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Abstract 28 

Machine learning (ML) models conƟnue to accelerate materials design and discovery. They rely on 29 

atomic/molecular-scale descriptors that represent enƟƟes used for training at the corresponding scale. 30 

However, as scales increase, descriptors must also span scales, creaƟng the “mulƟscale modelling dilemma". 31 

Here, we introduce Material Input Line Entry System (MILES) for encoding descriptors that span the micro-32 

to-macro scales. MILES encapsulates a nested series of descriptors for a range of metrics from materials, 33 

characterizaƟon, performance, or mechanical data. MILES tokens begin with a two-leƩer code that designates 34 

a property followed by its value(s). Tokens are arranged in levels in a modular structure to capture informaƟon 35 

in a MILES string. We demonstrate a transformer-based encoder that, when trained on ExCorr corrosion 36 

inhibitor database-derived MILES strings, learns latent representaƟons capturing material-, inhibitor-, and 37 

performance-dependent organizaƟon. A model trained on MILES predicts inhibitor performance on untested 38 

alloys. These results highlight MILES’s potenƟal as a materials language for ML. We also describe the soŌware 39 

tool milescoder that simpliĮes MILES encoding and decoding as well as demonstrate automated 40 

extracƟon of literature informaƟon for construcƟng MILES strings using MILES-GPT. We furthermore 41 

describe an ablaƟon study showing improved latent-space organizaƟon when MILES strings are augmented 42 

with literature-mined informaƟon.  43 
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IntroducƟon 45 

Increasingly, arƟĮcial intelligence (AI), parƟcularly the machine learning (ML) is making dramaƟc 46 

contribuƟons to materials science, from acceleraƟng design of new materials to the maintenance of industrial 47 

structures. Materials science beneĮts from leveraging the success of these powerful technologies in many 48 

other Įelds as diverse as economics and protein structure predicƟon [1, 2]. In materials science, AI and ML 49 

facilitate the design of new materials with superior properƟes for bespoke applicaƟons such as high entropy 50 

alloys [3-6], organic photovoltaic materials [7, 8], and microstructural design in Mg-Al alloys [9]. Documented 51 

applicaƟons to corrosion problems such as pipeline corrosion have increased exponenƟally between 2020 52 

and 2024 [10].  53 

The diverse successes in many branches of materials science have sƟmulated considerable interest in using 54 

these methods to Įnd beƩer corrosion inhibitors, the exemplar for this work, for a range of industrial metals 55 

and alloys [11, 12]. However, current applicaƟons of ML to corrosion (and indeed some other important areas 56 

of materials science) are sƟll limited. One limitaƟon is the use of a single metric (e.g. inhibiƟon eĸciency 57 

(%IE), inhibiƟon power (IP) or symmetrized inhibiƟon eĸciency metrics) to describe corrosion inhibiƟon 58 

performance [12-14]. These metrics are typically acquired on systems where other experimental parameters 59 

such as the metal composiƟon and surface condiƟon, electrolyte composiƟon, concentraƟon, temperature, 60 

oxygen concentraƟons, etc., are Įxed. In such studies, the ML models are trained almost exclusively on the 61 

molecular features of the inhibitor molecules and typically do not include any informaƟon on the corrosion 62 

system more generally. While these obvious simpliĮcaƟons have been useful, they are clearly only valid for 63 

metal/corrosion environment systems on which they are trained and therefore cannot generalize to other 64 

metals, alloys, or environments. They also essenƟally integrate all aspects of the surface and many aspects of 65 

the electrolyte into a single performance metric. AddiƟonally, many studies examined a small number of 66 

chemically similar inhibitor molecules that resulted in very limited ability to generalize to new inhibitors and 67 

were prone to chance correlaƟons. More recent, chemically diverse studies employed hundreds of diīerent 68 

inhibitor molecules [15, 16]. More realisƟc representaƟons of inhibitor-surface environments require the 69 

inclusion of the eīects of water (and potenƟally other electrolytes), ions, and metal/alloy composiƟons at 70 

the atomisƟc scale that capture the interacƟons between the inhibitor molecule and the surface and 71 

dissolved ions. While these interacƟons can be simulated by Monte Carlo (MC) and molecular dynamics (MD) 72 

calculaƟons, they are very Ɵme- and resource-intensive. This resource issue expands markedly as the system 73 

being modelled increases in size and number of components. Moreover, the surface layer and the bulk are 74 

usually not homogeneous, rendering the development of a digital twin mimicking real condiƟons highly 75 

challenging.  76 

Consequently, ML models of corrosion inhibitors have had only limited success because model predicƟons 77 

are only valid for the same metal or alloy and experimental condiƟons. Rolling up all the surface and 78 

electrolyte parameters into one metric is not realisƟc for training corrosion inhibitor models that can guide 79 

the design or opƟmizaƟon of beƩer corrosion inhibitors for a variety of metals under real service condiƟons. 80 

Clearly, these other essenƟal corrosion systems parameters need to be incorporated into the training of ML 81 

models to enable predicƟon of properƟes of inhibitors widely across metals, alloys, and service condiƟons. It 82 

is raƟonal to conclude that establishing correlaƟons between inhibiƟon eĸciency metrics and substrate 83 

microstructure, surface condiƟon, and electrolyte as well as inhibitor chemistry should signiĮcantly improve 84 

the predicƟve, interpretaƟve, and applicability/generalizability (across diīerent metals) properƟes of ML 85 

models.  86 

A study of the current extent of incorporaƟon of non-molecular metrics in ML models reveals a mixed story, 87 

largely due to a paucity of publicaƟons.  A review by Coelho et al. [17] examined 19 papers and found Įve 88 

reported models in which alloy composiƟon was included and two employing addiƟonal metallurgical 89 

informaƟon. Yan et al. [18] included bulk composiƟon of 18 low alloy steels in a study of marine corrosion 90 

using ML. Surprisingly, the alloy composiƟon was not found to be an important factor in corrosion 91 
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performance [19]. Similarly, Liu et al. included corrosion system metrics such as redox potenƟal, salinity, and 92 

pH, and other variables in an ML model and found the redox potenƟal to be important [20]. Rojas et al. [21] 93 

idenƟĮed the role of Ni in stress corrosion cracking (SCC) through microstructural properƟes such as heat 94 

treatment and mechanical properƟes as well chemical composiƟon. Murthy applied ML to model SCC 95 

concluding that corrosion caused acceleraƟon of SCC [22]. Wang et al. [23] provided a good overview of the 96 

synergisƟc combinaƟon of high-throughput tesƟng (including alloy fabricaƟon) for ML modelling. Zhi et al. 97 

[24] published a random forest ML modelling study of several low alloy steels (LAS) of varied alloy composiƟon 98 

and environmental exposures and found that the laƩer (parƟcularly pH) dominated performance. They also 99 

noted that lack of microstructural informaƟon limited their ability to report on this aspect in their study. 100 

Olawole et al. [25] assessed methods of determining  the important surface parameter of metal work funcƟon 101 

in training ML models of corrosion. However, many reported studies do not provide any informaƟon about 102 

the metals under study [26-29]. Elmas et al. [29] used random forest models to predict corrosion suscepƟbility 103 

in oīshore oil plaƞorms but did not include metal microstructure structure. In its absence, their data included 104 

a range of metrics capturing the inŇuence of Ɵme, environment, coaƟngs, and locaƟon on oīshore structure. 105 

The review by Anadebe et al. [30] clearly showed that, in industrial applicaƟons, the severity of environmental 106 

condiƟons, dosing, and sensor input are important metrics for ML.  107 

Other important issues are inherent in corrosion that are also issues in many other areas of materials science. 108 

One is the informaƟon gap arising from the enormous diīerences in scale between the atomic/molecular 109 

level to the working materials component level (Figure 1). This is exacerbated by the large orders of 110 

magnitude diīerences in Ɵmescales, from rapid molecular movements and reacƟons to the extended 111 

Ɵmescales over which materials degrade. Clearly, Įnding an eīecƟve way to encode these scales and surface 112 

chemistry and microstructure, electrolyte, and ions would be desirable. AƩempts to bridge these gaps have 113 

involved extending exisƟng metrics used to describe molecules to larger temporal and size scales. The 114 

extension of the InChI system for encoding molecular structures as text strings to chemical reacƟons (RInChI) 115 

[31] or the nanomaterials (NInChI) [32] are two examples. However, these approaches quickly encounter 116 

problems when the scale is extended even to the size of nanoparƟcles [32] suggesƟng that an alternaƟve 117 

approach is required. However, they provide encouragement that mulƟlevel textual strings may be a 118 

producƟve path to pursue. 119 

Corrosion, in common with other areas of materials science, also encounters issues around the quanƟty and 120 

type of data used to train ML models. One major problem is the need for expanded high throughput (HT) 121 

corrosion inhibiƟon measurement methods [33] to generate suĸcient experimental data for ML training and 122 

wider use of them. As stated, current methods commonly assess many candidate molecules on a single alloy. 123 

This only generates models for a single alloy type. For example, HT studies have been used to generate larger 124 

datasets for Mg alloys, aiming to Įnd eĸcient corrosion inhibitors [34] and for electrolyte addiƟves to support 125 

dissoluƟon control of Mg anodes for Mg-air baƩeries [35]. These models employed calculaƟons of local 126 

atomic environments using the smooth overlap of atomic posiƟons (SOAP) to explore the structure-property 127 

landscape [35-37] or molecular descriptors to predict inhibiƟon eĸciencies [15, 38-40]. While the 128 

experimental data for nine diīerent Mg alloys were available, the models were limited to one alloy in each 129 

study as the molecular descriptors and similarity values do not encode diīerences in alloy composiƟon or 130 

microstructure. As a result, the same inhibitor could be associated with up to nine diīerent labels without 131 

providing the models with the context needed to unravel the diīerences.  132 

A shortcoming of the current approach, which is a focus of this paper, is described by Winkler et al.[16]. They 133 

reported the %IE of 100 inhibitors on two Al alloys, AA2024-T3 and AA7075-T6 and developed ML models 134 

predicƟng %IE using descriptors of the inhibitor molecules alone. The most relevant descriptors diīered 135 

completely between the two alloys. This appears incongruous when the same inhibitors were used in the 136 

same electrolytes on two Al-alloys that were both over 90% α-Al. This strongly suggests that the diīerent 137 

elemental composiƟon and size, distribuƟon and electrochemical acƟvity of intermetallic parƟcles in the two 138 

alloys signiĮcantly aīected inhibitor eīecƟveness, and that inhibitor descriptors alone did not capture this. 139 
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Embedding metrics reŇecƟng the underlying microstructural elements of the substrate and spaƟally 140 

distributed surface chemistry is important and a driver for this study.   141 

  142 

Figure 1: A look at the order of magnitude of scales involved in corrosion compared with the change of scales in everyday 143 

experience. In (a-d) the change in the order of magnitude of scales has a factor of ~ 107 from the scale of the inhibitor and surface 144 

features (a), over nanoscale defects (b) and grain structures (c) to corrosion pits (d). In (e-h) the equivalent changes in order of 145 

magnitude are going from human size (e), to the Statue of Liberty (93 m)[41]  (f), the metropolitan area of Las Vegas (ca. 50 km 146 

across)[42] (g), and Įnally Amsterdam to Melbourne distance (ca. 17 000 km) (h).  147 

