 15, 25, and 35 Å. A total of 1,000 generation 
attempts were made for each target value, and the generated structures exhibited distinctive 
distributions with each peaks located near its target values. Among generated structures, 
representative samples were further visualized for a sanity check. Source data are provided as a 
Source Data file. 
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Supplementary Note #4-3. Conditioning on Metal Node Types  

In addition to topology (Fig. 4a, main text), conditional generation on metal node types was tested 

as a representative of categorical data. Examples of conditional generation for N206 and N599, 

the two most frequently appearing nodes in the database, are illustrated in Supplementary Fig. 13. 

Once users designate their desired metal node types, corresponding structures with the designated 

metal nodes were successfully generated. In a test carried out with the top 10 most frequently 

occurring metal nodes and 1,000 generation trails each, our conditional model showed a 20 % 

accuracy in generating the desired metal nodes. Considering that there are a total of 432 metal 

nodes in the database, an accuracy of 20.4 % indicates that conditional model has a high tendency 

to generate structures with the desired metal nodes during the generation process. However, the 

lower accuracy achieved compared to conditioning on topology (96.0 %) might originate from the 

fact that it is easier to capture the visual attributes of topology compared to metal nodes, as many 

metal nodes have similar geometric structures (and corresponding SDFs). In addition, the lower 

prediction accuracy of MOF Constructor for metal nodes (Supplementary Fig. 6c) would also 

attributed to the relatively lower performance of conditioning on node types. 
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Supplementary Fig. 13. Conditional generation targeting metal node types. MOFFUSION 
was tested for conditional generation on metal node types, representing categorical data. The 
conditional generation results for N206 and N599, the two most frequently occurring metal nodes 
in the database, are illustrated as examples. 
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Supplementary Note #4-4. Details on Text Conditioning  

For the text conditioning, we generated our own text database describing the characteristics of the 

structures. The text includes information about topology and the void fraction rounded up at 0.05 

(Supplementary Fig. 14a). In Supplementary Fig. 14b, we illustrate how SciBERT handles given 

texts. We monitored how the SciBERT tokenizer coverts the given text into tokens and then 

converts them back to a string. It was verified that sentences of interest are well restored, although 

there may be additional space after a float dot.  

In this work, we used a fixed text format for training to check the capability of MOFFUSION for 

the text conditioning, but there is high flexibility in preparing text data. Utilizing language models 

such as ChatGPT18 would be a considerable option for generating natural and general text. 

Furthermore, it is noteworthy that it is known that language models such as BERT still have some 

difficulties in handling numeric data written in text, especially understanding their order relations. 

Although our model showed satisfactory performance in handling void fraction data in text format, 

the development of language models in handling numeric data would improve the text conditioning 

performance in MOFFUSION as well. 
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Supplementary Fig. 14. Details on text conditioning. a. Text dataset used for training the 
conditional model on text data. The text contains information on the topology and void fraction of 
the structures. In the case of void fraction, values were rounded to the nearest 0.05 units. b. 
Examples of SciBERT tokenizer handling text. 
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Supplementary Note #5. Details on Computational Methods 

Supplementary Note #5-1. Details on Pore Structure Analysis 

Geometric analysis on the structures, including pore radius, void fraction, surface area, and pore 

volume calculations,  were carried out using Zeo++19 software. For those calculations that required 

a designated probe radius, a probe radius of 1.2 Å was used.  

 
Supplementary Note #5-2. Details on Hydrogen Adsorption Simulation 

Classical grand canonical Monte Carlo (GCMC) simulations were conducted for the calculation 

of hydrogen capacities of MOFs. Our in-house GPU code20 was used, enabling rapid calculation 

of a large number of structures in a reasonable time. It has been demonstrated in previous works 

that our GPU code accurately simulates gas adsorption behavior, aligning well with experimental 

results or conventionally used GPU code. The pairwise interactions between atoms were modeled 

using the Lennard-Jones potential, with the universal force field applied to atoms comprising 

MOFs. Hydrogen molecules were modeled using the pseudo-Feynman–Hibbs-corrected (p-

FH)21,22 united atom model. Lorentz–Berthelot mixing rule and a cutoff radius of 12.8 Å were 

imposed for the simulations and the MOF structures were deemed to be fixed. 

 

Supplementary Note #5-3. Details on Geometry Optimization 

The geometry optimization of the generated structures and those comprising training dataset was 

conducted using LAMMPS software as follow; energy minimization, relaxation of simulation box, 

and energy minimization again. Energy minimization was conducted with stopping tolerance for 

energy (Etol) of 1e-6 and stopping tolerance for force (Ftol) of 1e-8 (both are unitless). During the 
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relaxation of simulation box, the dimensions of the simulation cell was gradually adjusted to 

achieve an isotropic pressure of 0.0 with a maximum change in the cell size of 0.001 per step.  
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