To address this, we describe a generalised, simple, text-based coding system for typical corrosion systems. It 148 

encodes the bulk and surface properƟes of metallic materials, inhibitors, solvents and ions, methods of 149 

corrosion inhibiƟon measurement and the degradaƟon of these materials in corrosive environments in a 150 

textual form that is suitable for training deep learning models. We aim to beƩer characterize the enƟre metal-151 

inhibitor corrosion system in a way that is useful for models to predict metal corrosion, thereby acceleraƟng 152 

the discovery of beƩer corrosion inhibitors. We have called the coding system the Material Input Line Entry 153 

System (MILES). In principle, all properƟes of the surface of the metal can be coded into a simple string format 154 

using a range of MILES tokens described below. MILES resembles the SimpliĮed Molecular Input Line Entry 155 

System (SMILES) for encoding small organic molecules, but the philosophy is enƟrely diīerent. It is closer in 156 

concept to the InChI system and its extensions that are used for encoding complex materials and reacƟons. 157 

MILES encodes material properƟes and experimental metadata across mulƟple Ɵme and length scales and 158 

can readily expand its performance metrics to cover the types and extent of corrosion problems and, 159 

importantly, materials applicaƟons more broadly. It could also provide a general machine-readable coding for 160 

experimental secƟons in papers, improving data availability, quality and uƟlity. At the molecular level it is 161 

compaƟble with SMILES and InChI, especially where complex electrolyte consƟtuents and inhibitors are 162 

encoded. 163 

Surfaces cannot be treated as extensions of simple atoms or molecules in the same sense that SMILES and 164 

InChI treat the coding of molecules. Clearly, the extensions of the InChI to RInChI or NInChI[32] are inadequate 165 

to describe a surface where electrochemical reacƟons span scales from nanometres to millimetres (Figure 1). 166 

For example, if the characterisƟc distance between an inhibitor molecule and a surface is ~ 2Å, this is seven 167 

orders of magnitude smaller than a small corrosion pit observed visually (2mm). This is illustrated in Figure 1 168 

(a – d) where the interacƟng molecule in (a) is small compared to grain boundaries and dislocaƟons in (b) and 169 

is a fracƟon of a pixel in the electron backscaƩered diīracƟon (EBSD) map in (c). We can oŌen not fully 170 

comprehend the enormity of the change of scale. If this order of magnitude is transferred to human scale 171 

(1.7 m), then seven orders of magnitude is the distance between Amsterdam and Melbourne, ca. 17 000 000 172 

m, Figure 1 (e – h). So, there is a strong need for metrics that span mulƟple orders of magnitude between the 173 

molecular scale (a) and the pit (d).  174 
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To address this “scale-gap” MILES is mulƟlayered. Its tokens, based on two-leƩer codes and numerical 175 

substrate values, capture both surface and environment informaƟon and a MILES string can also carry 176 

metadata on the experiments used to measure the property of interest (e.g., corrosion rate). Tokens are 177 

organised into independent modular levels, each opƟonal, so levels can be included or omiƩed, depending 178 

on data availability and applicaƟon. The Ňexibility of MILES and current MILES codes already makes it 179 

applicable to other areas of materials science to describe more general materials’ properƟes. We have 180 

developed a digital toolkit for encoding and decoding MILES strings, comprising the complete source code 181 

distributed as the milescoder Python package (hƩps://pypi.org/project/milescoder) as well as web-based 182 

implementaƟons of the encoder (hƩps://miles.hereon.de/encoder) and decoder 183 

(hƩps://miles.hereon.de/decoder) for direct use. We also demonstrate that the system allows the extracƟon 184 

of rich informaƟon (e.g., metal alloy composiƟons, processing condiƟons, bulk microstructures, surface layers 185 

and corrosion performance) from the literature and construcƟng MILES strings using MILES-GPT  186 

(hƩps://miles.hereon.de/miles-gpt).We further explore the potenƟal of MILES strings as a learnable materials 187 

language, showing that a transformer-based encoder can learn meaningful representaƟons of material and 188 

performance-related informaƟon encoded at diīerent levels of MILES, and that these representaƟons 189 

become more structured as the strings are enriched. 190 

Results 191 

RepresentaƟons of Surfaces for Machine Learning 192 

We begin with a general overview of how surfaces in materials science are encoded by ML models and explore 193 

their relevance to corrosion science. ComputaƟonal modelling of bulk materials properƟes by ML is generally 194 

(and historically) referred to as quanƟtaƟve structure-property relaƟonship (QSPR) models. Here, the relevant 195 

bulk properƟes (e.g., composiƟon and structure) are used in QSPR models to describe how changes in these 196 

properƟes inŇuence materials performance. On the other hand, there are many circumstances such as 197 

baƩery electrodes, catalysis and corrosion where the material properƟes of the surface are important. 198 

Corrosion is an example where processes are clearly dominated by the materials surfaces and the surrounding 199 

environment. Thus, corrosion overlaps only parƟally with other materials informaƟcs spaces because surface 200 

structure and chemistry are only indirectly related to bulk composiƟon and structure. Corrosion is closer to 201 

heterogeneous catalysis than most other Įelds. Indeed, Medford et al.[43], highlighted diīerences between 202 

catalyst performance metrics based on bulk material descriptors and those based on surface descriptors. They 203 

concluded that structure-property relaƟonships should not be trained on bulk properƟes but rather on 204 

(structure + environment) properƟes (as depicted in Figure 2) as changes in structure and environment can 205 

inŇuence reacƟon rates by several orders of magnitude. The environment in a corrosion context includes 206 

electrolyte and a changing surface structure through corrosion reacƟons.  207 

 208 

Figure 2: Process-(Structure & Environment)-Property relaƟonship based on the concepts of Medford et al. [43]. In the catalysis area 209 

Medford argues that the “structure” part of process-structure-property relaƟonships is a mixture of environment and surface. This 210 

type of approach is equally valid for a number of other Įelds including corrosion where the structure changes during the property 211 

assessment.  212 

While corrosion may resemble catalysis in terms of requiring metrics that describe surfaces, there are sƟll 213 

signiĮcant diīerences, as detailed in the Supplementary InformaƟon (SI), Table SI 1. In corrosion, local 214 

https://miles.hereon.de/encoder
https://pypi.org/project/milescoder
https://miles.hereon.de/encoder
https://miles.hereon.de/decoder
https://miles.hereon.de/miles-gpt
https://miles.hereon.de/miles-gpt
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surface reacƟons also control the reacƟvity, and the bulk structure only relates to the subsurface suscepƟbility 215 

to corrosion. Once corrosion starts, new surfaces are generated, e.g.  in pits or intergranular aƩack, that have 216 

composiƟonal and electrochemical gradients separaƟng them from the bulk electrolyte on the external 217 

surface.  218 

Another important issue is the “featurisaƟon challenge”. In catalysis the most relevant features can be diĸcult 219 

to idenƟfy. Features control fundamental catalyƟc behaviour because they involve acƟve site structures that 220 

may change under reacƟon condiƟons at the atomic and nanoscales. In corrosion, the challenge is diīerent 221 

because surface reacƟons are locally rapid, and switch at early stages from random chemical/electrochemical 222 

reacƟons to electrochemically driven highly acƟve sites. Such phenomena require metrics that capture 223 

irreversible changes with Ɵme and chemistry, calling for new descriptors applicable across Ɵme and length 224 

scales.  225 

MILES ClassiĮcaƟon System and Metrics 226 

The previous secƟon emphasizes the complexity of surface condiƟons in corrosion, idenƟfying the need for 227 

more comprehensive, relevant system descriptors or features for training ML models. Figure 3 outlines a 228 

classiĮcaƟon system for surfaces and provides a framework for discussing the development of MILES.  229 

 230 

Figure 3: Example of the increasing complexity of surfaces in going from a pure single crystal surface to a polycrystalline material 231 

which is heavily processed and contains diīerent surface microstructures and composiƟon from the bulk. As well as not accounƟng 232 

for passive layers or surface oxidaƟon, the Įgure also does not include the potenƟally numerous interacƟons with the surface by 233 

solvents, ions, inhibitors, etc. 234 

At the leŌ-hand side of Figure 3 (A metrics) describe single crystals and provide basic informaƟon about the 235 

structure of material phases. Crystal structures can be divided into seven diīerent crystal groups, but here, 236 

we focus on secƟoned surfaces denoted by the Miller and Bravais-Miller indices. BrieŇy diīerent orientaƟons 237 

have diīerent fundamental properƟes such as minimal surface energy, oxidaƟon and corrosion reacƟons. 238 

Surface properƟes clearly depend on metal type, metal–metal distances, electron conĮguraƟons, number of 239 

exposed layers (high index planes can expose atoms below the surface) etc. Single crystal alloys have the 240 

addiƟonal complexity of how the alloying elements are distributed over sites and whether they segregate or 241 

aggregate.  242 
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Next (B metrics) are polycrystalline surfaces where alloying components are in solid soluƟon. The surfaces of 243 

these materials contain individual crystals (grains) that are secƟoned randomly (except where some structural 244 

texture is present). This results in a distribuƟon of surface properƟes arising from random (stochasƟc) grain 245 

orientaƟons and therefore reacƟviƟes. Notably, Esterhuizen et al. developed a general method for calculaƟng 246 

adsorpƟon energies on surfaces for use in ML model training [44]. Polycrystalline surfaces with polyphases (C 247 

metrics) require addiƟonal descripƟons related to the structure and orientaƟon of the alio-phases, interfacial 248 

characterisƟcs, and electrochemistry between phases. Industrial processing of metals and alloys adds more 249 

complexity to the surface microstructure (D metrics). It can be seen in the columns at the boƩom of Figure 3 250 

that the number of metrics accumulates as each level of complexity is added to an ideal crystal. These is 251 

addressed in detail below and in SI. 252 

MILES Coding Principles 253 

The complexity summarized in Figure 3 suggests the need for beƩer representaƟons of surfaces and their 254 

interacƟons with exogenous materials. Given the massive increase in paƩern recogniƟon capabiliƟes of deep 255 

learning methods like transformer-based LLMs, a text-based system akin to InChI and SMILES seems sensible. 256 

However, as noted above, InChI and SMILES approaches are too local (applicable to a simple or low-257 

complexity molecule or material) to describe the spaƟal aspects of surfaces and their environments. 258 

Corrosion is not conĮned to local chemical reacƟons but is inŇuenced by electrochemistry involving electrons 259 

generated tens of microns or even meters away. Nor can these approaches eīecƟvely represent the temporal 260 

aspects of corroding systems (corroding surfaces are in a state of Ňux, with materials being consumed and 261 

new ones being created). Measurements of corrosion rate or corrosion inhibitor eĸciency are usually only 262 

taken at a single point in Ɵme. Moreover, surface electrochemistry depends on the local environment, which 263 

is itself modulated by electrochemical diīerences across the surface. These arise from surface potenƟal 264 

variaƟons caused by diīering composiƟon and crystal orientaƟons of the base metal plus inclusions, oxides, 265 

grain boundaries, adsorpƟon layers, and intermetallic parƟcles (typically 0.1 – 10 microns in size).  266 

MILES strings are divided into mulƟple levels (labelled “L<n>”, where n is the level number starƟng at zero) 267 

separated by delimiters, Figure 4. Each level is an opƟonal, self-contained module. When the MILES string is 268 

decoded, only the levels that are present are “catalogued”, thus there is no requirement for all levels to be 269 

present and Įlled. Researchers can choose the amount of informaƟon to include in the MILES string. The 270 

independence and opƟonality of the layers increase the Ňexibility of the system because new MILES levels 271 

can be added at any Ɵme for speciĮc applicaƟons, providing they conform to the master framework or 272 

ontology that deĮnes what each level should contain. For example, simple MILES strings might encode basic 273 

informaƟon on the material and performance metrics provided by the experimental secƟons of research 274 

papers. More complicated strings could, in principle, also contain rich experimental metadata (Figure 5). In 275 

this case, each datum would require a MILES string, so a paper would generate an array of MILES strings 276 

where each entry describes an individual datum. These more comprehensive strings are data-rich, making 277 

them suitable for storing large amounts of experimental data in a condensed manner. To track future 278 

developments of MILES, a version number is included at the beginning of a MILES string. Newer versions 279 

should always be backwards-compaƟble to ensure that older versions are sƟll usable. 280 

The levels contain MILES tokens deĮned by two-capital leƩer characters. Diīerent levels are delimited by the 281 

“/” symbol. These MILES tokens are then combined to form MILES strings. The currently implemented levels 282 

are as follows: L0=material, L1=metal, L2=alloy, L3=convenƟonal manufacturing, L4=electrolyte, L5=addiƟve 283 

manufacturing (current tokens are listed in SI). Note that the levels, discussed below in the context of metals 284 

and corrosion, can be modiĮed to accommodate other materials contexts. Having Įxed-length metric labels 285 

means that the MILES string can be decoded and extracted by text substring searches. The only other leƩer-286 

based codes used in MILES are for the elements of the periodic table represented by an upper/lower case 287 

two leƩer code. Single-leƩer elements such as “O”, “C”, or “S” are encoded as “Oo”, “Cc” or “Ss”, to disƟnguish 288 

them from other MILES metric labels. ExcepƟons to this rule are elements in strings, e.g., SMILES and 289 
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compound names, which are treated explicitly. Mixed rare earths use the code “Me” (from Mischmetal).  All 290 

double capital leƩer codes are followed by either another double-leƩer capital code, a number (<value>), a 291 

string or an upper/lower case code for elements. Molar concentraƟons, e.g., for composiƟons of an 292 

electrolyte, are enclosed in “[  ]” as per common usage. SMILES codes can be used to describe the chemical 293 

compounds in the electrolytes. The appearance of the next double capital leƩer code automaƟcally 294 

terminates the deĮniƟon of the respecƟve MILES token. 295 

 296 

  297 

Figure 4: Flowchart of how informaƟon is converted to MILES string using corrosion-related example levels and the types of metrics 298 

they cover (current list, over 110 tokens, is in the SI). The Ňowchart aids human interpretaƟon, but not all parts are required for MILES 299 

coding. Each level is independent and can be treated as a plug-in module. The MILES string levels are coloured according to the relevant 300 

site in the experiment (top leŌ). In this case it is for a two layered system such as galvanised product, coaƟng on a substrate or a 301 

deformed layer.  302 

 303 

 304 

 305 

Figure 5: Scope of MILES coding. In the simplest case, one type of material is tested and coded. MILES string may include informaƟon 306 

from experimental secƟons of papers and may also include characterizaƟon results (e.g., XRD, EBSD, etc) and material performance. 307 

In complex situaƟons, all results of a tesƟng campaign (varying materials and experimental condiƟons) including experimental 308 

metadata could be encoded. In this instance a series of MILES strings would need to be generated (one for each datum). In this laƩer 309 

case the MILES strings would serve more like a data storage system. The colour coding represents the diīerent levels, introduced in 310 

Figure 4. 311 

The types of data that can be incorporated into metal alloy level L2 are indicated in Figure 6. A key metric is 312 

the alloy composiƟon because this directly aīects performance. For commercial alloys, this informaƟon is 313 

available in tables in textbooks, standards documents, or websites of metal composiƟon. The commercial 314 

UNS alloy number could be used to directly obtain alloy composiƟon data and incorporate it into the MILES 315 

string using the token ‘NC’, followed by the composiƟon. In addiƟon, informaƟon about second phases or 316 

intermetallic compounds can be included. For example, for the AA2024 (UNS A92024) aluminium alloy, this 317 
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addiƟonal informaƟon will include composiƟons for hardening precipitates (HP) and dispersoids (DI) in 318 

intermetallic parƟcles (IM), as described in  319 

Table 1. 320 

Table 1: Typical alloy input tabular data encompassing the UNS number, composiƟon in at.%, hardening precipitates, IM parƟcles 321 

and dispersoids. This informaƟon can be available for automaƟc populaƟon of MILES strings. 322 

Alloy & 
UNS No 

Nominal ComposiƟon String 
At.% 

Hardening 
Precipitates 

Intermetallics 
(n) = % area of IM type 

Dispersoid 

AA2024 
A92024 

 

Cu4.3Mg1.5Mn0.6Fe0.5Si0.5Zn0.25Ti0.15 Al2Cu 

Al2CuMg 

Al2Cu(n) 
Al7Cu2Fe(n) 
Al19Fe4MnSi2(n) 

Al2CuMg (n) 
Al79Cu13Fe5Mn2Mg0.7Si (n) [45] 

Al67.7Cu3.36Fe14.29Mn6.87Mg0.43Si6.27(n) [46] 

Al77Cu10Fe7Mn5Si2(n) [45] 

Al76Cu6Fe7Mn5Si6(n)  

Al61Cu20Mg15(n) [47] 
Al51.6Cu24Mg23.5Zn0.75(n) [46] 

Al52.8Cu24.5Mg22.7(n) [46] 
Al70Cu27 (n) [47] 
Al63Cu33.8(n) [46] 
 

Al20Mn3Cu2 

  323 

 324 

Figure 6: Examples of some diīerent categories of data that could be encoded into the MILES strings for L2, comprising informaƟon 325 

about the metal alloy and microstructure. In this context we have explicitly separated Spectral, EBSD and Map informaƟon as examples 326 

of data that might be extracted using LLM Models. Thus, the examples are not intended to be a complete list but instead highlights 327 

the potenƟal widespread nature of input data. 328 

Table 2 lists some examples of MILES tokens from diīerent levels and informaƟon that can be encoded by 329 

them. The leŌ-hand column gives the token name, the middle column provides the level, and the right-hand 330 

column deĮnes the token and addiƟonal comments. The Įrst token in the table (EL) denotes the composiƟon 331 

of the electrolyte, where the chemical formula can be encoded using a SMILES format and a concentraƟon. 332 

MulƟcomponent electrolytes are constructed by using EL repeƟƟvely via the encoder described below. The 333 

second and third entries relate to grain boundary phases and grain boundary lengths. The fourth and ĮŌh are 334 

examples of tokens that share the same leƩers (IM) but are in diīerent levels so are unambiguously unique. 335 

The Įrst entry is for intermetallic composiƟons and the second is for immersion Ɵme. NC is the nominal 336 

composiƟon of a material. SM indicates that the next token will be a SMILES string followed by a concentraƟon 337 

for the compound.  Finally, LH from L5 level refers to the hatch distance used in laser powder bed fusion 338 

addiƟve manufacturing. Note, that many of these tokens are not corrosion speciĮc but relate to materials 339 

more generally, indicaƟng that MILES can be deployed more extensively in materials science. Although each 340 

level (L<n>) has its own set of tokens, the two leƩers can be reused in other levels and have a diīerent 341 

meaning because each level (delimited using “/”) contains separate instrucƟons and no ambiguity will arise. 342 

UlƟmately, the encoding process generates an alphanumeric string with delimiters “/” and “number-leƩer” 343 

boundaries.  Round “( )” and square “[ ]” brackets are also used to ensure there is no ambiguous coding. A 344 
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current list, comprising over 110 suggested tokens, is in the SI, Table SI 2. AddiƟonal tokens proposed through 345 

GitHub pull requests can be readily incorporate into milescoder and MILES-GPT tools.  346 

Table 2: Examples of MILES tokens extracted from diīerent levels 347 

Token (Metric) Level Type(s) Unit DeĮniƟon 

ELCN”name”SM”smiles”[<molarity>] L4 string 

string 

number 

– 

– 

mol/L 

Electrolyte composiƟon (EL) as a combinaƟon of 
compound names (CN), SMILES strings (SM) and 
concentraƟons given in molarity. Note: IT<medium> can 
be used for in-vitro electrolytes.  

GP<element, content>[ ] L2 string 

number 

– 

at.% 

Grain boundary phase decoraƟng the grain boundaries, 
including the phase stoichiometry / composiƟon. 

GX(L2/IMn) <value> 

GX(IM1/IM2) <value> 

L2 number 

 

m/cm2 Grain boundary length that one phase shares with a 
second phase expressed in units of m/cm2.  This type of 
informaƟon is available from EBSD. 
Here L2 is the alloy and IM1, IM2 are two intermetallic 
phases in contact with it and each other. These 
subscripted IM’s are the tokens for intermetallic parƟcle 
composiƟons stored in an array but input via the IM 
MILES code. 

IM<element, content>[ ][ ] L2 string 

number 

– 

at.% 

Intermetallic composiƟon as an array of composiƟons.  

IM<Ɵme> L4 number hours Immersion Ɵme.  

NC<element, content>[ ][ ] L2 string 

number 

– 

at.% 

 

Nominal composiƟon expressed as a series of elements 
followed by the content in at.%, e.g., Mg94.0Zn6.0. The 
element/number juncƟon is the delimiter.  

SM<SMILES>[<molarity>] L4  – SMILES string, e.g., for the components of the electrolyte 
followed by the molarity.  

LH<spacing> L5 number µm Hatch spacing for the scanning paƩern of the laser in laser 
powder bed fusion (LPBF) addiƟve manufacturing (AM). 

 348 

MILES String Examples 349 

MILES coding is exempliĮed by the case study below. A wrought aluminium alloy AA2024-T3 sheet that has 350 

been rolled, with a surface deformed layer 1.0 µm thick. It contains Al7Cu2Fe, Al2Cu, and Al2CuMg intermetallic 351 

parƟcles with a clustering index of 3 and 30% (111) and 20% (110) preferred grain orientaƟon. It has a average 352 

grain size of 5.5 µm, a grain boundary depleted zone of 2 nm, a boundary length of 6.7 m/cm2, 36% low angle 353 

grain boundaries, and Al2Cu grain boundary precipitates. The surface exhibits shingling. It has been exposed 354 

to a 0.1M NaCl electrolyte. The electrolyte contains a 2-mercaptobenzothiazole corrosion inhibitor (SMILES: 355 

C1=CC=C2C(=C1)NC(=S)S2) at a concentraƟon of 0.03M that exhibits an %IE of 70 and piƫng density of 10 356 

pits/cm2. This example corresponds to the following MILES string: 357 

0.1A/L0ME/L1Al/L2ID"AA2024-T3"IMAl70.0Cu20.0Fe10.0IMAl66.7Cu33.3IMAl50.0C358 

u25.0Mg25.0TC"T3"BL6.7GZ2.0GS5.5CO30.0(111)CO20.0(110)LA36.0IC3.0/L3DE1.0359 

SHWR/L4PR10.0ELCN"NaCl"[0.1]CN"2-mercaptobenzothiazole"SM"C1=CC=C2C(=C1)N360 

C(=S)S2"[0.03]IE70.0 361 

AlternaƟvely, none of the clustering informaƟon, EBSD, oxide informaƟon, or piƫng data may be known. So, 362 

a data-poor example for the same experiment may resemble: 363 

0.1A/L0ME/L1Al/L2ID"AA2024-T3"IMAl70.0Cu20.0Fe10.0IMAl66.7Cu33.3 364 

IMAl50.0Cu25.0Mg25.0TC"T3"/L3SHWR/L4ELCN"NaCl"[0.1]CN"2-365 

mercaptobenzothiazole"SM"C1=CC=C2C(=C1)NC(=S)S2"[0.03]IE70.0 366 
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The Įrst, informaƟon-rich MILES string uses 239 characters encoding informaƟon about the surface, 367 

electrolyte, and material performance in soluƟon; the second one uses only 180 characters, but this sƟll 368 

captures a signiĮcant amount of informaƟon about the surface, which subsequently can be decoded and used 369 

to train ML models.  370 

The MILES string captures the Įnal microstructure, the one exposed to the electrolyte, without requiring its 371 

processing history, though some manufacturing details can be included. Two further examples, for stainless 372 

steel and magnesium alloys, are given in SI. Importantly, most of the encoded informaƟon concerns material 373 

properƟes, highlighƟng how MILES could extend areas of materials performance beyond corrosion, with 374 

other performance metrics replacing corrosion rate and inhibiƟon eĸciency. 375 

Learning Textual RepresentaƟons of Materials Using MILES 376 

Since the Įrst direct use of textual representaƟons of molecules for ML models in the mid-2010s, the number 377 

of examples where SMILES and InChI have been used to generate models of molecular properƟes using deep 378 

learning algorithms and LLMs has been increasing rapidly. Much of this work on using LLMs with textual 379 

representaƟon of molecules is very recent [48-50] and many exist as preprints. SMILES is widely used in the 380 

cheminformaƟcs Įeld and there are more publicaƟons using this textual representaƟon of molecules, or 381 

variants such as BIGSMILES for polymers [51-57]. LLMs employing InChI for encoding molecules or reacƟons 382 

have also been reported [54, 58, 59]. While the examples are for small discrete molecules or polymers, they 383 

illustrate the potenƟal of LLMs to use textual molecular informaƟon to generate useful, predicƟve, 384 

quanƟtaƟve models. 385 

InformaƟon-rich descriptors such as MILES provide the necessary foundaƟon for LLMs to achieve their full 386 

potenƟal in materials-related Įelds. An LLM can capture the obvious and latent connecƟons in the encoded 387 

materials data, leading to improved predicƟon accuracy compared to models trained on simpler descriptors 388 

and/or simpler model architectures. The complex interplay of diīerent length scales in MILES promises to 389 

reveal new insights in materials behaviour, for example in corrosion. To demonstrate this, we constructed a 390 

corpus of MILES strings from the ExCorr database [12], which contains informaƟon on substrate materials, 391 

corrosion inhibitor molecules (including SMILES), experimental condiƟons, and corrosion performance. AŌer 392 

quality-control Įltering to remove entries with incomplete substrate or alloy informaƟon and invalid IE values, 393 

5,330 valid MILES strings were retained. An example of a constructed MILES string is shown below: 394 

0.1A/L0ME/L1Al/L2ID"pure"/L3EM"potentiodynamic polarization"/ 395 

L4ELCN"HCl"[2.0]CN"(2S;5R;6R)-6-[[(2R)-2-amino-2-phenylacetyl]amino]-3;3-396 

dimethyl-7-oxo-4-thia-1-azabicyclo[3.2.0]heptane-2-carboxylicacid 397 

(Ampicillin)"SM"CC1(C)S[C@@H]2[C@H](NC(=O)[C@H](N)c3ccccc3)C(=O)N2[C@H]1C398 

(=O)O"IE88 399 

Probing the staƟsƟcal learnability of MILES 400 

Lossless formats hold the same informaƟon, but they need not be equally easy to model. From the 5,815 401 

ExCorr-derived strings, we kept the 5,330 records that had valid substrates, alloys, inhibitors with SMILES, and 402 

IE values (if available). These records were wriƩen as 1) MILES, 2) JSON with MILES codes as keys, and 3) JSON 403 

with descripƟve keys. To verify that no informaƟon was lost, we converted every JSON record back into MILES, 404 

which reproduced the idenƟcal string in all cases. A character-level n-gram model (WiƩen-Bell interpolaƟon, 405 

12-character context) was trained on each format with the same three 90/10 train/test splits, and the 406 

incremental LZMA-compressed size of the test records served as an independent check. We found that JSON 407 

records were 1.6 – 2.1 Ɵmes longer, and MILES had the shortest held-out code length with both methods (see 408 

Table SI 3): the n-gram model encoded 83% and 93% of test records more eĸciently in MILES than in the two 409 

JSON formats (p < 10-48 in each split). MILES also needed the fewest tokens with three tokenizers and 410 

compressed best with six compression algorithms. Because the informaƟon is idenƟcal, these diīerences 411 

arise from the compact MILES syntax, which avoids the keys, quotes and brackets that JSON repeats around 412 
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every value. These results establish that the syntax of MILES aīects the staƟsƟcal structure of the encoded 413 

strings. However, they do not establish its uƟlity in machine learning. We therefore next invesƟgated whether 414 

a language model trained on this representaƟon captures meaningful relaƟonships among materials systems. 415 

SpeciĮcally, the MILES strings were used to train a transformer-based encoder (seed: 42) using a masked 416 

language modelling (MLM) objecƟve. ImplementaƟon details are provided in the Methods secƟon. The latent 417 

representaƟons generated using the model were subsequently used for downstream analyses, as shown in 418 

Figure 7. 419 

Latent representaƟon captures substrate- and alloy-dependent structure 420 

We Įrst examined the organizaƟon of the latent space at the substrate level (L1) using principal component 421 

analysis (PCA). ProjecƟon of the 96-dimensional latent representaƟons onto the Įrst two principal 422 

components showed that PC1 and PC2 accounted for 34.4% and 24.9% of the variance, respecƟvely (see 423 

Figure 7a, leŌ plot). Although substrate idenƟty was not used as a supervised target, the learned 424 

representaƟons exhibited substrate-dependent organisaƟon. Fe-based systems formed a disƟnct region, with 425 

a dense cluster well separated from the other substrates and a smaller group extending toward the centre of 426 

the latent space. Mg-based systems occupied a separate region characterised by high PC2 values, with a dense 427 

cluster centred at PC1 ≈ -5 and PC2 ≈ 6, and several smaller groups extending around. Al-based systems were 428 

concentrated at negaƟve PC1 values and displayed substanƟal internal structure, forming mulƟple 429 

overlapping clusters across a broad range of PC2 values. Cu-based systems occupied a more localised region 430 

within the negaƟve PC1 domain and parƟally overlapped with Al-based systems. Zn-based systems were 431 

comparaƟvely sparse because of their limited representaƟon in the dataset (37 MILES strings) and appeared 432 

within the broader Al/Cu region. This qualitaƟve observaƟon is supported quanƟtaƟvely: the latent space 433 

achieved a substrate silhoueƩe score of 0.425. The silhoueƩe score measures, for each string, its cosine 434 

similarity to its own substrate cluster versus the nearest substrate cluster, then averages across all strings; 435 

values range from -1 to 1, with higher values indicaƟng clearer separaƟon context (see the SI for the detailed 436 

quanƟtaƟve analysis). This conĮrms that the latent representaƟons were meaningfully organised by 437 

substrate. 438 

We next performed UMAP analysis (Figure 7a, right plot). The UMAP projecƟon provides a complementary 439 

view of the same latent space by emphasising local neighbourhood relaƟonships, which makes it a useful 440 

probe of the organizaƟon captured at the L2 (alloy) level. Although alloy labels were not provided during 441 

training, several alloy classes form compact and well-deĮned groups, parƟcularly within the Fe- and Mg-based 442 

families. Complete separaƟon is not observed across all alloy classes, with several groups exhibiƟng 443 

substanƟal overlap; nevertheless, the emergence of disƟnct local clusters indicates that the latent 444 

representaƟons largely capture informaƟon associated with alloy idenƟty.  445 

Latent representaƟon captures substrate/alloy-dependent inhibitor behaviour 446 

We examined the latent-space posiƟons of idenƟcal inhibitors across diīerent alloys to invesƟgate how 447 

metallurgical context inŇuences inhibitor representaƟon. We restricted the analysis to inhibitors used on at 448 

least three disƟnct alloys, yielding 1,710 MILES strings from 141 unique inhibitors. Inhibitors were ranked Įrst 449 

by the number of disƟnct substrate families covered, then by alloy count. The two inhibitors with the broadest 450 

substrate and alloy coverage are shown in Figure 7b. These were 2H-benzotriazole (BTA; 15 alloys; IE: -1372 451 

to 99.9%) and sodium octadecanoate (sodium stearate; 14 alloys; IE: -236 to 97%). AddiƟonal inhibitor plots 452 

are provided in the SI. The mean pairwise centroid dispersion in PCA space is reported in each panel Ɵtle for 453 

reference but was not used for selecƟon. Across plots, the latent-space posiƟon of the same compound 454 

shiŌed substanƟally depending on the substrate/alloy, and these shiŌs further tracked changes in inhibiƟon 455 

performance. ObservaƟons associated with corrosive or weak inhibiƟon clustered separately from those 456 

associated with strong behaviour (alloys with the highest and lowest IE are annotated). It can be argued that 457 

the observed spread reŇects random variaƟon; we therefore computed semanƟc displacement across 458 

substrate pairs: the mean of 0.115 (95% ConĮdence Interval: 0.105 – 0.124) far exceeds the permutaƟon null 459 
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mean of 0.006 (p < 0.001, based on 1,000 permutaƟons), conĮrming that these shiŌs are staƟsƟcally 460 

signiĮcant (see the SI for full quanƟtaƟve analysis). This shows that the latent representaƟons capture 461 

diīerences in inhibitor behaviour (L4) across substrate/alloy contexts (L1/L2), rather than represenƟng the 462 

inhibitor as a Įxed molecular idenƟty.  463 
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 464 

Figure 7: Self-supervised learning demonstrates that MILES has a potenƟal to be a materials language with learnable structure. (a) 465 

PCA and UMAP of latent representaƟons generated by a transformer-based encoder model trained on 5,330 MILES strings with MLM 466 

objecƟve. Without explicit supervision, latent representaƟons organise primarily according to substrate chemistry, with major 467 
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substrate classes occupying disƟnct regions of latent space, indicaƟng that the model captures underlying materials-related 468 

informaƟon directly from the MILES strings. UMAP of the same latent representaƟons coloured by alloy idenƟty. Closely related alloys 469 

cluster together while preserving global relaƟonships, demonstraƟng that alloy-speciĮc characterisƟcs are encoded within the learned 470 

latent representaƟons. (b) ProjecƟons of inhibitor latent representaƟons illustrate that the latent space captures substrate/alloy-471 

dependent inhibiƟon behaviour. The same inhibitor adopts disƟnct latent representaƟons across diīerent substrate/alloy 472 

combinaƟons, while the resulƟng clusters are further separated according to IE. The latent representaƟons are projected onto the PCA 473 

space derived from the Įltered subset. Point shapes denote the substrates and are coloured according to IE regime: corrosive (IE < 474 

0%), weak (0 – 45%), moderate (45 – 75%), and strong inhibitors (≥75 – 100%). (c) Eīect of enriching the MILES strings, speciĮcally for 475 

the two alloys AA2024-T3 and AA7075-T6, on latent representaƟon quality. The latent representaƟons learned from the ExCorr corpus 476 

exhibit weaker separaƟon of alloy regimes than those learned from the ExCorr corpus augmented using literature mining. Enrichment 477 

produces more compact and beƩer-resolved clusters, reŇected by higher silhoueƩe score and resolving power, indicaƟng that 478 

increased chemical context at the L2 level and addiƟonal tokens at the L3/L4 levels enable the MLM to learn more discriminaƟve 479 

representaƟons. 480 

To test whether the alloy-, substrate-, and inhibitor-dependent organizaƟons are learned from MILES rather 481 

than imposed by the architecture, we encoded the same strings with an idenƟcal encoder but with random 482 

weights. We found that training doubles the separaƟon of substrates (silhoueƩe 0.42 vs 0.19) and of alloys 483 

(0.58 vs 0.30). We also measured how far an inhibitor moves in latent space when we change its substrate, 484 

relaƟve to how far it moves when we replace it by another inhibitor on the same alloy. In the trained encoder 485 

this raƟo is 15.9, against 2.0 in the untrained one. These diīerences hold across three trained and Įve 486 

untrained encoders (see Table SI 4). 487 

Richer MILES strings improve latent space organizaƟon: an ablaƟon study 488 

To invesƟgate how the informaƟon content of MILES strings aīects model learning, we performed an ablaƟon 489 

study comparing the exisƟng model trained on ExCorr-derived MILES strings, which are usually sparse in 490 

nature, with a model trained on enriched MILES strings. In total, 661 enriched strings were generated by 491 

augmenƟng the ExCorr-derived MILES strings with addiƟonal informaƟon extracted from the literature using 492 

MILES-GPT for the AA2024-T3 and AA7075-T6 alloy systems. The addiƟonal informaƟon was encoded by 493 

new tokens at the L2, L3, and L4 levels, where available in the literature. An example of this enrichment is 494 

shown below. 495 

MILES String: (ExCorr): 496 

0.1A/L0ME/L1Al/L2ID"AA2024-T3"ECA2024T3/L3/L4ELCN"NaCl"[0.05]CN"3H-1;3-497 

benzothiazole-2-thione(2-mercaptobenzothiazole; MBT) 498 

"SM"C1=CC=C2C(=C1)NC(=S)S2"[0.002]IE99.53 499 

MILES String: (ExCorr + Literature Mining): 500 

0.1A/L0ME/L1Al/L2ID"AA2024-T3"EWCu4.35Cr0.10Fe0.50Mg1.50Mn0.60 501 

Si0.50Ti0.15Zn0.25Al92.05NCCu4.35Cr0.10Fe0.50Mg1.50Mn0.60Si0.50Ti0.15Zn0.502 

25Al92.05TC"T3"/L3PO"diamond"EM"potentiodynamic polarization"/L4ELCN 503 

"NaCl"[0.05]CN"3H-1;3-benzothiazole-2-thione(2-mercaptobenzothiazole; 504 

MBT)"SM"C1=CC=C2C(=C1)NC(=S)S2"[0.002]IM48.0SE3.4IE99.53 505 

Figure 7c compares PCA projecƟons of the corresponding latent representaƟons. Marker geometry denotes 506 

alloy (circles for AA2024-T3; triangles for AA7075-T6), while colour indicates IE regime as before. In the sparse 507 

MILES model, the two alloys separate along PC1 (silhoueƩe score = 0.705), but AA2024-T3 representaƟons 508 

are distributed across several sub-clusters rather than forming a single compact alloy-speciĮc region. IE 509 

organisaƟon is parƟal: weak cases are concentrated in the upper AA2024-T3 cluster, whereas strong, 510 

moderate and corrosive cases are intermixed in the lower clusters. The resolving power is 7.61, and latent 511 

displacement between alloy-speciĮc representaƟons shows no signiĮcant relaƟonship with changes in IE 512 

(Spearman's ρ = +0.170, p = 0.147; n = 74 shared inhibitors). Resolving power is the raƟo of between-alloy 513 

centroid separaƟon to within-alloy spread, where values above one indicate the model disƟnguishes the two 514 

alloys more than it scaƩers them internally. 515 
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Enriching the MILES strings modestly increases alloy separaƟon by reorganising the latent space. AA2024-T3 516 

and AA7075-T6 representaƟons separate predominantly along PC1, producing well-deĮned alloy-speciĮc 517 

regions with minimal overlap. The silhoueƩe score improved to 0.753 and resolving power to 9.28. However, 518 

the IE organizaƟon seen in the sparse model is largely retained: strong inhibitors preferenƟally occupy the 519 

lower AA2024-T3 clusters and weak inhibitors the upper cluster, whereas AA7075-T6 is dominated by weak 520 

inhibitors (85%), apart from a small cluster (n = 25) of mainly strong and corrosive cases. The correlaƟon 521 

between latent displacement and alloy-dependent changes in IE increased numerically with enrichment 522 

(Spearman's ρ = +0.170 → +0.211) but remained staƟsƟcally non-signiĮcant in both models (p = 0.147 and p 523 

= 0.071). Within-alloy dispersion decreased signiĮcantly by 18% (0.263 → 0.216; paired Wilcoxon signed-rank 524 

test, p < 0.001; 544 of 661 strings closer to their alloy centroid), while the mean per-inhibitor separaƟon 525 

between alloy-speciĮc latent representaƟons increased 3.1-fold (0.628 → 1.931). Together, these results show 526 

that richer MILES encoding increases alloy separaƟon and compactness in the latent space. As more tokens 527 

are incorporated into the strings, the latent space becomes more compact and separates material 528 

environments and performance more eīecƟvely.  529 

Using MILES strings for context-aware predicƟon 530 

A corrosion inhibitor does not have one eĸciency; it has one per treated material at Įxed experimental 531 

condiƟons. For instance, in our corpus, Benzotriazole ranges from -77 % on high-purity Mg, where it 532 

accelerates corrosion, to 100 % on Cu (symmetrised IE averaged per alloy). A representaƟon of the molecule 533 

alone, such as its SMILES, assigns the same value to every alloy and cannot express this dependence. MILES 534 

writes the material and the experimental condiƟons into the same string as the molecule. To test whether 535 

this makes inhibitor performance learnable across materials, we asked the quesƟon a corrosion scienƟst faces 536 

in pracƟce: how will a known inhibitor perform on an alloy on which it has never been tested? We selected 537 

all 141 inhibitors tested on at least three alloys (1,123 inhibitor-alloy pairs), held out each pair together with 538 

all its strings in a ten-fold split over pairs, repeated three Ɵmes, and trained a random forest on the remaining 539 

corpus (see Method secƟon for implementaƟon details). We gave the same model two inputs: the molecule 540 

alone (RDKit descriptors of the SMILES), or the full MILES string (the same descriptors together with the rest 541 

of the string read by the MLM encoder, which was pretrained on all strings with the IE values removed). For 542 

illustraƟon, we show Benzotriazole, one of the two inhibitors of Figure 7b, which is tested on the most 543 

substrates (4) and the most alloys (15). Trained on MILES, the model reproduced how its eĸciency changes 544 

from one alloy to another, including the change of sign from corrosion acceleraƟon on Mg alloys to protecƟon 545 

of Al, Fe, and Cu alloys (ρ = 0.88; Figure 8a). Across all 141 inhibitors, the predicted and measured trends 546 

correlated posiƟvely for 91 % of inhibitors (median ρ = 0.67; Figure 8b), and the model idenƟĮed the beƩer-547 

protected of two alloys in 77 % of cases; a molecule-only representaƟon cannot disƟnguish alloys (50 % by 548 

construcƟon). To put the predicƟon error in context, we compared it with two simple references on the same 549 

pairs. PredicƟng each pair from the alloy's average over other inhibitors ordered the alloys almost as well (74 550 

%; median ρ = 0.63, posiƟve for 89 % of inhibitors) but gave a mean absolute error of 39 IE points, and the 551 

model given only the molecule gave 34; with MILES the error fell to 30. MILES thus allowed a single model to 552 

combine the inhibitor with its material context: it ordered alloys as well as the alloy average while lowering 553 

the predicƟon error below both references. The largest errors remain at the extremes, where the predicƟons 554 

are compressed towards the mean, and most pairs (86 %) involve Mg alloys, for which systemaƟc mulƟ-alloy 555 

data exist.  556 

 557 
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 558 

Figure 8. A model trained on MILES predicts changes in inhibitor performance across alloys for which it has not seen the data. (a) IE 559 

of Benzotriazole on each alloy: measured values (symbols, coloured by substrate; alloy names in the same colours) and values 560 

predicted by a random forest trained on MILES strings with the respecƟve inhibitor-alloy pair hidden (line). The dashed line is the single 561 

value the same model predicts from the molecule alone. The shaded region marks acceleraƟon of corrosion (IE < 0). ρ is the Spearman 562 

correlaƟon between predicted and measured IE across alloys. (b) Spearman ρ for each of the 141 inhibitors tested on at least three 563 

alloys (ρ > 0 in blue); the verƟcal line marks the median. PredicƟons are averaged over three repeats of a ten-fold split over inhibitor-564 

alloy pairs. The MILES encoder was trained without IE values. IE is shown in its symmetrised form: IE for IE ≥ 0 and IE/(1 − IE/100) for 565 

IE < 0, so that -50 % corresponds to a doubled corrosion rate. 566 

Discussion 567 

 568 

Many complex material and surface properƟes need to be assessed in “real world” environments. Simple ML 569 

models are surprisingly good at modelling and predicƟng the properƟes of materials of diverse types in 570 

restricted domains, but they are naturally limited in their scope and applicability. The simpliĮcaƟons used 571 

result in loss of relevant informaƟon about the material and its environment. We showed that MILES strings 572 

capture many aspects of materials composiƟon, microstructure, properƟes and performance across mulƟple 573 

length and Ɵme scales. MILES strings encode both the input and output properƟes as metrics. The coding 574 

system is modular, with opƟonal modules, allowing MILES to be extended to new applicaƟons in materials 575 

science and other disciplines. The MILES tokens can be followed by a <value>, “string” or can be standalone 576 

where they deĮne a Boolean. MILES is designed to span more complex mulƟcomponent materials and much 577 

larger ranges of Ɵme and scale than NInChI. There is no clear rule for where MILES should begin and end, i.e., 578 

what informaƟon should be encoded within the strings. MILES leaves the order of Įelds within a level free; 579 

since every Įeld starts with a two-leƩer code, a tokenizer can restore a Įxed order before training, which we 580 

veriĮed on all the ExCorr-derived MILES strings. MILES is Ňexible enough that coding can be simple, for 581 

instance when capturing informaƟon from a paper's experimental secƟon. It could therefore deĮne minimum 582 

requirements for reporƟng certain data types in publicaƟons, serving as both quality control and a computer-583 

readable repository for published data (see Figures 4 and 5). Lodging this type of informaƟon is becoming an 584 
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increasingly important requirement for publicaƟon. Clearly, the concept of MILES can be adopted widely 585 

across many Įelds. The current MILES tokens could also be extended to include important metadata such as 586 

names of instrument manufacturers and details of instrument operaƟng condiƟons. In this spirit, interfaces 587 

and plugins could also be developed to connect MILES with Electronic Lab Notebooks and exisƟng materials 588 

databases, allowing available experimental data to be automaƟcally converted into MILES strings. A signiĮcant 589 

advantage of a system like MILES is that papers could provide an easy-to-read machine format for searching 590 

and reporƟng. Discussions with the community about introducing new MILES tokens and/or levels will be 591 

accomplished via the MILES project GitHub.  592 

One limitaƟon of the current version of MILES is the normalizaƟon of quanƟĮable enƟƟes. MILES currently 593 

assumes that a given quanƟty is represented using a consistent unit (see the SI for the unit associated with 594 

each descriptor). However, the same quanƟty may be reported in the literature or databases using diīerent 595 

units. This requires either a normalizaƟon step within the informaƟon extracƟon workŇow or post-processing 596 

using tools such as grobid-quanƟƟes [60, 61]  and ontologies such as QUDT [62].  597 

For ML modelling of corrosion, we have shown how MILES strings can provide informaƟon or features, i.e., a 598 

tag for a property, variable, and performance metric. When these MILES tokens are combined into complex 599 

MILES text strings, they contain informaƟon on the underlying alloy and its microstructure, the electrolytes 600 

to which it is exposed, its performance, and details of the experimental condiƟons at which the properƟes 601 

were measured. Our results demonstrate that this informaƟon can be learned by transformer-based 602 

encoders, with the resulƟng latent representaƟons capturing substrate- and alloy-dependent structure and 603 

changes in material behaviour across experiment environments. Furthermore, the ablaƟon study provided 604 

an eīecƟve demonstraƟon of the potenƟal of the MILES concept. The lack of a signiĮcant improvement in 605 

agreement with IE changes may be due to limited sample data (only 74 shared inhibitors), the encoder's 606 

capacity, or the need for further enrichment of the MILES strings. These factors remain to be explored in 607 

future work. However, it already shows how the ability of language models to learn meaningful 608 

representaƟons of materials can be improved by augmenƟng MILES strings with addiƟonal informaƟon, 609 

moƟvaƟng the research community to further develop the MILES framework. Beyond learning 610 

representaƟons, MILES strings can be used directly for predicƟon. Given MILES strings instead of the molecule 611 

alone, a standard random forest predicted how an inhibitor performance changes across alloys for which it 612 

had not seen the data, including the change from corrosion acceleraƟon on Mg alloys to protecƟon of Al, Fe, 613 

and Cu alloys. This informaƟon is lost when inhibitors are described by their molecular structure alone. These 614 

results are a Įrst proof of concept, obtained with sparse strings and a small encoder; we expect the predicƟve 615 

performance to improve as MILES strings are enriched with further informaƟon, such as alloy composiƟon 616 

and microstructure, and as more data points become available. CollecƟvely, these Įndings support the central 617 

premise of MILES as an extensible materials representaƟon and demonstrate its potenƟal as a materials 618 

language. By providing a common language for encoding materials and experimental context, MILES creates 619 

a framework for further language-model development, including masked-token predicƟon and condiƟonal 620 

generaƟon of MILES strings, forming the basis of future generaƟve materials design and modelling. 621 

Current advances in ML are rapidly unlocking the full potenƟal of textual representaƟons. LLMs can process 622 

complex, informaƟon-rich inputs and can idenƟfy deep underlying relaƟonships between materials, surface 623 

informaƟon and performance metrics. LLM-based interfaces such as MILES-GPT can be used to extract 624 

relevant surface informaƟon from mulƟple sources, such as research papers, and process it into MILES strings, 625 

opening the pathway not only for a new form of data storage, but for the generaƟon of truly FAIR data: data 626 

that is Findable, through deĮned tokens and metadata; Accessible, via machine-readable formats and open 627 

interfaces; Interoperable, through consistent use of ontologies and shared data logics; and Reusable, by 628 

ensuring rich contextual informaƟon enabling reproducibility and integraƟon across studies. We have 629 

demonstrated this using a proof-of-concept employing the MILES encoder. In this way, large amounts of data 630 

required for training ML models can be automaƟcally generated from available data sources, thus reusing the 631 

results of previous research. Future research will target the automaƟc extracƟon of more complex 632 
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informaƟon, such as EBSD data. By including surface informaƟon, models trained on these informaƟon-rich 633 

descriptors could make more broadly general predicƟons, e.g., on the corrosion behaviour for diīerent 634 

substrates, as opposed to mulƟple surface-speciĮc or alloy-speciĮc models as is currently the case. Although 635 

we have exempliĮed MILES for inhibitor assessment in corrosion control, the framework oīers a new 636 

paradigm for encoding, storing, and modelling materials data more broadly. 637 

Methods 638 

MILES Tooling 639 

Naturally, manual conversion of experimental data into a MILES string would be arduous. The variety of 640 

surface metrics would render the process rather complicated and compiling the tokens by hand would be 641 

prone to errors. For a standardized conversion, digital tools have been created that help with the encoding, 642 

decoding, and usage of MILES strings. The digital tools are accessible on GitHub via 643 

hƩps://github.com/MILES4Materials. Over Ɵme, the tools will be updated with new features, and new tools 644 

will become available. Users from the community will also have the chance to implement new tokens for their 645 

speciĮc use cases. Further documentaƟon will be shared in the web applicaƟon and the GitHub repository. 646 

For direct encoding, the surface data can be entered using a web applicaƟon (hƩps://miles.hereon.de) that 647 

converts this informaƟon in real-Ɵme into a usable MILES string. Dedicated forms are organised according to 648 

the layered structure of the MILES string itself. The input data is structured as JSON and sent to a backend 649 

where it is processed into the Įnal string format. Analogously, a given MILES string can be decoded to JSON 650 

output or an LLM-generated textual summary. The backend uses our developed Python package 651 

milescoder that provides some basic operaƟons for MILES, including encoding from (JSON to string) and 652 

decoding (from string to JSON), and can be accessed via PyPi or the MILES project on GitHub. The user can 653 

install the package via pip for direct use in their workŇows to process MILES strings for their own ML 654 

applicaƟons. For further informaƟon, please refer to the GitHub repository. 655 

Data Mining for Metric ExtracƟon from the literature 656 

To build ML models that can accurately predict across diīerent substrates, surface condiƟons, and 657 

environments, the informaƟon-rich nature of MILES strings provides greatly enhanced amounts of data for 658 

training. Recent advancements in data mining, speciĮcally rapidly increasing capabiliƟes of LLMs, suggest they 659 

may also be useful for generaƟng MILES strings from informaƟon in corrosion papers, and more generally in 660 

materials science. Several works describe real or potenƟal data mining approaches for the corrosion literature 661 

[12, 63] and curated machine-readable inhibitor databases, such as CORDATA [64] and ExCorr [12], have 662 

beneĮted from these eīorts. LLMs are increasingly used to extract informaƟon automaƟcally from 663 

publicaƟons generally. PaƟny and Godin recovered FAIR (Findable, Accessible, Interoperable, Reusable) data 664 

from journal arƟcles, validaƟng extracted molecular properƟes with cheminformaƟcs tools [65]. Jami et al. 665 

built CCU-Llama by pretraining and transfer-learning Llama-2 on carbon capture and uƟlisaƟon arƟcles 666 

retrieved through the Elsevier API, then queried it for technology and impact informaƟon [66]. Ansari and 667 

Moosavi developed Eunomia, in which an LLM plans and executes extracƟon tasks using external tools which 668 

matched or exceeded Įne-tuned methods without task-speciĮc training [67]. To address the mulƟfactorial 669 

nature and complex interconnecƟons of scienƟĮc content, current research also focuses on mulƟmodal 670 

informaƟon extracƟon, retrieving data not only from text but also from Įgures and tables [68]. Busch et al. 671 

benchmarked general-purpose and domain-speciĮc LLMs for predicƟng magnesium dissoluƟon modulator 672 

eĸciency, Įnding GPT-4o outperformed the neural-network baseline model, while a domain-speciĮc 673 

chemical LLM showed essenƟally no correlaƟon with experiment [69]. 674 

A potenƟal workŇow is to Įrst ingest a research paper, which is usually available in JATS-XML or PDF format, 675 

into a standardized machine-readable format, such as TEI [70] or the S2ORC-based JSON format [71]. The 676 

process requires an appropriate parser, e.g., GROBID [60] for PDF-to-TEI conversion. In parallel, a PydanƟc 677 

https://github.com/MILES4Materials
https://miles.hereon.de/
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model and the corresponding JSON schema can be deĮned, conforming to the MILES descriptors. The next 678 

step is to develop an LLM agent to extract enƟƟes deĮned in the PydanƟc-based JSON schema from the 679 

machine-readable content of the literature. In this regard, the agent can leverage the structured output 680 

mechanism to ensure that the generated output follows the JSON schema. Besides this, the agent requires a 681 

suitable prompt that deĮnes a set of rules and possibly incorporates few-shot examples to guide the 682 

extracƟon. For example, the extracƟon rouƟne must not infer values that are not available in a paper or 683 

should carefully disambiguate named enƟƟes into an array of MILES strings when mulƟple data points (sets) 684 

are available. Our developed MILES-GPT service conceptually follows the above-described rouƟne. In simple 685 

terms, it takes a research paper as input and automaƟcally processes it into one (or mulƟple) JSON Įle(s), 686 

which are then converted into MILES strings.  687 

Processing research papers in this manner could help to extract MILES-related metrics, e.g., alloy 688 

composiƟons such as those determined by the researcher. Three studies by Laleh et al.[72], Zhang et al.[73] 689 

and Peng et al. [74] serve as proofs-of-concept for surface informaƟon extracƟon from research publicaƟons 690 

and its automaƟc conversion to MILES strings. For informaƟon extracƟon, we have used sub-rouƟnes from 691 

the tool scilitminer developed by some of the co-authors [75]. It allows diīerent LLMs (both open-692 

source and proprietary) to be used, as well as custom JSON schemas and system prompts. In the following 693 

example, we use GPT-4.1 as the underlying LLM. Figure 9 shows a Ňowchart for the diīerent ways to encode 694 

or decode surface informaƟon in MILES. The latest version of the extracƟon logic is available as MILES-695 

GPT(https://miles.hereon.de/miles-gpt).  696 

 697 

One example is provided to showcase the extracƟon quality. In the study of Zhang et al.[73], a binary Mg-Zn 698 

magnesium alloy and pure Mg were studied as degradable biomedical implant materials. Processing the 699 

respecƟve publicaƟon as PDF, results in a list of Įve MILES strings provided below.  700 

0.1A/L0ME/L1Mg/L2ID"Mg6Zn"EWFe0.0038Si0.0016Ni0.0005Cu0.0005Al0.0085Mn0.0701 

004Zn5.621Mg94.3642NCMg97.5Zn2.5NWMg94.0Zn6.0/L3HT"annealing"TI2.0TE350.0702 

HAAr999900.0EG18.8YM42.3YS169.5AB"SiC"1200BE8.0EM"direct"ET250.0CAEXWR/L4703 

CR0.2VO20.0ELCN"NaCl"[0.116]CN"CaCl2"[0.0018]CN"KCl"[0.0054]CN"MgSO4"[0.0704 

01]CN"NaHCO3"[0.0262]CN"Na2HPO4"[0.00089]CN"NaH2PO4"[0.00021]PH7.44PH9.32705 

VA20.0ET37.0IM72.0SE1.0 706 

 707 

0.1A/L0ME/L1Mg/L2ID"Mg6Zn"EWFe0.0038Si0.0016Ni0.0005Cu0.0005Al0.0085Mn0.0708 

004Zn5.621Mg94.3642NCMg97.5Zn2.5NWMg94.0Zn6.0/L3HT"annealing"TI2.0TE350.0709 

HAAr999900.0EG18.8YM42.3YS169.5AB"SiC"1200BE8.0EM"direct"ET250.0CAEXWR/L4710 

CR0.07VO20.0ELCN"NaCl"[0.116]CN"CaCl2"[0.0018]CN"KCl"[0.0054]CN"MgSO4"[0.711 

001]CN"NaHCO3"[0.0262]CN"Na2HPO4"[0.00089]CN"NaH2PO4"[0.00021]PH7.44PH9.3712 

2VA20.0ET37.0IM720.0SE1.0 713 

 714 

0.1A/L0ME/L1Mg/L2ID"Mg6Zn"EWFe0.0038Si0.0016Ni0.0005Cu0.0005Al0.0085Mn0.0715 

004Zn5.621Mg94.3642NCMg97.5Zn2.5NWMg94.0Zn6.0/L3HT"annealing"TI2.0TE350.0716 

HAAr999900.0EG18.8YM42.3YS169.5AB"SiC"1200BE8.0EM"direct"ET250.0CAEXWR/L4717 

CR2.32IM1344.0IV"rabbit"IW"bone" 718 

 719 

0.1A/L0ME/L1Mg/L2ID"Mg"EWMg99.99NCMg100.0NWMg100.0/L3AB"SiC"1200/L4CR0.43720 

VO20.0ELCN"NaCl"[0.116]CN"CaCl2"[0.0018]CN"KCl"[0.0054]CN"MgSO4"[0.001]CN721 

"NaHCO3"[0.0262]CN"Na2HPO4"[0.00089]CN"NaH2PO4"[0.00021]PH7.44PH9.22VA20.722 

0ET37.0IM72.0SE1.0 723 

0.1A/L0ME/L1Mg/L2ID"Mg"EWMg99.99NCMg100.0NWMg100.0/L3AB"SiC"1200/L4CR0.1V724 

O20.0ELCN"NaCl"[0.116]CN"CaCl2"[0.0018]CN"KCl"[0.0054]CN"MgSO4"[0.001]CN"725 

NaHCO3"[0.0262]CN"Na2HPO4"[0.00089]CN"NaH2PO4"[0.00021]PH7.44PH9.22VA20.0726 

ET37.0IM720.0SE1.0 727 

 728 

https://miles.hereon.de/miles-gpt
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The extracted informaƟon was split into mulƟple datasets, diīerenƟaƟng between in vivo (MILES string three 729 

above) and in vitro tesƟng, for Mg6Zn alloy and pure Mg (strings four and Įve). The alloy elemental 730 

composiƟon was correctly idenƟĮed, and the Mg “balance” value was correctly resolved to the corresponding 731 

weight percent in the composiƟon. Nominal composiƟon is correctly presented using at.% and wt.%. The 732 

electrolyte temperature, iniƟal pH and volume to surface area raƟo were correctly idenƟĮed. The pH value 733 

aŌer the in vitro tests was captured correctly when it was directly stated in the text (MILES string two, above) 734 

but misinterpreted when only an intermediate value was described in the text (MILES string one, above).  The 735 

electrolyte composiƟon was correctly converted to mol/L from the g/L given in the original paper. Mechanical 736 

properƟes were correctly extracted from tables together with other speciĮcs concerning the manufacturing 737 

process. Corrosion metrics were also extracted, including correct informaƟon regarding the corrosion rate 738 

(CR) result from several tesƟng condiƟons (in vitro vs in vivo, electrochemical measurement vs immersion test 739 

and immersion Ɵme 3 vs 30 days).  740 

 741 

Similar levels of success arise for other studies. For example, Laleh et al. [72], studying the grain boundary 742 

character distribuƟon in an austeniƟc stainless steel, found that the extracted data was correctly split into as-743 

built and annealed condiƟons. However, processing of very complex grain informaƟon, e.g., grain interfaces, 744 

graphical results etc., could not be fully captured and demands further development. A third study by Peng 745 

et al. [74] compared the inhibiƟon performance of two novel rare-earth complexes with the well-researched 746 

corrosion inhibitor lanthanum 4-hydroxycinnamate, La(4-OHcin)3, on AS1020 mild steel. MILES-GPT was 747 

able to correctly idenƟfy results for blank and inhibited condiƟons together with the respecƟve corrosion 748 

inhibiƟon performance. Other extracted informaƟon is shown as MILES strings in the SI. It is noteworthy that 749 

in all studies, reasonable informaƟon could be extracted and converted. The extracƟon logic correctly 750 

idenƟĮed alloy and electrolyte composiƟons, diīerent datapoints, and most experimental condiƟons and 751 

properƟes from text and tables.  752 

 753 

Figure 9: Flowchart for encoding and decoding surface informaƟon using the MILES digital tools. For encoding and decoding, input 754 

data can be directly processed via the web app or Python API. Input data can also be generated by extracƟng relevant informaƟon 755 

from PDFs using the LLM-service MILES-GPT. 756 

This feature will be helpful for building meaningful training corpora for ML models. Although MILES-GPT is 757 

sƟll under development, and current limitaƟons exist, such as consecuƟve extracƟon runs generaƟng slightly 758 

diīerent MILES strings and maximum output token limit, its capabiliƟes already allow relevant data to be 759 

collected from research papers and subsequently used for training ML models. The maximum output limit of 760 

32,768 tokens in GPT-4.1 resulted in truncated data. However, this limitaƟon is largely addressed in the newer 761 

models that allow substanƟally higher output tokens, e.g., GPT-5.2 oīers 128,000 tokens. One possible 762 
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pracƟcal soluƟon to miƟgate this eīect could also be limiƟng the to-be-extracted metrics to a domain-763 

relevant, user-deĮned selecƟon, which we plan to implement in the future. Other limitaƟons include 764 

extracƟng mulƟ-modal data; some inconsistency in extracted results; and generaƟon of error staƟsƟcs. The 765 

iniƟal implementaƟon is limited to textual and tabular informaƟon. Furthermore, the LLM and manual input 766 

of MILES tokens make no explicit assumpƟon about the nature of the staƟsƟcs of the performance metric. It 767 

is expected that this will, most commonly, be the average of performance data, but, equally, it could be an 768 

individual performance datum. The staƟsƟcs of the measurement using higher moments of a sample 769 

distribuƟon such as the standard deviaƟon are not currently employed but are under consideraƟon by the 770 

authors, as is consideraƟon of the errors in the measurements. Despite these limitaƟons, MILES-GPT already 771 

enables the automaƟc extracƟon of MILES-related metrics, which will signiĮcantly ease the use and 772 

adaptaƟon of the MILES format. In the future, it shall be possible to also extract relevant informaƟon from 773 

Įgures, where certain graph types, e.g. EBSD data, are automaƟcally idenƟĮed as such and processed 774 

accordingly. In this study, we have assessed the literature mining-constructed MILES strings qualitaƟvely; the 775 

underlying informaƟon extracƟon framework was evaluated quanƟtaƟvely in previous work [76], at both the 776 

unique-experiment-set and Įeld levels, in the creep domain. This framework is a mulƟagent system that 777 

enables ontology-guided structuring and reŇexive valuaƟon for consistent outputs and eīecƟve 778 

disambiguaƟon of mulƟple datasets [76].  779 

Masked Language Modelling for MILES 780 

To exemplify MILES, we used the ExCorr database, a curated collecƟon of corrosion inhibiƟon experimental 781 

data, such as inhibitor chemistry, substrate materials, experimental condiƟons, and corrosion inhibiƟon 782 

performance [12]. For example, a record in the database describes the use of carboxymethyl cellulose (IUPAC: 783 

aceƟc acid;2;3;4;5;6-pentahydroxyhexanal) as a corrosion inhibitor for pure Al in a 0.5 M H₂SO₄ corrosive 784 

medium. The corrosion IE was reported as 40% at an operaƟng concentraƟon of 0.1 mM using the 785 

potenƟodynamic polarisaƟon method. The molecular structure of the inhibitor was represented by the 786 

SMILES string of the repeaƟng unit CC(=O)O.O=CC(O)C(O)C(O)C(O)CO. AddiƟonal metadata included the 787 

publicaƟon source. 788 

Each ExCorr entry was converted into a MILES string that encodes both molecular and experimental 789 

informaƟon. To ensure data quality, MILES strings were Įltered using a set of validaƟon rules. SpeciĮcally, 790 

only entries containing valid substrate and alloy idenƟĮers were retained. Entries with unknown substrates 791 

or unknown alloys were removed. AddiƟonally, IE values were validated, retaining only entries with IE values 792 

less than or equal to 100%. AŌer applying these Įltering criteria, a total of 5,330 valid MILES strings remained 793 

for model training. 794 

We tokenised these MILES strings with a structure-aware scheme that keeps the main parts of each record 795 

intact. The tokenizer Įrst separates hierarchy markers, quoted text, and bracketed blocks, then splits the 796 

remaining segments into meaningful units, such as alloy codes, inhibitor names, concentraƟons, and 797 

experimental condiƟons. This preserves the experimental structure without forcing a rigid handwriƩen 798 

grammar. Each string was converted into a token sequence and mapped to a Įxed vocabulary with reserved 799 

padding, masking, and unknown tokens. Sequences were limited to 64 tokens, suĸcient to cover the full-800 

length distribuƟon while keeping the input compact. The representaƟon therefore preserves both local 801 

content and broader experimental context. The encoder model was implemented as a lightweight 802 

transformer architecture with learned token and posiƟonal embeddings of dimension 96. The model 803 

consisted of two transformer encoder layers with four self-aƩenƟon heads per layer and a feed-forward 804 

network dimension of 192. A dropout rate of 0.1 was applied throughout the network to improve 805 

generalizaƟon. We trained the model using an MLM objecƟve, in which 15% of tokens were randomly 806 

selected for masking. MLM is a self-supervised training objecƟve where a model hides a random sample of 807 

input tokens and learns to predict the original tokens using bidirecƟonal context. OpƟmizaƟon was performed 808 

using AdamW with a learning rate of 3 × 10⁻⁴ and a weight decay of 1 × 10⁻². Training was conducted with a 809 

batch size of 32 for up to 150 epochs, and 10% of the dataset was held out for validaƟon. The learning rate 810 

schedule employed 200 warmup steps followed by cosine decay. Early stopping, with a paƟence of 15 epochs, 811 
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was used to prevent overĮƫng and select the best-performing model. During training, padding tokens were 812 

masked from the aƩenƟon mechanism so that they did not inŇuence the learned latent representaƟons. AŌer 813 

training, the best-performing encoder was used to generate a 96-dimensional latent representaƟon for each 814 

of the 5,330 MILES. The Transformer produces token-level representaƟons, which were mean-pooled across 815 

non-padding and non-mask posiƟons to obtain a single representaƟon for each MILES. 816 

For downstream analysis, the trained encoder was used to generate a latent representaƟon 817 𝑧 ∈ ℝ૬૩ 818 

for each MILES string. Prior to dimensionality reducƟon, latent representaƟons were standardised using 819 

feature-wise z-score normalizaƟon, 820 𝑧̃ = 𝑧 − μσ  821 

where μ  and σ  denote the mean and standard deviaƟon computed for each latent dimension across all 822 

MILES strings. The standardised latent representaƟons were subsequently analysed using PCA and UMAP. 823 

Formally, given an input token sequence ݔ = ,1ݔ) … ,  was randomly selected for 824 ܯ ௡), a subset of tokensݔ

masking. The model was trained to predict the original idenƟƟes of the masked tokens by minimising the 825 

cross-entropy loss 826 ℒℳℒℳ = − ∑|ܯ|1 logܲ( ௜ݔ ∣∣ ெ∖ݔ )௜∈ெ  827 

where ݔ∖ெ denotes the parƟally masked sequence and ܲ(ݔ௜ ∣∣ ெ∖ݔ ) is the predicted probability assigned to 828 

the original token at posiƟon ݅. 829 

Property PredicƟon using MILES 830 

To exclude IE informaƟon from the input, the IE token was removed from all 5,330 strings and the encoder 831 

was retrained with the protocol described above. Token representaƟons were mean-pooled within each 832 

MILES level (L1 – L4) and concatenated (384 dimensions). A random forest regressor (scikit-learn; 300 trees, 833 √݌ features per split; where p is the number of input features, minimum two samples per leaf, n_jobs = -1, 834 

random_state = 0) was trained on two inputs: the molecule alone (217 RDKit 2D descriptors and a 1,024-bit 835 

Morgan count Įngerprint, radius 2) or the same molecular features combined with the MILES representaƟon. 836 

We selected the 141 inhibitors tested on at least three alloys (1,710 MILES strings, 1,123 inhibitor-alloy pairs). 837 

Each inhibitor-alloy pair was held out with all its strings, including strings of the same molecule on that alloy 838 

listed under another name, and the model was trained on the remaining strings with a measured IE (ten-fold 839 

split over pairs, three repeƟƟons). As a reference, each held-out pair was also predicted by the mean IE of its 840 

alloy in the training data. Performance was evaluated using the mean absolute error of the symmetrised IE, 841 

the Spearman correlaƟon ρ across the alloys of each inhibitor, and the fracƟon of alloy pairs (|ΔIE| ≥ 10) for 842 

which the beƩer-protected alloy was correctly idenƟĮed. 843 

Code Availability 844 

The code repositories for the web applicaƟon (hƩps://miles.hereon.de), the digital tools are available under 845 

the GitHub organizaƟon MILES4Materials (hƩps://github.com/MILES4Materials) and the source code 846 

distributed as the Python package (hƩps://pypi.org/project/milescoder). The data that is used in this study 847 

is openly available at hƩps://excorr.web.app/database. 848 
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